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Abstract 

Water Resource Recovery Facilities (WRRF) are becoming vulnerable to new factors that 

generate increasingly dominant stressors. These novel stressors have emerged rapidly, such 

as climate change and the COVID-19 pandemic, causing dynamic and environmentally 

damaging WRRF process failures. Also, the safety factors used to increase the ‘resilience’ 

of UK wastewater systems (some dating back to the 18th century) has, in some cases, been 

eliminated. As a result, severe pollution incidents have increased in the UK (>400 serious 

pollution incidences occurred between 2015 and 2021).  

Without the funding and expert knowledge available to evaluate these dynamic, novel and 

rapidly emerging stressors, UK water companies have failed to secure the long-term 

‘resilience’ of their assets and infrastructure. Existing WRRF resilience approaches focus on 

theoretical scenarios outside of actual operational WRRF data. This can lead to a detached 

view of resilience, with numerous iterations required to simulate scenarios and can also be 

computationally intensive. Therefore, monitored WRRF performance variables should be 

investigated in spatial and temporal dimensions to be analysed as 'dynamic resilience'. It 

may then be possible to shift ‘resilience’ simulations to a real-time system that evaluates the 

dynamics of resilience in response to novel ‘dynamic’ stressors. 

This research proposes the novel concept of ‘dynamic resilience’ for WRRF systems and 

processes, which separates stressors from ‘process stresses’ to quantify each within discrete 

and global process boundaries. The concept of ‘process stress’ was first verified in a survey 

of international wastewater professionals and then tested using Monte Carlo simulations 

(case study 1). Two further case studies were performed using actual WRRF data to visualise 

‘dynamic resilience’ as a contoured heat map or Self Ordering Window (SOW). These case 
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studies demonstrate that any WRRF system with suitable data logging frequencies could 

incorporate the principles of ‘dynamic resilience’.  

Overall the methodologies presented in this Thesis demonstrate the possibility of moving 

toward real-time ‘dynamic resilience’ observations. These methods could also be applied to 

high-value product streams such as oil, gas and chemical industries, where increasing 

‘resilience’ could reduce system downtime and consequential losses. 
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“Fall in love with some activity, and do it! Nobody ever figures out what life is all about, 

and it doesn't matter. Explore the world. Nearly everything is really interesting if you go into 

it deeply enough.” 

(Richard P. Feynman) 
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Notation 

𝑏𝐻  Decay coefficient for heterotrophs (d-1) 

BOD5  Biochemical Oxygen Demand performed over five days (mg L-1) 

COD  Chemical Oxygen Demand (mg L-1) 

*CVH  Coefficient of variance for heterotrophs 

*CVQ  Coefficient of variance for influent flow 

D  Dilution rate (h-1) 

*Df  Dominance factor 

DO  Dissolved Oxygen (mg L-1) 

HRT  Hydraulic Retention Time (h) 

J  Solids flux (kg m-2 h-1) 

MAPE  Mean Absolute Percentage Error (%) 

MLSS  Mixed Liquor Suspended Solids (mg L-1) 

NH4
+  Ammonium ion (mg L-1) 

NRMSE Normalised Root Mean Squared of Error 

NTU  Nephelometric Turbidity Unit 

pF  Probability of a process failure 

*pFLT  Probability of failure (lower tier) 

*pFUT  Probability of failure (upper-tier) 

Pr  Prominence of event 

*𝑃𝑆𝐼  Process Stress Index 

RAS  Recirculated Activated Sludge (mg L-1) 

Rdeficit  Resilience Deficit 

Rduration  Resilience Deficit 

Rel  Process reliability 
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*RelLT  Process reliability (lower-tier) 

*RelUT  Process reliability (upper-tier) 

Rpsp  Process efficiency of primary sedimentation 

*RRT  Relative Retention Time (h) 

𝑟𝑆𝑠  Conversion rate for soluble substrate (g m-3 h-1) 

*𝑆𝐼  Stressor Index 

SOR  Surface Overflow Rate (m d-1) 

SRT   Solids Residence Time (d) 

𝑆𝑠  Soluble substrate (g COD. m-3) 

TN  Total Nitrogen (mg L-1) 

TSS  Total Suspended Solids (mg L-1) 

WAS  Wasted Activated Sludge (mg L-1) 

XBH  Concentration of heterotrophs (g. m-3) 

XBA  Concentration of autotrophs (g. m-3) 

𝑌𝐻  Heterotrophic yield coefficient (g cell COD formed (g cell COD oxidised)-1) 

𝜌1  Process rate for aerobic growth of heterotrophs (g m-3 h-1) 

𝜌4  Process rate for hydrolysis of entrapped organics (g m-3 h-1) 

�̂�𝐻  Maximum specific growth rate for heterotrophs (d-1) 

*Proposed novel parameter resulting from this research 

Note: specific symbols associated with numerical equations have been described in the text of this Thesis. 
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Abbreviations 

ASCE  American Society of Civil Engineers 

AS  Activated Sludge 

ASM  Activated Sludge Model 

BSM  Benchmark Simulation Modelling 

CAS  Conventional Activated Sludge 

CBR  Case Based Reasoning 

CHP  Combined Heat and Power 

CSO  Combined Sewer Overflow 

CWS  Centralised Water Systems 

*DDRA Discrete Dynamic Resilience Analysis 

DL  Deep Learning 

DPSIR  Driver Pressure State Impact Response 

DWF  Dry Weather Flow 

DWS  Decentralised Water Systems 

EDSS  Environmental Decision Support System 

EQI  Effluent Quality Index 

EIA  Environmental Impact Assessment 

E-PWM Extended-Plant Wide Modelling 

FFT  Full Flow to Treatment 

FOG  Fat Oil and Grease 

GDS  Goal Dependency Structure 

*GDRA Global Dynamic Resilience Analysis 

GHG  Greenhouse Gas Emission 

GRA  Global Resilience Analysis 
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IRML  Integrated Resilience-oriented Modelling Language 

ISE  Ion Selective Electrode 

MCS  Monte Carlo Simulation 

ML  Machine Learning 

MLE  Modified Ludzak Ettinger 

NGO  Non-Governmental Organisation 

OCI  Operational Cost Index 

PDF  Probability Distribution Function 

PE  Population Equivalent 

PESTEL Political Economic Technological Environmental Legal 

PS  Process Stress 

PSP  Primary Sedimentation Process 

PWM  Plant Wide Modelling 

RAG  Resilience Assessment Grid 

RCP  Representative Concentration Pathway 

SAF  Submerged Aerated Filter 

SS  Secondary Sedimentation 

STAMP System Theoretical Accident Model and Process 

*SOC  Standard Operating Condition 

*SOW  Self Ordering Window 

SPM  Systemic Potentials Management 

TF  Trickling Filter 

TIV  Time In Violation 

UDS  Urban Drainage System 

UWWS Urban Waste Water System 
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WFD  Water Framework Directive 

WRRF  Water Resource Recovery Facility 

*Proposed novel abbreviation resulting from this research 
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Two extended abstracts were submitted and accepted for the International Symposium on 

Water Systems Operations 1) and the European Wastewater Management Conference 2). 

Both included an oral presentation and publishing an extended abstract in the conference 

proceedings. The strategy for the two conferences was to provide a peer review of the 

methods generated for the evaluation of ‘dynamic resilience’ for WRRF and investigate the 

broader impact of the research for industry and academia. To raise awareness of WRRF 

resilience modelling and collaborate with other institutions, the author of this Thesis 

organised an international webinar through the International Water Association (IWA) 

specialist group on Modelling and Integrated Assessment Specialist Group (MIA SG). The 

webinar was aimed to broaden the impact of the research presented in this Thesis and 

collaborate with other research institutions on WRRF resilience modelling. Overall, both the 

conference contributions and webinar contributed to understanding the broader impact of 

this research from an academic and industrial perspective. 
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Press releases 

Following the publishing of the final publication featured in Chapter 7, the University of Portsmouth 

press office wrote a press release which resulted in the following media activity: 

Press release 04/08/22: University of Portsmouth 

https://www.port.ac.uk/news-events-and-blogs/news/experts-warn-that-climate-change-is-

threatening-the-resilience-of-uk-wastewater-infrastructure 

Press release 04/08/22: Southern Water 

https://www.southernwater.co.uk/the-news-room/the-media-centre/2022/august/climate-

change-a-threat-to-wastewater-infrastructure 

Press release 20/09/22: University of Portsmouth 

https://www.port.ac.uk/news-events-and-blogs/news/university-of-portsmouth-research-

used-in-white-paper-to-improve-wastewater-treatment-facilities 

Media activity 

1. BBC Radio Solent – live discussion with the host on the impact of climate change 

on UK wastewater infrastructure. 

2. BBC South Today – live mention of the research on how climate change threatens 

the resilience of wastewater infrastructure. 

3. Wave 105 – pre-recorded discussion on the impact of climate change on the 

resilience of wastewater in the UK. 
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Chapter 1 
 

 

1. Introduction 

1.1. Research rationale 

Globally, water companies are facing unprecedented challenges. Extreme events now 

frequently occur due to factors such as rapid population growth, climate change, and novel 

events (COVID-19) (Office for National Statistics, 2021; Sweetapple et al., 2022). Despite 

stark early warnings from Meadows et al. (1972) and other world scientists, some fifty years 

on, we are now experiencing some of the environmental, economic and societal predictions 

at an ever-increasing rate (Alvarez-Pereira et al., 2022). A concerning example of projected 

‘stressor’ significance is evidenced in the most recent Intergovernmental Panel on Climate 

Change (IPCC) report (Pörtner et al. 2022). The report states with high confidence that 

climate change will likely cause infrastructure and flood-induced damage, along with 

increased migration and displacement, such as that observed with the Russian invasion of 

Ukraine. These predicted factors generate stressors that compound existing dynamic stresses 

introduced internally from the deterioration of wastewater infrastructure, and externally 

when generated wastewaters exceed the capacity of Water Resource Recovery Facilities 

(WRRF). 

The primary concern is the instantaneous and dynamic volumetric changes in wastewater 

generated from infiltration and urban runoff into combined sewers during events. Most 

significantly, when experiencing high-intensity rainfall, biological WRRF systems are less 

protected from Combined Sewer Overflows (CSO), causing possible WRRF washouts. 
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Additionally, screened sewage could be discharged when storm tanks reach capacity 

increasing the potential for serious pollution incidents (Gov.UK, 2020). However, the 

opposite can also occur where sewage strength increases during the extended dry periods 

resulting from climate change; and can temporarily exceed WRRF treatment capacity (Abily 

et al., 2021; Sjerps et al., 2017). These conditions ultimately result in pollution incidents that 

have recently attracted significant media attention in the UK (Challis, 2021; Matthews, 

2021). However, the factors (that occur in the catchment) that result in stressors are rarely 

mentioned, along with any process stresses generated leading to reported events.  

When these possibly damaging events are combined with under-investment (Bayliss, 2014) 

of the eleven UK water companies since their privatisation in 1989, severe operational 

challenges have been observed, shifting from a proactive model to a reactive one. This has 

resulted in infrastructure damage (Campos & Darch, 2015), notwithstanding the risk to the 

environment and lives. Additionally, more stringent permitted treatment standards are being 

imposed by regulators, and significant fines are being issued (£102 million in 2022) 

(Gov.UK, 2022). Therefore, recognising the dynamics of stressors and the resultant process 

stresses is central to understanding and possibly predicting the ‘dynamic resilience’ of 

WRRF systems and processes. Additionally, it could assist in reducing pollution events 

associated with WRRF systems operating with limited ‘resilience’ to exceptional events. 

For WRRF systems and processes, stressors can be divided into two categories, those 

generated externally (factors occurring in the wastewater catchment) and internally due to 

events or operational management practices, but both generate ‘process stress’. As shown 

in Fig. 1.1-1, external stressors are related explicitly to wastewater generation, such as 

changes in consumer behaviour, enforced lifestyle modifications (COVID-19), climate 

change, industrialisation, and global population growth. Indirect stressors are internally 
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focused on the infrastructure/assets used to transport and treat wastewater (Butler et al., 

2014). 

Industrialisation Population growth

Climate change

Direct 
external
Stressor
(cause)

Process stress
(effect)

Climate change

Behavioural change

Indirect 
internal
Stressor
(cause)

Asset deterioration

Poor maintenance

Mechanical failures

Operational fundingPoor design/operability

External system factors Internal system factors

 

Fig. 1.1-1 Diagram showing factors and their manifestation as stressors (cause) and ‘process stress’ (effect) as ‘dynamic 

resilience’. 

Process stress occurs at the WRRF system level, resulting from direct and indirect stressors. 

For example, when a process encounters an external ‘stressor’ (high-intensity rainfall) due 

to climate change, the process reacts, exhibiting physical or biological stress. Internal 

stressors differ, relating to human intervention or the lack of it when considering poor 

maintenance practices. Ultimately, whether direct or indirect, most of the stressors that cause 

process stresses in wastewater infrastructure and treatment assets have anthropogenic 

origins. If nothing is done to characterise/communicate these unique stressors and process 
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stresses, then future generations will be unable to manage the changes brought about by 

climate change, population growth, behavioural changes and industrialisation at a WRRF 

system level. 

1.1.  Research aims and objectives 

This research aims to develop and evaluate a novel approach that sequentially characterises 

and analyses the ‘dynamic resilience’ of WRRF systems under standard operation and in 

response to external stressors. 

To satisfy the aim, the following objectives have been compiled: 

1. Systematically review the literature relating to the ‘resilience’ and ‘dynamic 

resilience’ of WRRF and associated processes. 

2. Investigate the industrial/academic perception of ‘dynamic resilience’ and how it 

relates to WRRF process-related ‘stress’. 

3. Propose an indexing system to evaluate ‘dynamic resilience’ and quantify the 

magnitude of variation for stressors and ‘process stress’. 

4. Develop and evaluate a methodology that simulates and visualises the dynamic 

variations of resilience based on standard modelling practices. 

5. Develop a model to assess the potential of using actual WRRF data to analyse the 

‘dynamic resilience’ of a WRRF in response to extreme external stressors. 

6. Validate both methods developed through engaging with international practitioners 

and academics. 
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1.2. Thesis structure 

This Thesis has nine Chapters of research with three subdivisions (background, method 

development and reflection), as shown in Fig. 1.2-1. Chapter 1 to 4 provides the introduction 

and background Section, a review of relevant literature, research strategy and the results of 

an international survey of wastewater treatment experts. Chapters 5 to 7 propose methods 

that start with evaluations of iterative methodologies before moving on to simulations using 

actual WRRF instrument data. Chapter 8 provides a general discussion, which includes the 

results of a second international survey, and Chapter 9 conclusions and future perspectives.  

Thesis structure

Chapter 1: Introduction
Background and rationale for the research presented in this Thesis.

Chapter 4: International expert interviews
Survey of international experts on the concept of  dynamic resilience  

Chapter 5: State based process stress analysis
Case 1: state based methodology using Monte-Carlo simulations.

Chapter 6: Discrete dynamic resilience analysis
Case 2: using actual WRRF data to simulate discrete  dynamic resilience  

Chapter 7: Discrete and global dynamic resilience analysis
Case 3: using actual WRRF data to simulate discrete and global  dynamic resilience  

Chapter 9: Conclusions and future perspectives
Concluding remarks on the impact, limitations and future perspective of the research.

Chapter 2: Literature review
Critical review of the literature to put the research in context. 1) Introduction, Background and context: 

rationale, context and strategy

2) Method development and case studies:
sequential method development

3) Reflective discussion, conclusions and 
future research perspectives:
reflection and future research direction

Chapter 8: General discussion
Reflective discussion on the research completed.

Chapter 3: Research strategy
Strategy for conducting the research in this Thesis.

Appendix: Supplementary information
Information, data and ethical considerations not essential to the Thesis narrative. 4) Supplementary information

 

Fig. 1.2-1 The structure of the Chapters in this Thesis. 



36 

 

The list below gives an overview of each Thesis Chapter and how it sequentially contributes 

to the research novelty: 

1. Chapter 1: “Introduction” provides the research rationale and proposed impact, 

including a statement of aims and associated objectives. 

2. Chapter 2: “Literature review” presents a critical review of relevant publications 

relating to the subject matter. 

3. Chapter 3: “Research strategy” provides the overarching strategy for the research 

presented in this Thesis. 

4. Chapter 4: “Results of the international survey of wastewater professionals”, 

presents the results of an international survey demonstrating engagement with 

industry and academia. 

5. Chapter 5: “Case study 1: results of state-based dynamic resilience analysis method 

development”, presentation and evaluation of state-based methods for the analysis of 

‘dynamic resilience’. 

6. Chapter 6: “Case study 2: results of discrete dynamic resilience analyses using actual 

WRRF flow data” presents discrete methods for analysing ‘dynamic resilience’ using 

actual WRRF flow data. 

7. Chapter 7: “Case study 3: results of discrete and global dynamic resilience analyses 

using multiple variables from WRRF instrument data”, a complete WRRF model for 

testing ‘discrete’ and ‘global’ ‘dynamic resilience’ using five years of actual WRRF 

data. 

8. Chapter 8: “General discussion”, an overarching discussion of the research 

completed and ‘dynamic resilience’ methods presented in this Thesis. 
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9. Chapter 9: “Conclusions and recommendations”, an overview of the conclusions 

and limitations of proposed methods in this Thesis, including proposals for future 

research. 

1.3.  Peer-reviewed article contribution to Thesis Chapters 

The structure of this Thesis follows the development of four peer-reviewed journal papers 

produced as outputs from this research. The strategy behind the papers was to first aggregate 

knowledge of ‘process stress’ from subject matter experts, then demonstrate and evaluate 

the conceptual basis for ‘dynamic resilience’. The first article (see Chapter 4) reports the 

results of a survey completed on international water professionals, academics, consultants 

and operational staff. It provided a conceptual understanding of ‘process stress’ and 

‘dynamic resilience’, including any analytical software tools used. The second article (see 

Chapter 5) investigated ‘state-based’ Monte-Carlo methods to identify ‘process stresses’ in 

primary sedimentation processes and presented the fundamental methodology for ‘dynamic 

resilience’. The third publication (see Chapter 6) develops the conceptual, analytical 

methodology for the Discrete Dynamic Resilience Analysis (DDRA) of WRRF unit 

processes by combining actual instrument data and mechanistic modelling to produce Self 

Ordering Windows (SOW). The fourth publication (see Chapter 7) extends DDRA to 

incorporate data-driven mechanistic and empirical models for the Global Dynamic 

Resilience Analysis (GDRA) of an entire WRRF. Overall, the publications provide the 

narrative for this Thesis while framing the contribution to knowledge consecutively. 

The additional Thesis chapters (see Chapters 8 and 9) then discuss the research before 

concluding the research and making recommendations. The discussion and conclusions also 

partially feature in the IWA Digital Water Specialist Group White Paper and book entitled 
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“A strategic digital transformation for water utilities”, which speculates on possible future 

research contributions. 
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Chapter 2 
 

 

2. Literature review 

The previous Chapter provided the research background and rationale for the research 

presented in this Thesis. This Chapter has been structured in four parts, starting with 1) the 

theory and definitions associated with resilience, 2) the factors that influence WRRF 

systems, 3) the stresses associated with WRRF systems and processes, and 4) the simulation 

and modelling strategies used for WRRF processes. These parts are followed by a summary 

and conclusions of the literature review. A list of Sections in this chapter are included below: 

1. Introduction – identifies broad factors and stressors occurring globally that 

influence the resilience of WRRF and associated processes. 

2. Resilience fundamentals and theory – appraises the fundamental theory associated 

with ‘resilience’, exploring existing methodologies and the paradigms of 

‘ecological’ and ‘engineering’ resilience. 

3. Relevant definitions and terminology of resilience – analyse the definitions of 

resilience and how they link to key concepts and theories. 

4. Factors resulting in stressors in WRRF systems and processes – investigates the 

factors associated with the manifestation of stressors in WRRF systems are 

investigated along with their inter-relationships. 

5. Stresses associated with WRRF systems and processes – explores the conceptual 

basis for stress and possible differences in how it is measured and perceived for 

biological wastewater systems. 

6. Simulation and modelling strategies for WRRF – investigate existing numerical 

modelling strategies used to model WRRF systems and processes. 
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7. Literature review summary and conclusions – reflect on the main findings of the 

literature review and conclusions. 

8. Knowledge gaps identified – present tabulated knowledge gaps and numeric 

identifiers for referencing throughout this Thesis. 

9. Research questions identified – present tabulated research questions with numeric 

identifiers for referencing throughout this Thesis. 

2.1. Introduction 

WRRFs have long operational lives, often extending beyond the original design intent. Over 

time WRRF systems become increasingly vulnerable to dynamic stressors that emerge at 

various rates. Examples of stressors include climate change, urban creep and previously 

unknown events such as the modification to human behaviour seen during the global 

COVID-19 pandemic (Gude & Muire, 2020). Already, these stressors have led to extreme 

stress on WRRF, resulting in severe pollution events (Matthews, 2021). Additionally, in their 

review of water company business plans, Ofwat (2019) identified that only two of the eleven 

UK water companies provided evidence to demonstrate their ability to secure the long-term 

resilience of assets and infrastructure.  

Wastewaters are transported to a WRRF via a complex network of sewers, pumping stations 

and overflows. These discrete elements act together as a system, described by Meadows, 

(2008) as “elements or parts coherently organised or interconnected in a pattern or 

structure”. This underlying pattern or structure in wastewater infrastructure is often 

unknown due to modifications or retrofitting, which introduces significant uncertainty for 

scenario-based modelling (Sriwastava et al., 2021). At the end of these often-uncharted 

sewers networks are WRRFs, which take varying volumes and concentrations of wastewater 

directly from a catchment through combined or separated sewers. Therefore, a WRRF acts 
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as the last system before environmental discharge. This increases its vulnerability to external 

threats or perturbations generated in sewerage catchments, resulting from societal 

behavioural modifications, climate change and industrial growth. When these factors 

combine with the under-investment evidenced by Bayliss (2014), catastrophic process 

failures have increased environmental pollution (Challis, 2021). Therefore, as stressors 

generated in wastewater catchments become more frequent and dynamic, measuring their 

‘magnitude’ and ‘effect’ at the WRRF should be considered to investigate the stress placed 

on unit processes during stressors. 

2.1.1. Literature review aims and objectives 

The Sections listed above have the combined aim of critically appraising the literature and 

identifying specific knowledge gaps. These sections have been separated into two objectives, 

and the associated research questions are shown below: 

1. Objective 1: Identify the rationale for evaluating dynamic changes in resilience specific to 

wastewater infrastructure and WRRF 

• What are the present and emerging factors that threaten the resilience of wastewater 

infrastructure and WRRF? 

• How are these threats to resilience measured, and to what extent are they dynamic? 

• Can any pre-existing ‘dynamic resilience’ methods be used, or could they be adapted 

for use with WRRF systems and processes? 

 

2. Objective 2: Investigate knowledge gaps in the literature 

• What are the current methods used to analyse dynamic changes in resilience? 

• What is dynamic about resilience, and how could it be modelled or measured? 
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2.2. Resilience for WRRF systems and processes 

This Section starts with an overview of the fundamental theories of socio-ecological and 

engineering ‘resilience’ and how it has progressed towards approaches for managing urban 

wastewater systems, with some specific studies on WRRF processes. It then discusses 

relevant approaches used for modelling WRRF resilience and topographical studies 

associated with the visual representation of resilience. 

2.2.1. Resilience fundamentals and theory 

2.2.1.1 Fundamental theories associated with resilience 

The word resilience dates back to the 1620s, described as the ‘act of rebounding’, so the 

ability to recover from an event (Harper, 2019). By definition, ‘rebound’ indicates a 

deviation from an initial reference position (i.e. a performance-based state variable) which 

must be reconciled for an event of process change to be complete. The original research of 

Holling (1973) focuses on the socio-ecological aspects of resilience, providing the 

fundamental theories on the stability and resilience of ecological systems, using the analogy 

of a frictionless pendulum to describe modifications to predator-prey populations. The 

position of the pendulum reflects the interaction between the two variables (predator-prey 

(x, y)) over time and is referred to as the ‘state space’ (Fig. 2.2-1). For example, if predators 

increase, prey may encounter a significant population decline and would be displayed in the 

state space. The time plane (z-axis), as shown in Fig. 2.2-1, charts the oscillation frequency 

toward an equilibrium state (if external factors remain the same). Therefore, a system-level 

view of ‘ecological resilience’ describes the resilience to instabilities before conditions shift 

to an entirely new state space, such as when predators outnumber prey or vice versa. These 

concepts also apply to biological wastewater processes, which replicate the behaviours of 
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‘ecological resilience’ when predatory protozoa consume microbes or fast-growing bacteria 

such as heterotrophs outcompete slow-growing autotrophs (maximum growth rate (𝜇𝐻) 8 x 

autotrophs). Conventional assessments of microbial interactions often focus on adaptations 

of concentration-time (control plots) without considering a possible aggregation of the 

Holling-based states or phases as a third dimension which reflects changes in resilience over 

specified times.  

 

Fig. 2.2-1 Interaction of two populations (x, y) to generate a phase plane extracted from Holling (1973). 

An extension of Holling’s ‘ecological resilience’ further was the recognition of ‘engineering 

resilience’, which focuses on system control close to an optimum condition to provide 

constancy and predictability. Holling (1996) describes this as maintaining the ‘efficiency’ of 

a function, whereas ‘ecological resilience’ maintains the ‘existence’ of a function. It is 

believed that biological wastewater treatment processes indeed encounter both ‘ecological’ 

resilience driven by external changes from the sewerage catchment (dilution, toxicity or 

invasive microbial species and novel stressors) and ‘engineered’ resilience from the 

management of performance efficiency internal to biological wastewater systems (see also 

Section 2.2.2.1 on ‘ecology’ and ‘engineering’).  
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Fig. 2.2-2 illustrates the later mechanical ball analogy that Holling (1996) presented, where 

a ‘stressor’ influences the ball's position in the state space. The diagram shows that the 

mechanical ball will seek the local minimum equilibrium point by gravity. In Fig. 2.2-2, the 

example of an ecological system is shown as a), where the mechanical ball has moved from 

the original equilibrium state to a completely different equilibrium state on the stability 

curve. However, ‘engineered resilience’, as shown in Fig. 2.2-2, applies interventions or 

mitigations to maintain a service level, ensuring the system outcomes are predictable. Unlike 

ecological systems, engineered systems, such as wastewater treatment systems, typically 

experience iterative and controlled interventions, which aim to prevent a wastewater 

treatment plant from descending to a low stability level (Juan-García et al., 2017). 
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Fig. 2.2-2 Modified steady-state and influence of interventions in a) ecological systems and b) engineered systems. 

Adapted from Holling (1996). 



45 

 

2.2.1.2 Panarchy and adaptive cycles 

Panarchy is a concept initially developed by Gunderson & Holling (2002) to characterise 

adaptive cycles in socio-ecological systems. Panarchy is shown in Fig. 2.2-3 based on four 

phases, the first (r) of which is ‘rapid growth’, in biological wastewater systems, this may 

be the proliferation of microbes in a new system (the early adopters). The second phase (K) 

is the ‘conservation’ phase when the growth rate slows and stabilises as microbial 

populations approach equilibrium. During this phase, there is an increased reliance on 

existing structures and the system; becomes more vulnerable to external threats. This could 

be analogous to adaptions to the relatively constant daily substrate and temperature 

variations leading to ecological unpreparedness to the unpredictable ‘black swan’ events in 

a biological wastewater process. The next phase, ‘release’ (Ω), occurs when the system 

resilience is eliminated (e,g, extreme climatic impacts or toxicity in WRRF systems); this 

causes destruction (lysis), accumulation or release of microbes into the environment. The 

last phase, ‘renewal’ (α), is re-organisation, where following the catastrophic event, 

dominant microbes re-organise and start the slow process toward stability or equilibrium. 

Although not explicitly related to biological wastewater systems, the panarchial cycles can 

relate to the associated closed ecology for events that occur outside what would be 

considered normal or standard.  
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Fig. 2.2-3 The graphical depiction of panarchy, with resilience represented as the third dimension of an adaptive cycle. The 

diagram shows an expansion and contraction of ‘resilience’ during the adaptive cycles. Diagram extracted from Gunderson 

& Holling (2002). 

Outside of the four phases in Fig. 2.2-3, ‘resilience’ varies during the adaptive cycle. For 

example, resilience reduces toward K, where the seemingly stable system becomes more 

vulnerable to external threats. This is an interesting observation from Gunderson and is that 

the closer a system is to stability, the more vulnerable it becomes. This can be observed in 

WRRF systems such as AS systems or other biological reactors, which appear to be stable 

(i.e. maintaining effluent compliance) but become more exposed to external factors (e.g. 

climate change or shock loads). This raises the question, ‘are closed and heavily controlled 

WRRF systems resilient, and how might resilience change in response to events, even 

insignificant ones?’. 
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Overall, the diagram of panarchy in Fig. 2.2-3 well represents phases of instability or 

precariousness that are ‘rapid growth’ and the decline following a period of ‘conservation’. 

Similarly, WRRF systems will likely also experience these cycles where following rapid 

growth, equilibrium occurs, controlled by a system of mechanical equipment. However, an 

event that eliminates resilience can then occur, and the closed process ecology is 

deconstructed, leaving only the infrastructure (in a very extreme and catastrophic event). 

However, a biological system incorporating some form of monitoring or analysis could offer 

insights into designing specific knowledge-based interventions that efficiently utilise the 

adaptive capacity. 

2.2.1.3 Failure magnitudes and resilience 

The term ‘magnitude’ appears in much of the literature related to Urban Wastewater Systems 

(UWWS), WRRF and Urban Drainage Systems (UDS) (Butler et al., 2014, 2016; Francis & 

Bekera, 2014; P Juan-García et al., 2017; Mugume et al., 2015; C Sweetapple et al., 2016). 

The consensus from the literature in this area is that ‘magnitude’ is a scalar metric for the 

extent of service level failure in UWWS, WRRF and UDS in response to a particular event. 

This ‘magnitude’ is typically coupled with event duration to understand the ‘severity’ as the 

area under the resilience to a ‘stressor’ plot shown in Fig. 2.2-4. This approach assumes that 

some standard condition is constant, which can be helpful for demand-based systems, such 

as the supply of potable water, which can maintain some form of constancy. 
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Fig. 2.2-4 Resilience to a ‘stressor’ presented by Juan-García et al. (2017) adapted from Mugume et al. (2015). 

However, state variables related to WRRF process performance can experience diurnal 

variation and extreme stochastic changes in the wastewater catchment. This means that 

standard operation and system shocks are dynamic and can influence multiple variables. 

Authors such as Martin & Vanrolleghem (2014) have endeavoured to simulate various 

dynamic influent conditions to understand different hypothetical conditions (Talebizadeh et 

al., 2016). However, these simulations can only generate influent conditions that reflect 

some of the variation experienced in wastewater networks and may not accurately simulate 

extreme events. A possible solution could be using sewer network or WRRF data to 

investigate the actual conditions that cause disturbances and the nuances associated with 

various wastewater catchments. However, further research is required to evaluate; 1) any 

limitations associated with using actual wastewater monitoring data and 2) whether it is 

feasible to measure resilience from existing wastewater infrastructure or WRRF data. 
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2.2.1.4 Resilience approaches in urban water management 

The Safe and SuRe approach provides a holistic framework for classifying intervention 

strategies. The framework aims to give decision-makers improved clarity for making 

informed choices based on interventions' that consider reliability, resilience and 

sustainability. As shown by the ‘top-down’ approach in Fig. 2.2-5, which is directional, and 

when followed clockwise, it shows the progression of a ‘threat’, the effect on a ‘system’, the 

‘impact’ it has (i.e. unpredicted discharge), and the possible ‘consequences’ (pollution 

event). The interventions occur between each stage of threat progression. (system to 

consequences). They start with ‘mitigation’, focussing on addressing the link between the 

‘threat’ and the ‘system’ attempting to reduce the magnitude and duration of the threat. The 

subsequent intervention ‘adapts’ the system to reduce service level failure or impact and is 

followed by the possibility of ‘coping’ with, or preparedness to reduce the consequences. 

Finally, ‘learn’, possibly the most substantive and challenging intervention, is the generation 

of knowledge associated with the negative consequences. This could be the development of 

robust data such that the good and bad outcomes can be communicated. Despite the 

importance of this intervention, it is often overlooked in operational WRRF systems as the 

outcomes can be complex and are possibly challenging to communicate to operational staff 

and management. 



50 

 

 

Fig. 2.2-5 Safe & SuRe interventions framework extracted from (University of Exeter, 2016). 

Outside of the ‘top-down’ approach, shown in Fig. 2.2-5, Table 2.2-1 shows the other 

directions that can be used to classify different intervention strategies. The second approach 

in Table 2.2-1 is ‘middle states’, which focuses on adapting the system to reduce the impact 

(e.g. the alternative management of stormwater to reduce the impact of CSO spills). It 

considers only those events that cause a level of service provision failure (i.e. in the case of 

a WRRF system, a breach in permitted discharge conditions). The ‘middle states’ approach 

also focuses on ‘stress’ as a measure of the middle state, with zero ‘stress’ as some reliable 

condition considered normal or standard. This ‘stress’ also grows in magnitude as the 

system's performance deteriorates (Diao et al., 2016; Sweetapple et al., 2018) and has been 

successfully applied in large hypothetical urban water distribution systems. However, there 

is little evidence in the literature to indicate how academics, water company professionals, 

practitioners and those operating and maintaining WRRF systems interpret process-related 

stress in WRRF systems. Therefore, further research is required to investigate ‘what 
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constitutes process-related stress in WRRF systems?’ and the potential strategies for 

characterisation. 

Table 2.2-1 Resilience approaches in urban water management, adapted from Butler et al. (2014) and Butler et al. (2016). 

No Approach Sequential description Intervention 

framework 

categories 

Intervention Sequence 

1 Top-down Similar to conventional 

risk analysis: assessing 

the probability of a 

threat, then assessing 

its effects 

1) Threat 

2) System 

3) Impact 

1a) Mitigate 

2a) Adapt 

3a) Cope 

Linear-down 

2 Middle based Considers failure 

modes within the water 

system: response of 

level of service 

provision failure. 

1) System 

2) Impact 

 

1a) Adapt 

 

Linear-down 

3 Bottom-up Focuses on increasing 

resilience in the face of 

threats, impacts and 

uncertainties. 

1) Consequences 

2) Impact 

3) System 

1a) Cope 

2a) Adapt 

3a) Mitigate 

Linear-up 

4 Circular Considers threats, 

system impacts and 

consequences as part of 

a circular arrangement. 

1) Threat 

2) System 

3) Impact 

4) Consequences 

1a) Mitigate 

2a) Adapt 

3a) Cope 

4a) Learn 

Bi-directional 
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The third approach in Table 2.2-1 is ‘bottom up’, which focuses on the consequences of 

events at the other end of a system. It focuses on the ‘vulnerabilities’ and how systems can 

‘cope’ by increasing resilience. In a WRRF system, regulatory agencies might reduce 

permitted discharge concentrations to avoid damage to the aquatic environment. Finally, a 

circular approach would be considered ideal, considering all categories (i.e. threats, system, 

impact and consequences). Despite the circular approach having the potential to provide 

significant success but depends on the ‘flexibility’ of the category interface and the overall 

‘stiffness’ (i.e. whether the data collected operationally in WRRF systems is appropriate for 

learning as an intervention). 

Overall, the Safe and SuRe approach provides a comprehensive framework for decision-

makers when applying interventions and may not be appropriate for complex adaptive 

systems, as noted by Butler et al. (2016). One of the main challenges identified was the 

possibility of learning from the consequences, and it seems evident that UK water companies 

are struggling with this, particularly when applying interventions to secure the long-term 

resilience of their WRRF systems and processes. It should also be noted that as a threat 

progresses, many interactions with the system or threat are anthropogenic, requiring a 

manual transaction or a combined understanding, mainly when the ‘learn’ intervention is 

considered. Therefore, it is important to understand and embed good working practices at an 

organisational level, but this information is mainly unknown for WRRF systems. However, 

an investigation of WRRF data could offer insights into whether it is possible to learn or 

generate knowledge of past events outside of the transactional, operational uses.  
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2.2.1.5 The resilience of complex interconnected systems (system safety) 

Complex interconnected systems are now common throughout engineering disciplines such 

as automotive and aerospace. These systems usually have an operational safety risk 

associated with their operation. The resilience of these systems has been described by 

Hollnagel (2022) as “A system is said to perform in a manner that is resilience when it can 

sustain required operations under both expected and unexpected conditions by adjusting its 

functioning prior to, during, or following events (changes, disturbances and 

opportunities).”. Therefore, the definition is embedded in ‘resilience engineering’ and is 

characterised by Systemic Potentials Management (SPM) and is known as the Resilience 

Assessment Grid (RAG), which has been successfully proposed by Rodríguez et al. (2020) 

for assessing water company business plans. The SPM methodology is based on the 

Functional Resonance Analysis Method (FRAM) and the aspects located on each hexagon 

node (Fig. 2.2-6). 
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Time
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Output

ControlTemporal conditions that 
affect how the function is 
carried out

Whatever starts the function 
or is transformed to produce 
the output.

Conditions that can be fulfilled 
before a function can be 
carried out

Whatever is needed or 
consumed by the function.

That which is the result of a 
function having been carried 
out.

Whatever supervises or 
regulates the function.

 

Fig. 2.2-6 FRAM analysis methodology shows definitions for all aspects required to perform a function, adapted from 

Hollnagel & Slater (2018). 
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The FRAM methods focus on system functions as an aspect of the system, as shown in Fig. 

2.2-7. The diagram shows the interconnections between core system functions such as 

‘monitor’, ‘respond’, ‘learn’ and ‘anticipate’. These functions are common with most 

interconnected systems, proposing a best practice for systems engineering. The general 

premise is that when a system is ‘monitored’, data is generated and raises alarms that initiate 

a ‘response’ to regain control of a system. The two other functions, ‘learn’ and ‘anticipate’, 

largely depend on the data quality and whether it is possible to use it after generation. 

However, for WRRF systems and processes, operational data is unlikely to be used to ‘learn’ 

and anticipate events, with the pollution events reported by the Environment Agency (2019). 

Therefore, the diagram in Fig. 2.2-7 may be somewhat aspirational for UK water companies, 

although the quality of water company data is unknown. 
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Fig. 2.2-7 Assessment SPM diagram showing essential functions as monitor, respond, learn and anticipate. Diagram 

adapted from Hollnagel (2022). 

2.2.1.6 The association or resilience with risk 

The common association of resilience in WRRF systems relates to process risk and the 

possibility of critical infrastructure or assets failing when exposed to exceptional conditions 
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(Dalmau et al., 2006). In studies of reliability and safety, the risk is embedded within the 

operational hierarchy, and operatives are familiar with systems such as the ‘risk assessment 

matrix’, which uses a green-yellow-amber-red colour scale. Despite criticism (Peace, 2017) 

on the possible anthropomorphic biases that cause misleading results in uncertain situations, 

the ‘risk assessment matrix’ is the accepted norm (IEC 31010:2019, 2019) for evaluating 

risk. The premise of the matrix is simple, multiply the ‘likelihood’ of an event occurring by 

its possible ‘consequences’ to give the risk associated with a particular action (see Fig. 

2.2-8). This risk assessment computation is performed twice, once without proposed 

interventions or mitigations and once with interventions. The two-point risk assessment then 

acts as a comparison between the use of interventions and mitigations and not. Therefore, it 

does not consider a range of interventions but simply two sets of rankings selections made 

by the risk assessor, which includes any cognitive bias. Additionally, the risk matrix in Fig. 

2.2-8 only includes integers, which excludes the possibility of interrogating risk between 

risk boundaries (low 1 to 3, moderate 4 to 5, high 8 to 12 and extreme 15 to 25). 

  

Consequences x 5 
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Colour Risk 
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Almost 

certain 
5 10 15 20 25 

   

Low 

 

Likely 4 8 12 16 20 

   

Moderate 

 

Possible 3 6 9 12 15 

   

High 

 

Unlikely 2 4 6 8 10 

   

Extreme 

 

Rare 1 2 3 4 5 

    

Fig. 2.2-8 Risk assessment matrix according to HSE (2019). 

Evidence in the literature shows the authors' attempts to manage and characterise process 

risk. For example, Stephenson & Pollard (2008) propose a somewhat aspirational document 
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that focuses on the methodologies that could be applied in wastewater systems (process risk 

assessment, fault tree analysis and logic gates). The overarching analysis follows a top-down 

approach that considers the Driver, Pressure, State, Impact, Response (DPSIR) framework 

adopted by the European Water Framework Directive (European Commission, 2003) and 

Butler et al. (2014) on the relevance of intervention for the Safe and SuRe (safe, sustainable 

and resilient) approach. The approach typically follows the listed sequence below: 

1. Driver – this is the ‘cause’, and many factors can have an environmental influence 

(e.g. for WRRF systems, this could be anthropogenic change, industrialisation, urban 

creep or climate change).  

2. Pressure – the direct ‘effect’ of a driver/factor and could relate to changes in influent 

flow or water chemistry resulting from the driver. 

3. State – the condition of the water body resulting from natural and anthropogenic 

factors, stated as physical, chemical and biological characteristics. 

4. Impact – the environmental effect of the pressure, such as a modified ecosystem or 

the death of aquatic species. 

5. Response – measures taken to improve the state of the water body, such as reducing 

abstraction, restricting point source discharges and producing a best practice for 

agricultural practices. 

Although the above DPSIR framework provides a linear sequence of activities for managing 

watercourses, it focuses on the ‘state’ of watercourses acting as an Environmental Impact 

Assessment (EIA) (Morgan, 2012). This is understandable given the broad scope of the 

framework; however, the ‘state’ of a WRRF system is not considered, only the ‘pressure’ 

exerted on the aquatic ecosystem. Understanding why a process exerts pressure on an aquatic 

ecosystem is a crucial consideration for water companies in the UK, as there are usually 

multiple drivers/factors that result in environmental pressure. A holistic assessment requires 
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further knowledge of how WRRF systems and processes generate pressure on the natural 

environment to prioritise interventions against catchment-based drivers/factors. Ultimately, 

this will involve consideration for operational reporting and whether methodologies can be 

developed to understand the influence of drivers/factors and how they manifest as stressors 

in existing WRRF systems. Therefore, detailed operational data should be considered to 

ascertain whether more sophisticated methodologies could be developed. 

2.2.1.7 Risk reliability and resilience 

The inter-related terms risk-reliability-resilience have been well covered in the literature on 

the operational management of WRRF systems (Ali et al., 2018). As described in Section 

2.2.1.6, operational ‘risk’ is associated with quantifying an integer from which work can be 

performed safely (e.g. carrying out cleaning/maintenance routines or repair work). 

Therefore, it is important to consider that there are two main types of risk associated with 

WRRF systems, that is 1) operational risk (i.e. associated with the efficacy of WRRF 

maintenance, cleaning and repairs) and 2) process risk, which is typically evaluated at the 

WRRF system boundary. These both focus on the internal operational capabilities of a 

WRRF system, considering how the operational risk can influence the process performance. 

Conversely, the risk of an external factor/stressor influences WRRF process behaviour, with 

exceptional conditions affecting operational and process risk. 

Expanding on the Safe and SuRe approach, Sweetapple et al. (2018) combined reliability, 

risk and resilience in designing urban wastewater systems. In the research, ‘reliability’ was 

numerically characterised as the inverse of the probability of process failure (i.e. the number 

of process measurements outside of non-failure conditions). The research describes ‘risk’ as 

a ‘to what from what’ relationship, indicating a pre and post-intervention methodology, 

where a ‘threat’ can cause process failure. Therefore, ‘reliability’ is the probability of a 
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process giving desirable outputs (non-failure); risk is the measure of the likelihood of 

‘known-known’ causal events causing process deterioration or failure, and ‘resilience’ is the 

ability to minimise failure magnitude and duration. 

The interpretation in Fig. 2.2-9 shows that a process is most ‘reliable’ when exposed to 

events that do not cause notable disruption to an urban wastewater system. When considering 

‘risk’ in Fig. 2.2-9, it is believed that it should cover the extent of the x and y axis, as WRRF 

systems experience ‘known-known’ events across all magnitudes, from minor to 

catastrophic. It is believed that ‘resilience’ is adversely affected by the magnitude of events, 

indicating that resilience could be scalable from the point of typical ‘reliability’ or standard 

operation. However, analysing these changes would require further investigations into 

operational data quality and record keeping.  

 

Fig. 2.2-9 The conceptual relationship of reliability, risk and resilience proposed by Sweetapple et al. (2018). 

The knowledge management associated with ‘risk’ has not been explored to its full potential. 

This does not apply to the use of methodologies generated, which are plentiful, but to how 

knowledge is managed or perceived by those operating and maintaining WRRF processes. 

It is understood that unknown threats cannot be characterised, but it may be possible to 
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evaluate and anticipate (rather than predict their magnitude) the progression of these events 

from what would be considered standard operation. A knowledge base of events relative to 

risk and resilience could offer insight into what constitutes an event and its variation 

magnitude. However, the reliability of a system or process is often not considered in existing 

WRRF systems, with operational transactions taking precedence due to the reactive model 

of UK WRRF operations. Therefore, understanding what is considered ‘normal’ or 

‘standard’ will be crucial in understanding the dynamic changes in resilience that occur from 

the point of reliability. 

2.2.1.8 The topography of resilience 

The topography of resilience has been considered in three dimensions via phase plane or 

state space investigations, as proposed in the seminal work of Holling (1973). This phase or 

state is based on a point in time representing the interaction of two parameters (or species); 

therefore, many phases could represent the dynamic changes in two interrelated variables 

regardless of context. This approach provided the possibility of moving toward three-

dimensional space, with interrelated variables represented on the x and y-axis and time on 

the z-axis. A trajectory can then be used to evaluate the propensity toward the domain of 

attraction or equilibrium point. An interesting comment from Holling (1973) is that ‘such 

measures require an immense amount of knowledge of a system and it is unlikely that we 

will have all that is necessary’. Later adaptations in water resource literature focused on 

identifying precipices (domain of attraction) as a global optimum (Fiering, 1982). However, 

with the increased reliability of WRRF online instrumentation, it may now be possible for 

closed systems to accelerate knowledge generation to generate resilience-based insights 

(Bonastre et al., 2005).  
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With the growth of computing power since the 1970s, so has the possibility of visualising 

state or phase planes with examples of stability landscapes presented by Walker et al. (2004). 

For ecological systems (Fig. 2.2-10), the growth in computing power has increased the 

possibility of modelling exogenous and endogenous ecological factors that could lead to 

similar local minima. It also allows the evaluation of different temporal characteristics and 

the possibility of numerous domains of attraction based on different conditions. These 

various conditions result from perturbations that cause a state variable to change. For 

example, in the arcade game ‘pinball’, a ball can be retained in indentations or equilibrium 

points until acted upon by an external force. The magnitude and directionality of the 

perturbation are reflected in the stability landscape (Fukami & Nakajima, 2011).  

Fig. 2.2-10 shows two basins of attraction based on three conditions. Using an example of 

microbes and substrate availability, Conditions 2 and 3 represent two local minima, with 

Condition 3 offering greater stability from the steep sides, requiring more significant 

perturbations to change the system state (described as resistance). Therefore, shallower 

indentations, such as Condition 2, would be more vulnerable to perturbations than Condition 

3. Condition 1 represents the position of the ball at the pinnacle of precariousness (i.e. the 

edge of the basin of attraction). This methodology provides a topographical state plane based 

on two state variables in an adaptive system (Beisner et al., 2003). 
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Fig. 2.2-10 Sectional views of stability landscapes according to Walker et al. (2004), showing the position of two basins 

of attraction. Where L represents latitude, R resistance and Pr precariousness. 

An example of cascading ecological states that shows the progression to complete failure or 

destruction can be observed in Fig. 2.2-11. The diagram shows how as fishing pressure 

increases and additional nutrients are applied to oceans (Fig. 2.2-11a), the ecological system 

changes to state and its criticality increases. This cascading descent can also be seen in Fig. 

2.2-11b, where the mechanical ball descends through different states until coral is eliminated 

(Walker & Salt, 2006, p. 70). This progression from healthy, through ‘stress’, and into 

alternative scenarios toward failure has not been performed on WRRF systems (also see 

Section 2.2.2.1 on ecology and engineering). However, some efforts are apparent in the 

literature, such as the grid-based colour map produced by Sweetapple et al. (2019), when 

visualising the betterment of sustainability indicators in response to threats when 

interventions have been applied. 
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Fig. 2.2-11 Alternative states of coral reef ecosystems and state space diagram showing the influence of extra nutrients 

and fishing pressure. Where a) is a contoured plot of condition changes and b) is the mechanical ball analogy identifying 

the different equilibrium states. Diagram extracted from Bellwood et al. (2004). 

Biological WRRF systems and processes are essentially closed ecological systems. A series 

of pumps and mechanical components to control microbial processes are used to ensure 

environmental compliance. Therefore, an ecological hierarchy exists within biological 

WRRF systems and processes (bacteria and protozoa), which is influenced by a wastewater 

catchment (i.e. temperature, concentration and volume). This ecological link in biological 

WRRF systems could indicate the possibility of expanding some ecological resilience 

methodologies to understand WRRF systems and processes. 

a)  

b)  
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2.2.2. Relevant definitions and terminology of resilience 

The literature appears to have been dominated by efforts to define not just the term 

‘resilience’ but also the terminology associated with its characterisation (see also Appendix 

11.1, Table 11.1-1 for a detailed list of definitions of the term ‘resilience’). These definitions 

have been mostly subjective and seemingly influenced by the Holling era of resilience 

(Holling, 1973). Before Holling, one of the earliest references to resilience was produced by 

the American Society of Civil Engineers in 1874 in a publication on testing material samples 

(Thurston, 1874). Therefore, long before the Holling era of ‘resilience’ research was 

associated with mechanical engineering systems. These studies aim to understand the 

absorption capacity of engineering materials and are mostly related to stress and strain. A 

further extension to the stress/strain analogy was to include a ‘modulus of resilience’ 

(Darling et al., 2017), representing the stress applied before the elastic limit is exceeded (i.e. 

the stress absorbed before deformation occurs). 

This Section evaluates the relevant subdivisions of resilience associated with water 

management and system reliability engineering, as shown in Table 2.2-2. Due to the range 

of terms associated with resilience presented/proposed, any related terms are stated in the 

text, and a glossary is provided in Appendix 11.2. The Section starts by investigating the 

association between ‘ecological’ and ‘engineered’ resilience before providing a critical 

review of ‘general’, ‘specified’ and ‘global’ resilience. It then investigates methods 

proposed for engineering complex interconnected systems mainly used to evaluate their 

resilience, reliability and risk. 
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Table 2.2-2 Relevant definitions of ‘resilience’ from the literature. 

No Subdivision 

of resilience 

Definition of term Subject Keywords Methods used References 

1 Ecological 

resilience 

“The magnitude of disturbance that can be absorbed before a 

system changes structure by changing variables and processes 

that control behaviour” 

Ecological 

science 

Efficiency, constancy, 

Predictability, Fail-safe 

Topographic 

analysis 

(Holling, 1996) 

2 Engineering 

resilience 

“Stability near an equilibrium steady state, where resistance to 

disturbance and speed of return to equilibrium are used to 

measure the property.” 

Ecological 

science 

Persistence, change, 

Unpredictability, Safe-fail 

Topographic 

analysis 

(Holling, 1996; 

Pimm, 1991) 

3a) General 

resilience 

 

“The capacity of a system that allows it to absorb disturbances of 

all kinds, including novel and unforeseen ones, so that parts of 

the system continue functioning as they were” 

Socio-

ecological 

systems 

Adaptability, reorganisation, 

equilibrium, panarchy, robustness, 

resilience, sustainability, 

transformability 

Bundles for trade-

offs, categorical 

thresholds, 

patterns of 

response, state 

transition model 

(Walker & Salt, 

2012) 

3b) General 

resilience 

“Resilience of any and all parts of a system to all kinds of shocks, 

including novel ones” 

Socio-

ecological 

systems 

Adaptability, adaptation, resilience, 

socio-ecological systems, 

transformability, transformation 

Node-based 

failure links 

(Folke et al., 

2010) 

4 Global 

resilience 

“Global Resilience Analysis (GRA) is designed to assess the 

whole system resilience of engineering systems.” 

Water 

distribution 

systems 

Reliability, Risk, Resilience Safe & SuRe 

framework 

(Diao et al., 

2016) 

5a Resilience 

engineering 

“Resilience engineering must monitor organisational decision-

making to assess the risk that the organisation is operating 

nearer to safety boundaries that it realises. Monitoring of 

resilience should lead to interventions to manage and adjust the 

adaptive capacity as the system faces new forms of variation and 

challenges.” 

Engineering 

systems 

Surprise, brittleness, adaptive 

capacity, buffering capacity, 

flexibility, stiffness, margin, 

precariousness, tolerance 

RAG, state space 

transitions 

(Hollnagel et 

al., 2010) 

5b Resilience 

engineering 

“A system is said to perform in a manner that is resilience when 

it can sustain required operations under both expected and 

unexpected conditions by adjusting its functioning prior to, 

during, or following events (changes, disturbances and 

opportunities).” 

Engineering 

systems 

Potentials, respond, monitor, learn, 

anticipate, interdependence 

SPM, FRAM (Hollnagel, 

2022) 

6 Specified 

resilience 

 

“Resilience of some part of the system to particular kinds of 

disturbance” 

Socio-

ecological 

systems 

Adaptability, reorganisation, 

equilibrium, panarchy, robustness, 

resilience, sustainability, 

transformability 

Threshold matrix, 

response patterns, 

state transition 

model 

( Walker & Salt, 

2012) 
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2.2.2.1 Ecology and engineering 

The definition of ‘ecological resilience’ has been discussed in Section 2.2.1.1; however, 

these approaches can also be related to engineered systems. When engineering principles are 

applied to provide predictable and stable solutions to ecological problems, the paradigm can 

be described as ‘ecological engineering’. Many ‘ecological engineering’ studies have 

demonstrated robust outcomes (Chapman et al., 2018); the main limitation is that 

conventional ecological systems typically react over long timescales (ecological 

modification - consequences monitored), where engineered changes can take months or even 

years for the system to adjust or reach an equilibrium. In these cases, ‘ecological 

engineering’ literature generally accepts the long-duration feedback loops and that other 

external influences (Gosselin et al., 2018). This changes the time available to control 

processes, where a chemical engineering perspective would consider ‘ecological 

engineering’ (Coulson & Richardson, 1994) a feedback loop (Fig. 2.2-12). In this case, 

engineering changes in state (or interventions) are initiated and applied before monitoring 

its influence. 

Ecological system
(Natural systems)

Ecological 
engineering

Manipulated
variable

System
setpoint

System input
variable

Apply change

1a) Change in state 1b) Monitor outcomes

1) Ecological engineering

 

Fig. 2.2-12 Schematic diagram of ‘ecological engineering’ shown as a feedback system. 
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The concept of ‘ecological engineering’ agrees with Juan-García et al. (2017), who, as 

shown in Fig. 2.2-13, proposed a feedback loop where stressors occur, interventions are 

applied, and feedback is provided to make adjustments to the WRRF system. This is the 

traditional view of process control across the wastewater industry, where control is based on 

some feedback or interface with a system. Without adequate knowledge management (or 

learning according to the Safe & SuRe framework), WRRF systems will continue to analyse 

failure linearly (i.e. making process changes on a case-by-case basis rather than using pre-

existing knowledge or data). 

 

Fig. 2.2-13 Conceptual system resilience schematic adapted from Juan-García et al. (2017). 

Therefore, these aspects of the ‘ecological engineering’ feedback concept and its slow 

retrospective feedback may not be an appropriate model for understanding the conditions 

that control biological WRRF systems. Biological WRRF systems rely on microbial 

intensification (through the application of a sludge age controlled by microbial extraction), 

meaning the microbial conditions are engineered. Therefore, ‘engineered ecology’, as shown 

in Fig. 2.2-14, is proposed as a more appropriate term for closed systems that aim to feed 
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forward the control of endogenous ecology in isolation from the natural environment. In 

principle, ‘engineered ecological’ systems should rely on almost immediate feedback from 

systems and learned knowledge to make fine adjustments and ensure predictability/stability. 

This may not always be possible due to poor quality data or signal consistency and has led 

authors such as Borzooei et al. (2019) to apply caution in simulations. 

Engineered system
(Prediction and 

control)

Ecological system
(Biological 

wastewater 
treatment)

System input
variable

System input
measurement

Manipulated
variable

System
setpoint

Control 
handle

2a) Predict outcomes 2a) Maintain operation

1) Engineered ecology

 

Fig. 2.2-14 Schematic diagram of ‘engineered ecology’ shown as a feed-forward system. 

Despite the inherent challenges with data and instrumentation, the proposed analogy, 

‘engineered ecology’ is a better descriptor for intensive biological wastewater systems such 

as AS when instrumentation has been incorporated. This is due to the temporal differences 

that can be encountered in the spatial distribution of instrumentation. Therefore it may be 

possible to consider a feed-forward control loop for resilience-based interventions where 

there are significant differences in time between upstream and downstream sensors.  
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2.2.2.2 General and specified resilience 

Interest in ‘general resilience’ rather than ‘specified resilience’ has grown in popularity, 

partly due to the possibility of investigating a whole system (in a WRRF system, this would 

be the global boundaries) (Walker & Salt, 2012). However, with the principles of ‘general 

resilience’, there is an alternative argument: focussing on how either form of resilience 

influences the other (i.e. increasing resilience in a specific (specified) part of a system can 

increase/reduce the ‘general’ resilience of an entire system). Therefore, a more 

comprehensive approach could consider, as is the case in WRRF systems, an external event 

and its progression through specific unit processes, although this has not been tested in the 

literature. It is also uncertain whether the current UK monitoring infrastructure is suitable 

for such investigations. 

General resilience, as described in Table 2.2-2 reflects the ‘resilience’ of a system to all 

kinds of disturbances, including that considered novel, but ‘specified resilience’ focuses on 

a specific disturbance in a particular part of a system. In situations where ‘general’ is 

prioritised over ‘specified’ resilience, only an average reaction to a ‘stressor’ or threat can 

be monitored. A combination of ‘general’ and ‘specific’ resilience is not covered in the 

literature but is a crucial consideration where WRRF systems have been retrofitted with 

equipment to improve reliability or compliance. The application of a combined approach for 

both ‘general’ and ‘specified’ resilience for WRRF systems could 1) evaluate system 

disturbances to a variety of stressors (general) and 2) evaluate the influence of stressors on 

specific parts of a system (specific) or subsystem. Therefore, ‘general’ and ‘specified’ 

resilience should be considered together to understand the ‘resilience’ of the whole system 

and its subsystems.  
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2.2.2.3 Global Resilience 

The concept of Global Resilience Analysis (GRA) has also been successfully applied to the 

management of urban water systems. Specific applications include the analysis of water 

distribution and urban drainage systems (Mugume et al., 2015), which typically cover a large 

geographical area. The concept of GRA, as described by Diao et al. (2016), is focused at a 

whole system level with ‘stressor’ events identified by reductions in state variables 

indicative of process performance, with severity the integral of performance degradation 

over the event duration (Juan-García et al., 2017). Despite being an accurate means of 

characterising the impact of a ‘stressor’ on a system, the methods exclude the ‘stressor’ 

event itself, reducing the possibility of providing early warning strategies for significant 

‘stressor’ events.  

This has been demonstrated in the work of Sweetapple et al. (2019), who investigated the 

relationship between wastewater system resilience and sustainability. A diagrammatic 

example of GRA is shown in Fig. 2.2-15, where a more resilient system has some capacity 

to resist service level disruptions by adjusting the ‘adaptive capacity’, which, in turn, reduces 

the duration of the service level disruption. GRA aims to analyse changes outside of the 

system ‘robustness’ (use of a system’s ‘adaptive capacity’) to reduce uncertainty and 

maintain operation. Therefore, a less resilient system has little ‘robustness’ and, with a low 

magnitude of system failure, can rapidly exhibit a reduced level of service from a WRRF 

system. However, a challenge for such analyses is incorporating temporal aspects of service 

level changes for WRRF systems and possibly tracking a system's resilience or ‘adaptive 

capacity’ in real-time. Despite the limitations, the application of GRA, as shown in Fig. 

2.2-15, can be well suited to the evaluation of process interventions which aim to reduce the 

impact of failure magnitudes. 
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Fig. 2.2-15 GRA adapted from Sweetapple et al. (2019) shows more and less resilient wastewater treatment plants, with 

system failure magnitude on the x-axis and level of service failure or duration on the y-axis. 

In ecological resilience studies, Gunderson (2000) discusses a global equilibrium state of a 

system which represents normal conditions. More specifically, a global system equilibrium 

represents conditions where all subsystems provide an order representative of stability (or 

many stabilities). Therefore, modelled analyses assume that a system has sufficient 

engineered ‘flexibility’ and ‘stiffness’ (i.e. the resistance in sub-systems to re-order) to re-

order subsystems (Hollnagel et al., 2010, p. 23). 

Overall global analyses are an excellent means of characterising the boundary effects of 

internal failures, threats or events in demand-based systems (water supply). The challenge 

for systems accepting variable loads and concentrations (WRRF systems) is isolating the 

‘stressor’, which has not been considered in the analyses presented. However, the effect on 

the system is widely applied in the literature, possibly due to the ‘middle states’ strategy 

used. Few studies have used actual instrument data to characterise stressors and their reaction 

from an operational WRRF system. It may also be challenging to apply these methods to 

actual WRRF data (Newhart et al., 2019), which contains ‘noise’ (random variation caused 

by instruments or environmental conditions). Finally, outside of structural failures, WRRF 
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systems suffering catastrophic events or changes may have multiple contributors, which may 

accelerate the progression of events. 

2.2.2.4 Resilience engineering 

Another resilience paradigm has been the emergence of ‘resilience engineering’ developed 

for engineering organisations such as NASA, which focus on the risk associated with 

engineering safety in complex systems (Woods, 2003). As Hollnagel et al. (2010) described, 

this paradigm focuses on understanding how close an organisation is to safety boundaries to 

seek suitable adjustments to the system's adaptive capacity and increase resilience. In a study 

by Woods (2015), four concepts of resilience were identified as listed below: 

1. Rebound = resilience – a somewhat traditional concept of resilience, operationally 

considering why some organisations or systems recover from disruptions better than 

others. This concept also raises the question, ‘what would be considered normal or 

an equilibrium point when systems are notably dynamic?’ and ‘how would a system 

return to a normal condition if the adaptive capacity can be modified or eroded over 

time?’. Therefore, there are significant challenges to overcome related to defining 

‘normal operation’ and how, in the case of a WRRF, the process deviates (magnitude 

of variation) and returns. 

2. Robustness = resilience – the ability to absorb perturbations, which is the set of 

disturbances a system can absorb under normal conditions. However, this requires 

accurate modelling practices and knowledge of past stressors to identify significant 

events. This is particularly relevant to WRRF systems in the UK; where the 

‘robustness’ of a system is unknown, as is the ‘brittleness’ (how a system performs 

outside of normal operational boundaries). This is possibly due to the extensive 

modification of multi-layered WRRF systems in the UK to meet more stringent 
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discharge requirements and the quality of operational records. However, this 

statement requires additional verification due to the operational data provided by UK 

water companies not being publicly available. 

3. Extensibility = resilience – the extension of the adaptive capacity to meet new 

demands is described by Woods (2015) as ‘the ability to extend performance to avoid 

collapse due to brittleness’. This has led to lines of inquiry on the capabilities and 

resources available ahead of an event or ‘surprise’, using similar terminology to 

disaster management (Longstaff & Yang, 2008). Similar to the comments above on 

‘robustness = resilience’, the challenge for WRRF systems is likely their complexity 

due to modification, multi-layering of control systems and the quality of operational 

reporting data. Few studies have considered using actual WRRF data to identify 

interventions based on extending adaptive capacity. Therefore, the boundaries and 

the datum for ‘normal operation’, from which adaptive capacity is measured, should 

be classified to avoid assumptions leading to inaccurate investment plans that aim to 

increase resilience or adaptive capacity. 

4. Sustained adaptability = resilience – aims to pursue resilient control mechanisms 

which arrange adaptive capacities. This multi-dimensional resilience approach 

considers how a system manages adaptive capacity while considering the trade-offs 

to maintain stable operation. Such systems shift the focus toward ‘resilient control’, 

which is something that UK water companies have not considered. However, it 

requires extensive knowledge of the system to change or modify the adaptive 

capacity and could help UK water companies manage the long-term resilience of 

their assets. 

Overall, much of the discussion on ‘resilience engineering’ is operationally focused, using 

terminologies such as operational windows of opportunity or base envelopes. These 
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theoretical windows are based on a time to react to a disturbance focusing on increasing 

operating ‘adaptive capacity’ (through operational training and combined learning after 

incidents) by contributing to human intellectual capability (similar to the ‘learn’ intervention 

in Section 2.2.1.4). However, the communication of operational states to those operating or 

maintaining complex engineered processes is often not considered. Therefore, if WRRF 

systems are not fully autonomous (requiring operational input), then resilience 

communication will be crucial at an organisational/operational level. 

2.2.2.5 Static and dynamic resilience 

The concept of systems being ‘static’ and ‘dynamic’ has been proposed in the fundamental 

literature described in Section 2.2.1 with the state planes (pendulum) and mechanical ball 

analogies. Each of the planes or sequential movements of the ball indicates a change in the 

system dynamics, with ‘ecological resilience’ seeking a new state of equilibrium and an 

‘engineering’ system self-adjusting to maintain constancy of operation.  

Since the conception of ‘engineered resilience’ paradigm, systems have become complex 

and interconnected. This shift was well captured by Johansson & Hassel (2010), who 

suggested that ‘we can no longer wait for failures and breakdowns to illuminate the 

vulnerabilities that are inherent in our systems’. The study focuses on interdependent 

network modelling, which considers the bi-directional and dynamic relationship between 

spatially distributed nodes. This approach uses modelling nodes within a theoretical 

infrastructure system. It may now be possible within such a ‘dynamic’ system to apply these 

methods to existing systems due to the advancements in sensor technologies, computation 

and analytical techniques. 

Other studies, such as Francis & Bekera (2014), have used a slightly different approach, 

proposing that ‘resilience capacity’ is based on three dynamic capacities 1) absorptive, 2) 
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adaptive, and 3) recovery/restorative capacity. Therefore, a ‘resilient’ system must have the 

capacity to absorb perturbations, adjust to undesirable conditions and restore functionality. 

Even in the largely inter-connected infrastructures such as energy generation and rail 

networks, the ‘cause’ of an event, a ‘stressor’, is not considered despite the possible 

availability of data to characterise it. It is often too late when a ‘stressor’ is detected, failure 

may be imminent, and the outcome unknown. Without foresight (past knowledge or data) of 

the stress exerted on the system, it can lead to cascading failures which cause catastrophic 

events. However, in the case of WRRF systems, a proactive approach would be to monitor 

the progression of a ‘stressor’ within a wastewater catchment to allow a reaction time for 

the application of interventions. 

As shown in Table 2.2-3, static and ‘dynamic resilience’ have been considered in disaster 

management and systems reliability engineering. Static resilience relates to whether a system 

can maintain function while experiencing shocks and is similar to ‘robustness’ (Pant et al., 

2014). Whereas ‘dynamic resilience’ considers temporal aspects focusing on complex 

interconnections between systems and subsystems when rebounding from an event. This has 

led to ‘dynamic resilience’, grounded in complex engineering systems, attracting increasing 

research interest. The ‘dynamic resilience’ analogy resembles most WRRF systems, with 

many bi-directional interactions between subsystems and shared interdependencies. Overall, 

it is likely that the development of ‘static’ and ‘dynamic resilience’ has been driven by 

technological advancements and the increased availability/reliability of online 

instrumentation. However, few studies have proposed analytical methods for the ‘dynamic 

resilience’ of water and wastewater systems. 
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Table 2.2-3 Definitions of ‘static’ and ‘dynamic’ resilience. 

Subdivision of 

resilience 

Definition of term Subject Keywords Methods used References 

Static 

resilience 

“The inherent ability of a system under normal 

conditions to reduce and absorb the perturbations 

after a likely disaster event by utilizing available 

resources efficiently without any extra effort and to 

provide an appropriate response to a disaster is 

determined by inherent static resilience of the 

system.” 

Disaster management 

(care sector) 

Robustness, rapidity, 

redundancy, 

resourcefulness 

Module-based 

framework 

(AminShokravi & 

Heravi, 2020) 

Static 

resilience 

“The ability of a system to maintain functionality 

when shocked” 

Reliability 

engineering 

Interdependent 

infrastructures 

Inoperability, 

Robustness 

Macro economic 

interdependency model, 

Risk-based 

interdependency model, 

static resilience analysis, 

(Pant et al., 2014) 

Static/Dynamic 

resilience 

“Static resilience usually focusses on the interplay of 

physical layers, while dynamic resilience more 

considers the service and human functions to 

withstand disruptions with temporal dimension.” 

Reliability 

engineering 

Dynamic resilience 

assessment, risk 

factors, failure modes, 

disturbance, criticality, 

vulnerability 

Infrastructure, 

Resilience-Oriented 

Modelling Language 

(IRML), Goal 

Dependency Structure 

(GDS) 

(Deloukas & 

Apostolopoulou, 2017; 

Hu et al., 2021) 

Dynamic 

resilience 

“Dynamic resilience adds the temporal perspective to 

recovery properties desired from a system that is 

rebounding from a disruptive event.” 

Reliability 

engineering and 

system safety 

Robustness, rapidity, 

inoperability, recovery 

Macro economic 

interdependency model, 

Risk-based 

interdependency model, 

Static resilience analysis,  

(Pant et al., 2014) 

Dynamic 

resilience 

“dynamic resilience of complex systems, in which the 

complex interactions and interdependency among 

subsystems and components are considered” 

Reliability 

engineering and 

system safety 

(Economic resilience) 

Dynamic resilience, 

system functionality, 

hazards, unsafe control 

actions 

Qualitative resilience 

analysis, System 

Theoretical, Accident 

Model and Process 

(STAMP) 

(Sun et al., 2022) 
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However, one study by Simonovic & Arunkumar (2016) compares the static and dynamic 

resilience of reservoir systems, which builds on earlier methods (Simonovic & Peck, 2013) 

used to investigate the ‘dynamic resilience’ of coastal megacities in response to climate 

change. The studies clarify the spatial (x and y) and temporal relationship using the z-axis to 

reflect changes in resilience using various intensities of red and that conditions can be 

aggregated and disaggregated. Additionally, these studies indicate that 1) a normal or 

standard operational condition can be dynamic and 2) it is possible to go beyond a normal 

or standard condition and recover, which is also described as ‘robustness’ or re-organisation 

of the ‘adaptive capacity’ during an event (Simonovic & Arunkumar, 2016). 

Fig. 2.2-16 shows a spatial space-time representation of resilience proposed initially for 

spatial geographical units, allowing the evaluation of systems in aggregated or disaggregated 

states. This isolation of a ‘resilience’ window based on states that adapt temporally has not 

been transferred into WRRF systems which would have to accommodate the complex kinetic 

(biological and chemical), stochiometric and physical relationships. However, it may be 

possible to adapt methods to analyse the resilience of WRRF systems as events emerge and 

manifest over spatial and temporal dimensions. 
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Fig. 2.2-16 Disaggregated space-time ‘dynamic resilience’ representation adapted from Simonovic & Peck (2013). 

It is also important to note that Walker et al. (2004, p. 1) also stated that “Resilience is a 

dynamic property of such a system, and managing for it requires a dynamic and adaptive 

approach”. This analogy indicates a link between the ‘dynamics’ of resilience and a 

seemingly ecological response (an entirely new equilibrium state). This can be common for 

WRRF systems that experience various equilibrium states in response to significant events, 

urban creep, and population growth. 
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2.2.3. Modelling of resilience 

2.2.3.1 Modelling of resilience for urban wastewater systems 

Although not explicitly referencing ‘resilience’, the study by Noy-Meir (1975) considers 

‘stability’ using the mechanical ball analogy. The study focuses on Eq 2.2-1, representing 

the dynamic relationship between the Volume (V) of grass per unit area as a function of the 

growth rate (G), less the V consumed as a function of the consumption rate (c) and herbivore 

density (H). Therefore, the methods assume a closed system, where ‘stability’ is based on 

only the growth and consumption of vegetation in equilibrium. The closed system approach 

does not consider broader external factors such as the threat of predators or factors relating 

to ecosystem destruction. 

𝑑𝑉

𝑑𝑡
= 𝐺(𝑉) − 𝑐(𝑉)𝐻       (Eq 2.2-1) 

𝐺 = 𝑔𝑉 (
1−𝑉

𝑉𝑚𝑎𝑥
)       (Eq 2.2-2) 

𝑐 = 𝑐𝑚𝑎𝑥  
𝑉

𝑉+𝐾
        (Eq 2.2-3) 

Interestingly, the closed approach with few external influences closely reflects the 

biochemistry in biological wastewater systems, where the mass of substrate (or grass in the 

case of Eq 2.2-2) is consumed, resulting in a growth or decline of biomass. Therefore, it may 

be possible to adapt methods to incorporate the evaluation of biochemical ‘stability’ based 

on the modelled growth or decline of microbes, according to Doran (2013, p. 178) or 

established modelling practices, which are based on Monod kinetics (Hulsbeek et al., 2002). 
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Advances in the field of ‘resilience’ theory were investigated by Juan-García et al. (2017); 

in a state-of-the-art review, finding that six studies had put Eq 2.2-4 into practice. The 

equation, to be understood in conjunction with the bathtub curve presented by Mugume et 

al. (2015), follows a ‘middle states’ approach, something also proposed by Cuppens et al. 

(2012) in studies of natural wastewater systems. 

𝑅𝑒𝑠𝑖𝑙𝑖𝑒𝑛𝑐𝑒 =  ∫ (𝑀0 − 𝑀𝑡)𝑑𝑡
𝑡𝑛

𝑡0
     (Eq 2.2-4) 

Where t0 is the time at which the event occurs, tn is the duration of the event, M0 is the wastewater system's initial value, 

and Mt is the variable's value at a time (t). Adapted from Cuppens et al. (2012) and Juan-García et al. (2017). 

Rather than considering the threat or external ‘stressor’, Eq 2.2-4 focuses on the degradation 

of state-based performance variables as a measure of resilience. It suggests that resilience is 

based on ‘stressor’ magnitude (Mt) reference to some initial condition representative of 

standard operation (M0), otherwise termed as reliability (Sweetapple et al., 2018), and 

‘stressor’ event duration (dt). The methodology is well suited to demand-based systems such 

as water supply, which are less susceptible to the direct stochastic variation caused by 

meteorological events combined with human behavioural changes (Belia & Johnson, 2013). 

Additionally, many variables are used as determinants for different purposes, and when 

considering WRRF processes, they fall into two strategic functions; 1) the use of operational 

data to ensure WRRF operational constancy and; 2) satisfying permitted requirements 

enforced by regulators. However, due to few publications using actual WRRF data (Spindler 

& Vanrolleghem, 2015), it is unknown whether inherent variations may make modelling 

challenging, but both data types are not publicly available. 

Other methods focus on resilience as a deficit, including existing methods using the 

established IWA AS modelling presented by Sweetapple et al. (2016). These methods set 

out the principles for computing a resilience deficit (Rdeficit) and duration (Rduration). As shown 
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in Eq 2.2-5, this works on a negative decimal measure of the extent of exceedance (Ei) 

relative to some pre-determined threshold value (Ti). The study used fixed Ti values for 

Biochemical Oxygen Demand (BOD5), Chemical Oxygen Demand (COD), Total Suspended 

Solids (TSS) and Total Nitrogen (TN). The threats to the system are based on incremental 

increases in influent flow and TN, along with incremental reductions in COD and 

temperature. Despite providing an accurate means of understanding the relative deficit in 

capacity and the possibility of understanding the deficit relative to a permitted value imposed 

by regulatory agencies, knowledge gained from events close to the threshold condition are 

not considered. This raises the question, ‘should exceedance be measured from a fixed 

threshold, or could the dynamic variation of specific systems be considered?’. A fixed 

threshold excludes minor threats to system failure would be excluded, where less significant 

events could lead to complete process failures, but this is not well covered in the literature. 

𝑅𝑑𝑒𝑓𝑖𝑐𝑖𝑡 =  
∑ (𝑇𝑖−𝐸𝑖)𝑁

𝑖=1

∑ 𝑇𝑖
𝑁
𝑖=1

        (Eq 2.2-5) 

𝑅𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛 =  
𝑇𝑡𝑜𝑡𝑎𝑙−max(𝐹𝑘)

             𝑘=1…𝑀

𝑇𝑡𝑜𝑡𝑎𝑙
       (Eq 2.2-6) 

The Rduration considers Eq 2.2-6 the duration of the maximum failure event duration (Fk) of 

some investigation period as a decimal of (Ttotal) and is similar to the computation of 

reliability, using time rather than data points. The probability of failure then becomes the 

inverse of Rduration. Overall the modelling considers two dimensions, 1) the computation of 

the extent of threshold exceedance from a fixed point, and 2) a decimal relating to an event 

duration relative to some system observation period. 
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2.2.3.2 Resilience-based publication trends 

Interest in resilience has grown significantly since 1995, possibly due to the IPCC report on 

climate change (Bolin et al., 1995, p. 28) and its associated conference, applying pressure 

on policymakers to take precautionary action to reduce the progression of climate change. 

This growth in interest can be observed by the term ‘resilience’ appearing increasingly in 

academic publications, shown in Fig. 2.2-17a (see Boolean logic for Scopus searches in 

Appendix 11.3). The most significant growth has been in social sciences, possibly due to the 

fundamental socio-ecological grounding of ‘resilience’ provided by authors such as Holling 

and Walker. After social science in Fig. 2.2-17a, significant increases in publications can be 

observed for environmental science, engineering and medicine. However, the growth rate 

for engineering shows a slight decline from approximately 2018, although this could be a 

temporary anomaly. For the number of academic publications referencing ‘resilience’ and 

‘water’, environmental science has shown the most significant growth, followed by 

agricultural and biological sciences. This possibly corresponds with a greater awareness of 

the environmental issues associated with climate change and environmental legislation (e.g. 

in the UK, the Environment Act 1995, 1995, 2021). 

  

Fig. 2.2-17 Publications mentioning ‘resilience’ between 1995 and 2021 by subject in a) and ‘resilience’ and ‘water’ in 

b). 

a) b) 
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When the term ‘dynamic resilience’ is considered, significant growth in publications can 

also be observed since 1995, with engineering showing the most significant growth (see Fig. 

2.2-18a). This is likely driven by interest from reliability engineering and systems safety 

publications, as shown in Section 2.2.1.7 and structures engineering. However, the growth 

of publications in engineering represents only 7% produced on referencing ‘resilience’ and 

6% when ‘dynamic resilience’ and ‘water’ is considered. Therefore, there appear to be a few 

publications in the engineering field that reference ‘dynamic resilience’ and ‘water’, which 

also agrees with Section 2.2.2.5, which identified one publication on ‘dynamic resilience’ 

related to reservoir operation. 

 

Fig. 2.2-18 Publications mentioning ‘dynamic resilience’ between 1995 and 2021 by subject in a) and ‘dynamic 

resilience’ and ‘water’ in b) (see Appendix 11.3 for Boolean search logic). 

Overall, the increase in publications referencing ‘resilience’ since 1995 is encouraging, 

providing new knowledge for social science, environmental science and medicine, but a 

slight decline for engineering. When ‘dynamic resilience’ was considered, engineering 

showed strong growth, but with ‘dynamic resilience’ and ‘water’, a decline in growth rate 

was observed starting in approximately 2017. Therefore, further research could be applied 

to generate knowledge on the cross-disciplinary applications of ‘dynamic resilience’ from 

that described in Section 2.2.2.5. 

a) b) 
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2.3. Summary of literature associated with resilience 

Many studies on resilience have focused on its definition in different fields of engineering 

and ecology. What has emerged from this literature review is that there appear to be three 

current forms of resilience. The first and second relate to engineered and ecological 

resilience paradigms, which are the outcomes of the Holling era of resilience. However, there 

appears to be a third form, ‘resilience engineering’ (Hollnagel et al., 2010), which focuses 

on the reliability and safety of complex and dynamic systems acting as a best engineering 

practice. These ‘resilience engineering’ systems typically investigate systems that 

incorporate sensor-based monitoring to provide a measure of ‘dynamic resilience’, which 

Pant et al. (2014) describe as the “dynamic resilience of complex systems, in which the 

complex interactions and interdependency among subsystems and components are 

considered”. Therefore, the paradigm considers a complete system ‘general resilience’ and 

subsystems ‘specified resilience’, with both levels considering the temporal dynamics of 

events as they occur. This has not been applied to WRRF systems but would rely on robust 

data streams and the possibility of accessing distributed sensor networks. Additionally, it 

will likely require WRRF systems to follow a train of thought based on ‘engineered ecology’, 

which considers the control of ecological systems using closed-engineered systems. 

This also agrees with the concept of ‘panarchy’, which focuses on continuous adaptive 

cycles based on growth and decline. Growth and decline have been proposed to evaluate 

system stability through differential equations based on substrate and consumption 

mechanisms (vegetation and herbivore grazing). These appear similar to the differential 

equations used for the Monod-kinetics used in the IWA ASM series of models. Therefore, it 

may be possible to transfer some ecological resilience methodologies to AS systems. 
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However, significant modifications may be required to avoid methods becoming 

computationally intensive. 

The topography of resilience in the literature appears to be limited to mostly ecological 

systems. An example is where ecological stress progresses through different phases or states 

in a natural system (e.g. coral reef), leading to the development of a contoured map of 

possible system responses. Additionally, termed as a stability landscape, the topography 

resilience can be plotted as a surface over three dimensions, with domains of attraction used 

to identify equilibrium locations (predator-prey). Despite some efforts to characterise 

changes in sustainability indicators using coloured heat maps, methods have not been 

transferred to WRRF systems. However, some authors have proposed ‘dynamic resilience’ 

and the aggregation and disaggregation of states to represent resilience conditions for 

different temporal dimensions in geographical areas. 

Overall, the publication trends indicate strong growth in publications mentioning resilience, 

both considering water and not. However, those publications mentioning ‘dynamic 

resilience’ have shown strong growth in the field of engineering; although when considering 

‘dynamic resilience’ and ‘water’ the number of publications falls significantly in all fields 

identified (only 6% when compared to ‘resilience’ and ‘water’). Therefore, there is an 

indication that methods for ‘dynamic resilience’ could be transferred into water systems 

engineering. 
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2.4. Factors resulting in stressors in WRRF systems and 

processes 

When ‘factors’ emerge and conditions in wastewater networks and infrastructure change, 

the result of these changes can be a ‘stressor’, which is dynamic, and covers a range of 

magnitudes. The criticality of a ‘stressor’ depends on the influence of ‘factors’. For 

wastewater infrastructure and WRRF systems, this is how a ‘stressor’ is generated from 

‘factors’ (or a combination of ‘factors’) that cause a particular system to deviate significantly 

from normal or standard operation. This Section covers the independent ‘factors’ that 

interact to initiate a ‘stressor’, which, in turn, generates stress or, conversely, increases 

resilience. 

2.4.1. Theory of external factors and stressors 

Factors come into existence from substantial changes outside of the wastewater catchment 

which relate to the dynamics of wastewater production or surplus surface water. Sometimes, 

changes to factors are not immediately apparent, involving an initial re-ordering of variables 

(minor changes to human behaviour ahead of a significant change) before an actual ‘stressor’ 

manifests. An example of a factor could be a wide-reaching social change such as the global 

COVID-19 pandemic, where population transience increased water consumption in some 

rural areas and reduced water consumption in cities of the UK (Alda-Vidal et al., 2020; 

Alygizakis et al., 2021; Gude & Muire, 2020). Therefore, stressors are generated from 

‘factors’ that cause events to manifest in WRRF systems or processes. 
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2.4.2. Political Economic, Social, technological, environmental and legal 

factors 

Recent examples of ‘factors’ include the COVID-19 pandemic and climate change. Often, 

‘factors’ combine, generating complex multivariate effects which require specialist 

evaluations to understand their impact. This Section subdivides ‘factors’ into Political, 

Economic, Social, Technological, Environmental, and Legal (PESTEL) dimensions to 

investigate their part in generating stressors (Thakur, 2021). Fig. 2.4-1 shows the ‘factors’ 

and resulting stressors used to structure the PESTEL factors. 

Dynamic resilience

Social

Technological

Economic

Political

Environmental

Stressors (cause) Process stress (effect)

Legal

Direct stressor
• Increasing air and fluid temperatures.
• High intensity rainfall.
• Sediment transport.

• Reduction in operation/maintenance budgets.
• Lack of clear guidance on treatment standards.
• Difficulty procuring of equipment/services/

chemicals.

• Inability to deliver services and innovation.
• Reactive maintenance model.
• Unable to make informed process 

improvements.

• Increase in water demand and increase in 
wastewater production.

• Disposal of consumer products into sewerage 
system.

• Asset deterioration.
• Inadequate process solutions, products and 

services.
• Reactive process event management.

• Fines for poor performance.
• Discharge permitted outside of standards.
• Possible prosecutions.

• CSO discharge.
• Process washout.
• Under/over production of biomass (biological 

WRRF systems).

Factors (PESTLE)

Direct stressor
• Consumer lifestyle trends.
• Enforced behaviour change (COVID-19).
• Lack of social responsibility and stewardship.

Indirect stressor
• Few financial incentives for business.
• Lack of funding for critical infrastructure.
• Recessive economy.

Indirect stressor
• International agreements (BREXIT).
• Poor legislation/regulation strategy.
• Reduction of grants and funding.

Indirect stressor
• Lack of forethought and futureproofing.
• Limited uptake of new or novel technologies.
• Poor understanding of technologies.

Indirect Stressor
• Stringent legislation.
• Embargo for trading of goods or services.
• Increased litigation for pollution events.

 

Fig. 2.4-1 Political, Economic, Social, Technological, Legal, Environmental (PESTLE) evaluation of ‘factors’ 

influencing ‘dynamic resilience’ (‘stressor’ and ‘process stress’). 

As shown in Fig. 2.4-1, the result of Political ‘factors’ are ‘indirect’ internal stressors related 

to changes in international norms (i.e. possible changes in regulation due to BREXIT) which 
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has been seen to affect the availability of process chemicals and materials for WRRF systems 

or processes. Economic factors again lead to ‘indirect’ internal stressors, which affect water 

operators' ability to maintain assets appropriately and can result in deterioration or 

catastrophic structural failures. Social factors generate ‘direct’ external stressors commonly 

originating from lifestyle improvements or modifications which modify the water chemistry 

or volume of wastewater produced. Technological factors can result in ‘indirect’ internal 

stressors possibly related to inadequate or outdated design (obsolescence, inappropriate 

engineering principles), all can contribute to compliance-related issues. Legal factors 

generally relate to ‘indirect’ internal stressors and could be embargoes which limit the 

availability of goods or services, which could lead to compliance-related challenges (i.e. the 

availability of iron-based coagulants for phosphorus removal). Environmental factors 

generate direct stressors which influence the production and composition of wastewater from 

which pollution incidents can occur. 

2.4.3. Political factors 

The influence of political factors can significantly change human behaviour, changing the 

volume and concentration of sewage entering wastewater infrastructure and WRRF. These 

changes are often associated with ‘hydropolitics’ in countries receiving official development 

assistance (OECD, 2022). Hydropolitics is embedded in social sciences and is dynamic and 

is interchangeably dynamic by four discourses, 1) dominant, 2) institutionalised, 3) 

sanctioned, and 4) hegemonic discourse (Bréthaut et al., 2022). The ‘dominant discourse’ is 

defined as structured understanding, such as referencing a river when considering dynamic 

time-based contaminant profiles (Fig. 2.4-2). The ‘institutionalised discourse’ represents the 

social practices and norms imparted from institutional arrangements. The ‘sanctioned 

discourse’ legitimises discourse through power elites (politicians, civil servants and 
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diplomats) and external agencies such as Non-Governmental Organisations (NGO), 

industrial lobbyists and independent researchers. The ‘hegemonic discourse’ is both 

‘dominant’ and ‘institutionalised’ to varying extents. Therefore, water and wastewater 

management considers all discourses where dynamic societal change/conflict modifies 

behaviours and, in turn, the apparent resilience of wastewater infrastructure and WRRF (De 

Stefano et al., 2017). 

Discourse

Dominant discourse
• Structure of understanding
• Dominant understanding of 

concepts

Institutionalised discourse
• Accepted social practices
• Institutional arrangements

Sanctioned discourse
• Legitimising of decisions/legislation
• Influencing Socio-institutional 

change

Hegemonic discourse
• Dominant and institutionalised

• Dynamics of discursive struggles

Structuration

Legitimisation

Institutionalisation

Socio-institutional change

Power elite change

Sub-divisions of discourse

 

Fig. 2.4-2 Typology of discourses for the analysis of hydropolitics, adapted from Bréthaut et al. (2022). 

An example of this is the political initiation of war, where ‘sanctioned discourse’ (i.e. the 

declaration of war) modifies the dominant and institutionalised discourse through rapid 

dynamic structural and institutional changes. A recent example is the Russian invasion of 

Ukraine in 2022, where millions sought refuge in neighbouring countries (Zaliska et al., 

2022). As identified by (Pereira et al., 2022), there was a significant effect on wastewater 

infrastructure, resulting in increases in the concentration and volume of sewage. Similarly, 

the global COVID-19 pandemic led to enforced restrictions imposed by ‘sanctioned 
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discourse’, which caused significant changes to the structure and institutional norms 

practised in society. 

2.4.4. Economic factors 

Global economic growth factors significantly influence the type of infrastructure and WRRF 

applied to transport and treat wastewaters. The challenge of evaluating factors is that, 

depending on the geographical location and level of societal advancement, countries will be 

at different stages of economic growth, meaning infrastructure can be at different stages of 

development. 

2.4.4.1 Influence of economic growth on factors 

The fundamental research of Rostow (1959) captures this in the five stages of economic 

growth, as shown in Fig. 2.4-3, and was based on the dynamic theory of production. The 

first stage, ‘traditional society’, represents a point of self-regulation dominated by 

agriculture for food production (>75% of the population); examples include medieval 

Europe and the dynasties of China. The second stage, ‘preconditions for take-off’, represents 

the basis for economic acceleration, with the emergence of modern science and the widening 

of markets through industrial innovation. The third stage, ‘take-off,’ occurs after 

preconditioning when sustained growth occurs, with industries and investments increasing 

rapidly; during this stage, economic resilience is introduced to re-distribute investment 

resources (adaptive capacity) following structural shocks to the economy. It is also the stage 

where investment in infrastructure occurs for the transportation and treatment of wastewater. 

In the UK, this would have been when the Bazelgette sewers (ICE, 2018) were built in 

London to avoid cholera outbreaks. The fourth stage, ‘drive to maturity’, is the rise of the 

cities, where agriculture declines and urban areas expand to accommodate white-collar 
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workers. The final stage is ‘high mass consumption’, characterised by high consumption of 

leisure products and a move of populations from rural areas to the suburbs. 

 
time

1) Traditional
society

• Technologically limited
• Agriculture dominates
• Political power to 

landowners
• Self regulating society

2) Preconditions for 
take-off

• Widening to overseas 
markets

• Preconditions for 
industrialisation

• Non-conformist innovation

3) Take-off

• Industrialisation occurs
• Automated manufacturing
• Manufacturing investment 

exceeds 10 % of income
• Modern, social economic 

and political institutions

4) Drive to maturity

• Broad industrial and 
commercial base

• Decelerating rate of 
expansion

• Improvements to existing 
technologies/methods

5) High mass 
consumption

• Overall improvements in 
lifestyle

• Increase in the in leisure 
time and products

• International trade
• Single family occupancy in 

suburbia

Triggered by external 
influence, interests 
and markets

Installation of physical 
infrastructure (roads, 
railways. Emergence of 
social and political elite

Investment in 
manufacturing and modern 
social, economic and 
political institutions

The use of international 
trade and general 
improvements in consumer 
lifestyle

 

Fig. 2.4-3 The five stages of economic growth provided by Rostow (1959). 

Despite the five stages provided by Rostow (1959) describing the broad classifications of 

economic development, it may not be possible to incorporate specific economic nuances 

between countries and how that affects wastewater infrastructure and treatment. However, 

it is a good indicator of the potential to build resilience to threats based on the estimated 

stage of economic growth. For example, countries like the UK and the USA identify with 

stage five in Fig. 2.4-3, but the wastewater infrastructure is significantly different in age, 

engineering design and construction methods.  

In Economics, a crucial consideration is where countries are located on the Kuznets curve, 

developed by Economist Simon Kuznets (Kuznets, 1955). The curve describes the economic 
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growth but was later adapted to include the environmental impact of lifestyle improvements 

on income per capita. This has been proposed (Stern, 1998) as the Environmental Kuznets 

Curve (EKC) shown in Fig. 2.4-4a using sulphur dioxide (SO2) emission per capita as a 

function of Gross National Product (GNP). It shows that at low levels of economic activity, 

environmental impacts are low, but as development proceeds, increasing reliance on natural 

resources and waste generation also increases (to $5000 GNP per Capita). After this point, 

environmental awareness increases, environmental regulations are enforced, and more 

efficient technologies emerge. This is likely to be the position of the UK presently, with 

Gross Domestic Profit (GDP) just below the threshold of high income ($47,886) at $47,334 

(The World Bank, 2022). However, there are many contributors to whether the pollution 

level will start to fall due to increasing income, as shown in Fig. 2.4-4b. Where new and 

novel toxins take hold or pollution released remains constant regardless of income. However, 

as described by Dasgupta et al. (2002) the economic process is also eminently dynamic, with 

the endpoint largely dependent on the system ‘flexibility’ (whether the system is structured 

for change). This ‘flexibility’ depends on the system ‘stiffness’ (the capacity to make 

change), as described by Hollnagel et al. (2010) and can be related to bureaucratic processes 

or, in some cases, overly stringent regulation. 

 

Fig. 2.4-4 Illustrations showing a) the Kuznets curve based on income and kg SO2 released per capita (source: Stern 

(1998)) and b) the dynamic variation in the curve depends on the pathway (source: Dasgupta et al. (2002)). 

a) b) 
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Some might argue that the UK is in a race to the bottom due to infrastructure being ill-

prepared for the challenges of climate change and growing populations. However, the 

dynamics of Kuznets curves variation means that any of the trajectories in Fig. 2.4-4b can 

be followed. The curves also do not consider global events such as the COVID-19 pandemic 

that modifies income per capita via social, technical and environmental restrictions on 

human behaviour. Therefore, ‘economic resilience’ resulting from the COVID-19 pandemic 

(furlough and industrial support mechanisms) could support an environmentally sound 

trajectory toward a ‘green recovery’ as described by the OECD (2020). However, significant 

upgrades, novel technologies, or analytical techniques could be used to understand the 

advancement of climate-related factors in WRRF systems and processes (see Environmental 

Factors in Section 2.4.8). 

2.4.4.2 Asset management funding in the UK 

Since privatisation in 1989, UK water utilities have been ‘financialised’ and confirmed in a 

study by Armitage (2012), where dividends allocated to shareholders and parent companies 

significantly outweighed their operating cash flows. The shareholder funding commitment 

has reduced the capital available for critical infrastructure and wastewater assets for over 

thirty years. In a recent report on water company dividends and investments by Hall (2022), 

Ofwat, the financial regulator of water companies in the UK, has been described as a 

‘captive’ regulator supporting the external financial interests of the water companies 

(investment and dividends). The report is highly critical of water company ‘financialisation’. 

However, it does state that since privatisation, water company debt has increased, and there 

has been a reduction in capital expenditure (from £5.7 bn in 1999 to £4.8 bn in 2021). When 

depreciation, asset deterioration and inflation (>6% Q1 2022) are considered, this reduction 
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represents a significant reduction in water companies' ability to allocate capital expenditure 

to wastewater infrastructure and WRRF upgrades (Office for National Statistics, 2022). 

Therefore the ageing above and below-ground assets used for wastewater transport and 

treatment in the UK (Environment Agency, 2019) have become degraded, which is 

compounded by a lack of investment funding for critical wastewater infrastructure and 

WRRF processes and systems. This has forced water companies to adopt a reactive model, 

with few attempts to understand resilience and its long-term benefits (Ofwat, 2017b, 2019). 

Therefore, a new model is required 1) understanding the current resilience of WRRF 

processes and infrastructure and 2) proposing strategic investment based on resilience while 

processes experience dynamic challenges. 

2.4.5. Social factors 

Many definitions of ‘social factors’ exist in the literature and are primarily grounded in 

sociology. However, when considering the societal impact on wastewater infrastructure and 

WRRF, emerging factors should focus on changes that generate a ‘stressor’. More 

commonly, factors affecting wastewater infrastructure and WRRF arise from catastrophic 

events or significant modifications to social interaction (Alda-Vidal et al., 2020). However, 

in addition to significant events, factors such as population growth and increasing living 

standards are generating stress on wastewater infrastructure and WRRF. 

2.4.5.1 Population growth 

Between 1950 and 2022, the global population has grown by 216%, from 2.5 to 7.9 bn. 

Before the end of the century, the global population is predicted to increase to approximately 

11.1 bn (United Nations, 2019). These predictions indicate that there will be further erosion 

of our planetary resources and increasing confidence in exceeding our estimated planetary 
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carrying capacity at 8.00 bn (UNEP, 2012). The demand for resilient wastewater 

infrastructure and processes will increase significantly to sustain such a large and successful 

global population. Currently, most global populations consume water freely for food 

production and industrial processes; however, wastewater treatment can be problematic in 

densely populated areas. The by-products of industrial processes are contained in 

concentrated waste streams that are either treated or directly discharged into sewer networks, 

placing additional stress on wastewater treatment processes. Therefore, if these projections 

are correct, then wastewater infrastructure, WRRF systems, and associated processes may 

be subject to significant reductions in resilience. 

The UK population alone is predicted to increase by 3.6 million (approximately 5%) before 

2026 exerting additional stress on existing wastewater treatment processes (Office for 

National Statistics, 2016). This growth will likely compound water utilities' problems with 

adapting outdated infrastructure to meet the Urban Waste Water Treatment Directive 

(UWWTD) (amongst others for bathing waters and sensitive locations) and more specific 

targets enforced by the Environment Agency in sensitive areas (Europa, 1991; 

Umweltbundesamt, 2012). Therefore, if assets are being upgraded rather than replaced, a 

change is required to prioritise upgrades based on the significance of ‘stress’ occurring in 

existing WRRF systems (Scahfer, 2011). Understanding the factors that lead to stressors and 

associated process stresses from population growth while maintaining permitted 

requirements is one of UK water companies’ most significant challenges. 

2.4.5.2 Anthropogenic factors 

Ultimately, the human race is a key ‘stressor’ on our planet's resilience, generating extreme 

stress, not just in the resources consumed but also in the manufacture of food and consumer 

products (Boretti & Rosa, 2019). This has led to an imbalance between available 
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manufacturing resources and those being disposed of or re-purposed (manufacture-use-

waste-repurpose). It is commonly referred to as a planetary ‘overshoot’ with its equation 

representing the ratio of available biocapacity per capita to the human ecological footprint. 

The 2021 global overshoot day was the 29th of July (Lin et al., 2021), indicating a five-

month global resource deficit of 42%. In 2022 the UK is predicted to ‘overshoot’ on the 19th 

of May, estimating an ecological deficit of 62%, possibly related to the comparatively small 

geographical footprint and the extensive imports required to sustain the UK’s population. A 

by-product of the UK's ecological deficit is liquid waste generated from imported products, 

such as chemicals, food and disposable cosmetics, which enter a sewerage network before 

arriving at a WRRF system. Some of the most common waste materials found in wastewaters 

are cotton buds, flushable/unflushable wipes, organic material, nutrients (1.6 g TP. PE-1. d-1 

and 13 g TN. PE-1. d-1), and many trace contaminants described as ‘priority substances’ by 

the European Water Framework Directive (WFD) (Europa, 2000; Mihelcic et al., 2011; 

Tjandraatmadja et al., 2010). Combined with population growth, increasing the quantity and 

concentration of wastes (via climate change) is likely to exert extreme stress on critical 

infrastructure, including sewerage networks and WRRF systems (Ewing et al., 2008). 

2.4.5.3 Anthropogenic impact on infrastructure 

Globally, cities have grown beyond the infrastructure that protects them from sanitation and 

pollution incidents. Using the example of London, UK: since civil engineer Joseph 

Bazalgette (ICE, 2018) initiated the construction of London’s sewerage networks to combat 

persistent cholera epidemics and foul air (the ‘great stink’ of 1858). Urban populations have 

increased at an alarming rate to 2.5 x that of 1866. As shown in Fig. 2.4-5, without 

considering the growth of services and industry, pro-rata calculations demonstrate the 

dramatic impact on infrastructure (Office for National Statistics, 2014). Also, with much of 
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the Bazalgette era sewers still in use, a proportional increase in societal factors have 

generated stressors that have exerted stress on the existing infrastructure, along with WRRF 

systems and processes.  

 

Fig. 2.4-5 Example flow and load increase in London, UK, and how it can be influenced by population growth. Flow and 

load per Population Equivalent (PE) based on British Water (2013). 

2.4.5.4 Enforced modifications to human behaviour 

In March 2020, societal changes were enforced due to the COVID-19 pandemic, meaning 

46% of UK workers worked from home (Office for National Statistics, 2020). Since periodic 

lockdowns in the UK, the UK Meteorological Office (2020) estimates that, due to population 

transience, a 30% increase in potable water demand occurred in suburban residential areas 

(workers exiting cities). This caused additional dilution, as noted in France by Pons et al. 

(2020), evidenced by a 40% reduction in COD during national lockdowns. Conversely, large 

cities experienced a reduction in water demand which fell by approximately 30%. Another 

factor that occurred has been the use of disposable Personal Protective Equipment (PPE), 
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biocides and disposable wipes, which generate detritus flush when storm events occur 

(particularly in sewers with shallow gradients). All of these disturbances resulting from the 

COVID-19 pandemic caused both positive and negative impacts on WRRF systems, where 

increases in population in suburban areas may have reduced resilience. However, reductions 

in the population likely increased resilience to threats and artificially gained ‘adaptive 

capacity’, although the operational costs (aeration and pumping) would have remained the 

same. This means the relative cost per unit of water treated in urban areas would have 

increased. 

The effects of these factors would have been that biological wastewater treatment processes, 

such as AS, experienced dilute wastewater (also a ‘stressor’) from additional handwashing 

and personal hygiene-related activities. This would have reduced the substrate load 

(particulate and organic), causing a decline in the Food to Microorganism (F:M) ratio, 

initiating endogenous respiration, and reducing microbial density. Therefore, WRRF process 

resilience would be reduced by a decline in microbes (reduction in adaptive capacity), 

becoming vulnerable to external threats (increasing substrate concentrations or short-term 

shocks).  

2.4.6. Technological factors 

Ageing infrastructure combined with reductions in proactive maintenance can leave 

wastewater infrastructure and WRRF vulnerable to extreme events (Parliamentary Office of 

Science and Technology, 2010). The media often publicise that asset deterioration and 

societal factors influence wastewater infrastructure leading to significant or catastrophic 

events. The most popular appears to be the large fatbergs found in London’s Bazelgette-era 

sewerage networks (BBC News, 2017) and the evidence of sewage spills via CSOs (The 

Guardian, 2021b). 
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2.4.6.1 Impact of deteriorating infrastructure 

Wastewater asset and technology deterioration can occur from many intermittent shocks 

from sediment related to partial blockages and the possibility of excess grit and detritus from 

structural failures during storm events. Evidence of progressive failure mechanisms is shown 

in Fig. 2.4-6a, with Fat, Oil and Grease (FOG) deposits under Canary Wharf in London, UK, 

evidencing a partial sewer blockage, and Fig. 2.4-6b, the structural failure of a sewer pipe. 

It is essential to consider that both failures in Fig. 2.4-6 occur over different temporal 

dimensions, where the deposit of FOG will accumulate over time before causing a blockage 

or restriction, whereas structural failures have an almost immediate impact. They also have 

very different cost profiles, where clearing a sewer blockage with an operational team is 

possible over several hours, but a structural failure could take weeks or even months to 

repair. 

 

Fig. 2.4-6 Examples of deteriorating infrastructure and its influence on the collection of fat oil and grease. The image on 

the left is a fatberg found beneath Canary Wharf, London, UK, taken from The Guardian (2021b), with the image on the 

right an example of a collapsed sewer extracted from Davies et al. (2001). 

In addition to costly internal failures/stresses which result from failures in wastewater 

transport systems (Fig. 2.4-6), external factors that lead to stressors can generate stress 

a) b) 
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within WRRF processes due to inappropriate process engineering design or insufficient 

safety factors to accommodate process uncertainty. This can be observed in Fig. 2.4-7a, 

where the factor (likely a storm event) causes a ‘stressor’ (excess volumetric flow) to 

manifest, resulting in a stress response as a surcharged high-rate sedimentation basin. Fig. 

2.4-7b shows an AS process displaying a typical microbial stress response, ‘sludge bulking’, 

causing filamentous bacterial growth with poor settlement characteristics (the possibility of 

failing permitted solids concentrations). This stress response occurs due to AS reactor 

conditions that allow filamentous bacteria to out-compete other microbes (low substrate, 

Dissolved Oxygen (DO) or nutrients). Therefore, the biological ‘stress’ response originates 

from heterotrophic and autotrophic biomass, which perform endogenous respiration as a 

survival mechanism (Tchobanoglous et al., 2014, p. 733). As a result, heterotrophic biomass 

reduces, and filamentous bacteria become prolific, dominating the AS process and 

Secondary Sedimentation (SS). 

   

Fig. 2.4-7 Examples of stresses experienced by WRRF processes globally, where a) shows hydraulically overloaded 

effluent weirs from high rate sedimentation basins: source Seckler & Filho (2017), b) sludge bulking of an activated sludge 

plant: source Wastewater 101 (2018). 

The UK water infrastructure and WRRF processes can be over a century old, with limited or 

no information on the original process engineering design constraints. These older WRRF 

a) b) 
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systems present a significant challenge, with the original process engineering information 

unavailable or the asset simply inadequate for the requirements of modern wastewaters. 

Therefore, the WRRF systems become less resilient through obsolescence and suffer from 

many years of physical deterioration. An example is Mexico City which suffered (and still 

suffering from) a significant geological challenge due to land settlement which fractures 

wastewater pipes and reduces the hydraulic gradient of sewers. In turn, fractured sewers 

from geological factors generate physical stressors which reduce resilience through 

blockages and detritus in the system. 

Overall, the stresses in Fig. 2.4-7 demonstrate the possibility of events/threats or significant 

dynamic change based on three identified factors listed below: 

1. Inadequate/unsuitable design (internal) – a system suffers inappropriate process 

engineering design, resulting in a stress response (process surcharging).  

2. Modified system hierarchy (internal) – the internal system hierarchy changes in 

response to external stimulus. This occurs mainly in biological wastewater processes, 

where process conditions lead to internal microbial stresses and the modification of 

the microbial ecology.  

3. Influence of external factors (external) - processes that become modified due to 

external factors (geological disturbance or over-abstraction), which can lead to either 

deterioration or structural failure.  

Therefore, consideration should be given to the changes occurring and how the system’s 

‘adaptive capacity’ could be modified in response to stressors. Also, whether the factor and 

how the ‘stressor’ manifests is internal or external to the system, as described by Butler et 

al. (2016). However, determining this from asset performance may not be possible due to 

the number of conflicting variables and the complexity they generate. 
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2.4.6.2 Wastewater networks 

The technologies used to transport and treat wastewaters vary significantly dependent on the 

geographical location, stage of economic development (Section 2.4.4) and whether countries 

are receiving ODA or other funding such as European Regional Development Funds 

(ERDF). These funds can act as a catalyst for either infrastructure adaptation or the 

construction of new systems and WRRF. However, disparities can then occur in the maturity 

of the wastewater network from the manufacturing quality, construction materials, 

engineering principles used (safety factors) and age-related deterioration level. For example, 

cities such as Rome in Itlay still use a section of the Cloaca Maxima, a 4.5 by 3.0 m sewer 

predating the Roman occupation (Olson, 2019), meaning modern engineers of wastewater 

networks must consider current and ancient infrastructure together. As described in the 

previous Section, Mexico City is another example of an ancient city that has developed 

beyond the adaptive capacity of the network but experiences water ‘stress’ (Bruce et al., 

2020). This ‘water stress’ occurs when aquifer abstraction boreholes are installed 

progressively deeper to access the available water. The result is that clay and silt layers dry 

and compress, rupturing underground pipework and reducing the resilience of wastewater 

networks (Ovando-Shelley et al., 2007). 

The opposite of Rome and Mexico is the rapid growth of a modern metropolis with newly 

constructed infrastructure. An example is Dubai in the United Arab Emirates, originally a 

fishing town in the Arabian Desert. Since the 1990s, Dubai has seen accelerated construction 

and migration, which has led to rapid urban expansion beyond the capacity of the wastewater 

network and treatment capabilities (Saunders et al., 2007). Despite installing modern 

infrastructure, the increasing rate of urban expansion led to wastewater generation exceeding 

network capabilities. The result was a significant reduction in network resilience, requiring 
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direct sewage extraction from the wastewater network and transport overground to a 

functioning WRRF (BBC News, 2008; The New York Times, 2010).  

The UK is a somewhat complex example where sewers and networks are concerned. Due to 

the vast age range of properties and mixed construction methods in the UK. Also, various 

pipe materials of plastic, clay and cast-iron wastewater pipework have been used of different 

ages and conditions, some dating back to the 1800s. The more fragile materials, such as clay, 

iron and Orangeburg, are susceptible to damage and groundwater infiltration and structural 

failures that can lead to significant changes in flow, blockages and the entrainment of grit 

(Zhang et al., 2021).  

2.4.6.3 WRRF systems and processes 

The technologies associated with wastewater treatment vary significantly and largely depend 

on whether systems are ‘centralised’ or ‘decentralised’. A Centralised Wastewater System 

(CWS) are connected to an extensive wastewater network serving medium to large PE 

(>10,000) and often includes sludge processing (Risch et al., 2021). Decentralised 

Wastewater Systems (DWS), often referred to as ‘satellites’, are either treated at source or 

‘partially decentralised’ when part of a small to medium-sized sewerage network (typically 

serving a PE of 50 to 10,000) (Tchobanoglous et al., 2014, p. 1866).  

CWS typically use technology variants of Activated Sludge (AS) and Membrane Bio-

Reactors (MBR) processes, which are selected based on the required, permitted level of 

treatment. For example, when nutrient removal is required, Solids Retention Time (SRT) 

will be controlled along with sludge wastage and the inclusion of anaerobic or anoxic zones 

(Water Environment Federation, 2005). DWS are commonly smaller systems with short 

sewers, using technology variants such as Trickling Filters (TF) and Submerged Aerated 

Filters (SAF). Both CWS and DWS have been adapted and retrofitted to meet tighter 



103 

 

permitted conditions, with common adaptations including the addition of chemical dosing 

for phosphorus removal and supplementary sedimentation processes. Therefore, 

‘conventional’ variants of process technologies in CWS and DWS are uncommon, varying 

significantly dependent on the required process outputs and how permitted discharge 

requirements have changed over time. 

This era of process retrofitting and adaptation to meet permitted discharge consents (Lema 

& Suarez, 2017) has increased the complexity of CWS and DWS, meaning process resilience 

is challenging to extrapolate due to the vast number of process variants (GHK Consulting & 

DEFRA, 2009). This complexity of retrofitted systems gives rise to specific nuances that are 

difficult to characterise through conventional process engineering principles. Moreover, 

more recent challenges such as Net Zero targets could further increase the complexity of 

CWS and DWS with the adaption of processes to meet CO2, CH4 and N2O emissions targets 

(Council Directive: On Industrial Emissions (Integrated Pollution Prevention and Control), 

2010). Nevertheless, it may be possible to investigate resilience through actual WRRF data, 

similar to that used for process control or monitoring. 

2.4.7. Legal factors 

Since the exit of the UK from the European Union in 2020, the UK has continued to follow 

the European Directives for sewage treatment and discharge standards (Ofwat, 2022). The 

legal factors considered in this Section are those that directly influence WRRF systems and 

processes in the UK. 

2.4.7.1 The framework for wastewater regulation and legislation in the UK 

The European Parliament and Council (Europa, 2000) states, "Water is not a commercial 

product like any other but, rather a heritage which must be protected, defended and treated 
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as such”. With this in mind, a ministerial seminar on groundwater was held in Hague in 

1991, which identified a requirement for a proactive program of action to provide sustainable 

management and protection of freshwater resources by 2000. In response, on 23 October 

1996, the European Parliament and regional committees requested the European 

Commission develop a framework Directive for European Water Policy, later known as the 

WFD, which was approved on the 18th of July 2000 by the Conciliation Committee (Europa, 

2000). The WFD and associated directives are shown in Fig. 2.4-8, with the study area of 

this Thesis included within the grey box. 

 

Fig. 2.4-8 Framework of wastewater regulation by sector, with study area, highlighted in grey. 

The WFD aims to provide a framework to improve the aquatic environment in inland surface 

waters, transitional waters, coastal waters and groundwater, all of which are adversely 

affected by wastewaters. In the European Community, the responsibility for developing the 
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water framework and its implementation fell with member states. Member of States 

developed a traffic light system for classifying receiving waters: 

1. Blue has a ‘High status’, where anthropogenic activity has little or no adverse 

influence over physio-chemical and hydro-morphological quality;  

2. Green has a ‘Good’ status, showing low levels of disturbance from human activity;  

3. Amber has a ‘Moderate status’, where human activity moderately impacts receiving 

waters. 

4. Red is considered anything below amber is considered ‘Poor’ or ‘Bad’ quality 

receiving waters as a result of wastewater treatment.  

This definition of a traffic light system has provided a simple and visual means to 

characterise the criteria defined in the WFD. The primary objective of the WFD is that any 

wastewater treatment plant results in a treated water quality that maintains a ‘Good’ status 

in receiving waters. Only under exceptional circumstances should ‘Moderate’ or ‘Poor’ 

quality receiving waters be accepted and must be reported. For the first time, the WFD 

introduced the ‘polluter pays’ principle, where a polluter will be responsible for the negative 

impact on the aquatic environment, receiving fines to cover the cost of the clean-up of 

receiving waters (in the UK enforced by the financial regulator Ofwat). However, it is the 

Member of States' responsibility to characterise human activities' contribution to surface 

water, groundwater and coastal waters. 

2.4.7.2 Legislation and regulation related to resilience in the UK 

For the first time in UK wastewater legislation history, the Water Act 2014 (2014, p. 64) 

was amended to give regulators the power to measure the performance of UK water 

companies against the long-term planning of asset and infrastructure ‘resilience’. This 

change was brought about due to environmental pressures, population growth and changes 
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in consumer behaviour. With the increasing pressure of changes to legislation, the tightening 

of environmental permits and an ageing inventory of assets, the Ofwat Price Review 2019 

(PR19) identified that all but two UK water companies provided evidence that they secured 

the long-term resilience of their assets and infrastructure. Evidence of submission can be 

observed in Fig. 2.4-9, where Welsh Water, Southern Water, Thames Water, South Staffs 

Water and Affinity water concerningly provided the least evidence of securing the long-term 

resilience of their assets and infrastructure. 

 

Fig. 2.4-9 Water company evidence on securing the long-term resilience supplied in the PR19 price review. Evidence 

provided by water companies has been scaled according to the scalar references stated below: 

1.0 = High quality, ambitious and innovative plan with evidence that is sufficient and convincing overall. 

0.5 = High-quality plan, not sufficiently ambitious and innovative to be exceptional with evidence that overall is sufficient. 

0.0 = Neutral point, where evidence of securing long-term resilience is sufficient. 

-0.5 = Concerns with the plan: the plan falls short of high quality and/or evidence is insufficient and/or unconvincing in some areas. 

-1.0 = Substantial concerns with the plan: Plan falls significantly short of required quality and/or little or no evidence, or no evidence. 

Therefore, a system is required to measure WRRF system resilience for the PR 24 

submission to Ofwat (Fig. 2.4-9). It appears that the UK water companies are struggling to 
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secure the resilience of their assets, with significant fines being issued by Ofwat for 

pollution-related events (£102 million in 2021) (Gov.UK, 2022). However, this also poses 

other possible challenges, such as how they perceive resilience and the metrics used in price 

reviews. Therefore, indicating that standard metrics and a means of measuring the 

‘resilience’ of wastewater systems and the stresses generated are required. This would then 

improve the communication of resilience between water companies and regulators to provide 

an overarching strategy on how resilience could be legislated. 

2.4.8. Environmental factors 

The most recent Intergovernmental Panel on Climate Change (IPCC) report (Pörtner et al., 

2022) confirmed with high confidence that globally the adverse impacts from 1) inland 

flooding and associated damages, 2) flood and storm-induced damages in coastal areas, and 

3) damages to infrastructure would increase. As a result, it has also been predicted that 

migration and displacement will increase along with human stress responses, modifying 

human behaviour. Therefore, wastewater infrastructure and WRRF will likely experience a 

varying magnitude of ‘stressors’, ranging from those having a limited effect to complete 

structural failures. This Section discusses the specific impact of environmental factors and 

how stressors can be generated. 

2.4.8.1 The influence of global warming 

Antoine Lavoisier’s conservation of mass law captures the mechanisms associated with 

global warming, where matter (CO2, CH4 and N2O) can be “neither created or destroyed” 

and is caught up in continuous thermodynamic cycles. Human-enhanced global warming 

occurs when matter (CO2, CH4 and N2O) is released into the atmosphere, primarily from 1) 

energy generation (fossil fuels), 2) agriculture, and 3) industrial processes (Freidrich et al., 
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2020). This causes an imbalance, and as a result, solar radiation is re-radiated toward the 

earth, increasing surface temperatures. Fig. 2.4-10 shows a global study performed by the 

Meteorological office (2022) to verify data related to climate change from different research 

groups. The evidence suggests that there is high confidence that human factors have 

accelerated the rate of temperature increase across the globe. 

 

Fig. 2.4-10 Global mean temperature difference over time from pre-industrial levels (1850 to 1900 baseline), with 

verification by the environmental research group. Plot acquired from Meteorological office (2022). 

Furthermore, when thirty-year projections for minimum and maximusm temperature 

Probability Distribution Functions (PDF) are considered between 2010 to 2049 and set 

against a baseline of 1961 to 2010 (see Fig. 2.4-11), there is a high probability that 

temperatures in the UK will rise by 0.5 to 0.75oC. Kendon et al., (2021) identified this 

increase in temperature through extended dry periods when considering the sum of annual 

sunshine hours. Accordingly, wastewater systems, particularly biological systems, will 

likely be subjected to concentrated sewage and increasing feed temperatures.  
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Fig. 2.4-11 Annual temporal average PDF for RCP 2.6 to 8.5 and SRES A1B for the entire UK. The baseline was selected 

from 1961 to 2010, and a thirty-year projection from 2010 to 2049. Where a) is the minimum and b) the maximum projected 

temperature increase over the thirty-year window. The data for the projections was used under an open government licence 

(Met Office Hadley Centre, 2022). 

Extended dry periods and increasing sewage temperatures may influence biological 

wastewater treatment processes and WRRF. These effects will significantly affect WRRF 

bacterial growth rates, mainly for processes reliant on high biomass densities (TF, AS and 

SAF). In these systems, facultative microbes, such as heterotrophic and autotrophic bacteria, 

experience changes in growth/decay rates (Gerardi, 2006). Elevated temperatures and 

sewage concentrations will modify the microbial kinetics such that the yield of bacteria 

increases. In turn, microbial concentrations will likely increase, and in cases where 

a) 

b) 
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wastewater infrastructure or WRRF have limited adaptive capacity, the system will struggle 

to achieve compliance. Therefore, ‘stressors’ associated with global temperature increase 

impart ‘stress’ on a wastewater system, potentially generating significant environmental 

impacts (environmental compliance breach or pollution incident). 

2.4.8.2 Meteorological changes 

Meteorological changes significantly impact seasonal rainfall, with forecasts indicating a 

25% increase in winter and a reduction of 30% in the summer (Meteorological Office, 2018). 

Other estimations include high-intensity rainfall, estimated to increase by 12 to 24%, and 

extended dry periods increasing hydraulic stressors through sewerage networks and exerting 

additional stress on WRRF systems and processes (Fischer et al., 2014; Hansen et al., 2010). 

These estimations correspond with the ‘Global Risks Interconnections Map 2017’ by the 

World Economic Forum (2017), where extreme weather conditions are anticipated to have 

a 54% impact on the environment and an 84% likelihood of occurring. Currently, these 

climate-based impacts are already exerting great stress on wastewater infrastructure and 

treatment across the UK. These stresses have brought many of the water companies in the 

UK to a crisis point, where climate pressures have reduced the resilience of ageing assets 

leading to severe pollution incidents (>400 serious pollution incidences between 2015 and 

2021)(Environment Agency, 2020). 
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Fig. 2.4-12 Thirty-year projected precipitation anomaly trend for UK summers, using a baseline of 1981 to 2010 and 

evaluating all climate scenarios RCP 2.6 to 8.5 and SRES A1B. Each plot line was based on a three-month moving mean 

value. All data was selected via the Met Office Hadley Centre (2022) data store. 

The predictions in Fig. 2.4-12 suggest that overall rainfall volume will likely reduce or 

follow a similar path for each scenario. However, the change in the temporal distribution of 

the rainfall for UK summers highlights the possibility of high-intensity rainfall. Kendon et 

al. (2021) confirmed this by evaluating the sum of days annually that exceed the 95th and 

99th % ile of rainfall and daily rainfall exceeding 50 mm. Evidence of increasing rainfall 

intensity can also be observed in Event Duration Monitoring (EDM) data, which showed an 

increase of 2.5 million hrs of annual CSO spills for all English water companies (DEFRA, 

2021). This significant increase in annual spill duration may be due to the increased coverage 

of monitors, increasing by 11,230 between 2016 and 2020 (Environment Agency, 2021). 

This increase in monitoring instrumentation indicates that it may be possible to investigate 

the real-time resilience from actual water company data or provide early warning strategies. 
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It could also offer the opportunity to investigate the impact of passive interventions that 

increase resilience, such as community wetlands and Sustainable Drainage (SuDs), flow 

balancing, or increased storm storage capacity (Williams et al., 2019). Without extending 

the application of such interventions to increase adaptive capacity, the challenge for 

wastewater infrastructure and WRRF will likely be the instantaneous and dynamic surface 

water flow. This is particularly relevant to combined sewers, where CSOs discharge excess 

storm flows from wastewater networks. Additionally, as WRRF storm tanks reach capacity, 

they discharge directly into water bodies. 

2.4.8.3 Stressors resulting from factors 

WRRF system stressors can result from any PESTEL factors occurring within a wastewater 

catchment. This can also include a combination of factors occurring at the same time. In a 

state of that art review by Juan-García et al. (2017), the most common terms associated with 

stressors were identified as ‘chronic’ and ‘acute’ (or both), indicating that stressors are 

generally associated with significant events. For example, an environmental event such as 

drought may coincide with a significant population expansion, an increase in the sewage 

generated in a catchment, and increased concentrations of contaminants exiting the sewer 

system. In this case, the ‘stressor’ would increase the load to a WRRF but reduce sewage 

volume. Therefore, when many of these factors interact, stressors influence multiple 

variables making them difficult to predict or isolate.  

A ‘middle-states’ approach in the literature has been proposed and is an appropriate strategy 

for investigating the impact of stressors on water/wastewater systems (Butler et al. 2016). 

This ‘stressor’centric approach to investigating performance degradation has been applied 

widely in the literature using the characteristic bathtub curve (Ba-Alawi et al., 2020; 

Marchese et al., 2018; Mugume, 2015; Mugume et al., 2015; Roni et al., 2022; Senkel et al., 



113 

 

2021; Sukias et al., 2018). The precept is to focus on the system impact or process 

degradation rather than the cause or threat (general resilience). However, with the growth in 

the reliability of WRRF process mounted instrumentation, it may be possible not to identify 

the factor and start classifying ‘stressor’ events. For this to happen, events which result in 

process performance degradation should be considered as two entities, 1) the dynamic 

‘stressor’ as it appears to the WRRF or associated process, and 2) a means of defining the 

dynamic response of the system as a result of the ‘stressor’. It may also be possible to 

monitor these factors that have generated stressors from data used for water quality 

monitoring. However, raw water company data is not publicly available, so additional 

investigations are required to analyse the influence of stressors on WRRF processes. 

2.5. Summary of factors affecting WRRF systems and 

wastewater infrastructure 

As the precursor to a ‘stressor’, ‘factors’ significantly influence the magnitude of variation 

observed at a WRRF process. It has also been noted that these factors are heterogeneous and 

often overlap to provide combined effects, making them challenging to characterise. As 

observed in the literature, political factors typically relate to enforced modifications to the 

lifestyle of those living and working in wastewater catchments (e.g. enforced restrictions to 

reduce the spread of COVID-19). Other political factors can include ‘hydropolitics’ (the 

availability of water and associated resources), where in the UK, we follow a ‘sanctioned 

discourse’, where decisions are legitimised through the power elite.  

Economic factors appear to have caused the most significant damage to the operational 

capabilities of water companies. The privatisation and ‘financialisation’ of the eleven UK 

water companies have restricted operational budgets and led to retrofitting additional process 
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equipment to meet more stringent permit requirements. The true impact of underinvestment 

is now becoming apparent when other external factors emerge and combine (climate change 

and population growth). Given that the financial model for the UK water companies is not 

likely to change in the near future, an improved understanding of WRRF resilience is 

required, which uses pre-existing data and information. In the longer term, this could 

improve the understanding of interventions and secure the long-term resilience of WRRF 

systems and processes. 

Societal factors have led to the significant growth of global populations, which has increased 

the quantities of wastewater generated in municipalities and industrial processes (e.g. food 

production). Additionally, enforced changes primarily concerning the COVID-19 pandemic 

have changed the volume and concentration of wastewater generated (including disposable 

PPE). Technological factors correspond with the underinvestment in wastewater assets, and 

the two are strongly linked. This has led water companies to ‘retrofit’ supplementary unit 

processes to meet regulatory objectives. On the one hand, they have been able to reuse or 

expand assets, but on the other, it has made each WRRF process unique. Therefore, it is 

challenging to understand the available adaptive capacity and how the WRRF system may 

react under different process conditions (including exceptional). 

Legal factors have been affected by factors such as the UK's exit from the European Union 

and possibly communication between water companies, regulators and legislators. This has 

led to only two UK water companies providing evidence of securing the long-term resilience 

of their assets. Despite some excellent methods being used by the WFD to determine the 

health of water bodies (traffic light systems as high to poor quality), this has not been 

expanded by the water companies to evaluate the health of their treatment assets. 

Environmental factors are now well known in the UK and globally, and as climate change 
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accelerates, pollution incidents have occurred. These are commonly related to the long dry 

periods followed by high-intensity rain, which leads to CSO spills. 

There are also interactions between factors, where one may influence another. However, the 

two ‘factors’ that significantly influence WRRF resilience are ‘economic’ restrictions 

(underinvestment) and extreme ‘environmental’ conditions that result in pollution events. 

However, the sequence in which they change from ‘factor’ to ‘stressor’ and then ‘stress’ is 

similar for most WRRF systems. A ‘factor’, or combination of stimuli, manifests in a system 

as a ‘stressor’, causing a ‘stress’ effect (Fig. 2.5-1). In mechanical systems, a ‘stressor’ could 

be considered potential energy, which becomes kinetic when it has a magnitude. Therefore, 

the dynamic characteristics of factors are external to the system boundary, and the ‘stressor’ 

is the potential manifestation of a ‘factor’ before becoming apparent as a ‘stress’ as shown 

in Fig. 2.5-1. The characteristics of factors vary according to the magnitude of external 

influence and state variable rate of change. 
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Fig. 2.5-1 External state variable modifying system conditions and behaviour. 
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2.6. Stresses associated with WRRF systems and processes 

Early references such as Harrison (1979) describe “the need to understand, not only the 

behaviour of a population under normal or good conditions but also its response to unusual 

or stress conditions”. Therefore, ‘stress’ is characterised by modification in environmental 

factors (i.e. organic carbon availability for bacterial assimilation), with the ‘stressor’ used 

as a descriptor for the manifestation of a factor. The concept of ‘stress’ starts with a factor 

that generates a ‘stressor’, which modifies certain conditions to generate ‘stress’. In 

physiology, researchers discuss ‘stress receptors’ as a transmitter of a stress response 

(Romero, 2004). Similarly, wastewater systems, particularly biological, experience stressors 

that bind with a receptor (bacterial populations) and, in turn, exhibit a stress response 

(growth or decline). As a result, biological systems experience stress from both positive and 

negative magnitudes of stressors, where increased flow (i.e. storms or urban flooding) 

reduces microbial populations and low flow during extended dry periods increases microbial 

populations. The opposite occurs for physical processes, where only the positive magnitude 

of stressors artificially reduces the processing capacity, resulting in stress.  

In this Section, these two paradigms are discussed. The first relates to the focus of urban 

water systems management, and the second is the specific nuances associated with systems 

that combine ecological processes with engineered systems. 

2.6.1. Stress under the precept of resilience 

One train of thought is that ‘stress’ in studies of sustainable water management is similar to 

the mechanical engineering interpretation of the stress/strain relationship. This agrees with 

‘middle states’ strategy, considering the adaptation of a system and its impact on receiving 

waters (Butler et al., 2016). The concept of ‘middle states’ refers to the ability to adapt a 
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system to minimise the impact on receiving waters. However, in the example shown in Fig. 

2.6-1a it is unclear how each design influences ammonium (NH4
+) concentrations in 

receiving waters. However, this method does offer the ability to iteratively evaluate proposed 

process design alternatives using a variety of influent flows. This analogy was later adapted 

in the study of ‘general resilience’ presented by Sweetapple et al. (2022), where ‘stress’ 

became the level of system failure magnitude and strain took one of two parameters, level 

of service failure or time. Despite the robust approach, the outputs presented are similar to a 

sensitivity analysis, where theoretical failure durations and magnitudes (0 to 100%) are 

simulated. To extend the proposed methods in Fig. 2.6-1, it may be possible to use actual 

data to characterise the failure magnitude and duration.  

 

Fig. 2.6-1 Middle states ‘stress-strain’ curves for system designs with different levels of resilience, extracted from Butler 

et al. (2016). 
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2.6.2. Microbial stress in biological wastewater systems 

Biochemical excesses or deficiencies in WRRF feed can cause significant microbial 

deterioration. Modern centralised wastewater systems rely on a specific microbial age and 

diversity for adequate treatment before discharge to watercourses (Gerardi, 2006). Early 

studies on AS focussed on the release of Soluble Microbial Products (SMP) (Wang & Zhang, 

2010) and the possibility of monitoring the ‘stress’ response of bacteria under stressful 

conditions (i.e. starvation, high salinity, toxicity and temperature variation). Later studies, 

such as Wojnarowicz et al. (2014), investigated the introduction of stress-inducing agents 

that elicit a stress response. For example, the research performed by Xie, Ni, Sheng, Seviour, 

& Yu (2016), focussed on characterising SMP to identify biological stress. Additionally, 

adenosine triphosphate (ATP) has been proposed as a biomarker for investigating stress in 

biological wastewater systems (Norman & Edwards, 2016; Norman & Walter, 2011). The 

main objective of these studies, which can also be identified in grey industrial literature, was 

the ability to measure the active biomass content and possible stresses (Aqua-tools, 2008; 

Norman & Walter, 2011). This has several advantages, including process control (Norman 

& Edwards, 2016; Norman & Tramble, 2017) and process performance enhancement by 

minimising microbial stress responses (Shi et al., 2017). 

Separating the mechanisms associated with microbial stress and stress responses has led to 

Fig. 2.6-2. Using the example of Fig. 2.6-2, an AS system shows that a ‘stressor’ with a 

particular affinity for microbes or biomass generates ‘stress’, and could be recognised via a 

stress response. However, the inverse of Fig. 2.6-1 could also occur under some conditions, 

where ‘stressors’ become negative and stress positive, indicating reserve capacity or 

resilience. Therefore, process-related stress responses for WRRF could be investigated in 

two ways, 1) observed empirically through the identification of visual indicators (seeing an 
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increase or reduction in Mixed Liquor Suspended Solids (MLSS)), or 2) through the 

evaluation of analytical data and to characterise the event and the ‘stress’ response. The first 

approach for investigating microbial stress responses is typically adopted by wastewater 

operational staff (Langergraber et al., 2018), often by interpreting visual (empirical) cues. 

The second focuses on generated data and those interpreting outcomes through descriptive 

or inferential statistical methods more common with process engineers. 
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Fig. 2.6-2 Mechanisms associated with generating biological process-related stresses. 

Despite significant evidence on the stresses experienced by biological wastewater treatment 

systems, the computation of resilience from complex microbial systems is rarely considered. 

Currently, research focuses on evaluating performance changes based on microbial 

degradation resulting from extreme events (Zhang et al., 2019; Zhao et al., 2022), although 

the analytical methods used are often complex and novel, preventing the somewhat more 
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straightforward computations of resilience and microbial stress in real-time. This disconnect 

between complex monitoring and achieving applied resilience outputs should be addressed 

to ensure that wastewater operators can make informed decisions that improve microbial 

resilience. Therefore, further research is required to evaluate the influence of external 

stressors (from wastewater catchment) on microbial/biological processes and how they result 

in process-related stress. 

2.6.3. Stress in physical wastewater systems 

Physical wastewater processes related to WRRF typically rely on gravity sedimentation or 

physical separation (granular filters, cloth filters, woven fibre filters or membranes). In these 

processes, physical wastewater process-related stresses result from the ‘physical’ 

construction of assets (i.e. sufficient capacity) and are generally sensitive to increased flow, 

which causes a reduction in a process's adaptive capacity. Such changes in wastewater flow 

lead to physical inadequacies linked to hydraulic washout, as Maruejouls et al. (2012) 

described. Therefore, it may be more straightforward to predict process-related ‘stress’ for 

physical processes rather than often, the large complex biological wastewater systems with 

many feedbacks and buffering encountered from returned flows. 

2.7. Summary of stress in wastewater treatment infrastructure 

and processes 

The concept of ‘stress’ in WRRF systems in the literature has various definitions; some relate 

to a seeming to follow a mechanical engineering approach, whereas others indicate stress as 

a reaction to some external stimulus. Other methods seem to agree with the concept of 

‘engineered ecology’ described in Section 2.2.2.1, and it seems to be a more appropriate 

strategy for biological wastewater systems. However, an appropriate consensus for the 
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definition of ‘stress’ in biological systems would be required as it has only been described 

in a few studies. It would also be crucial to investigate whether ‘resilience’ could be defined 

in the context of ‘stressor’ events and process-related stresses. Overall, the measurement of 

‘process stress’ analysis could benefit the diagnosis of treatment inefficiencies and targeted 

interventions towards autonomous applications. This would also agree with the current 

model of the UK water companies that are likely to retrofit rather than replace larger CWS 

(Scahfer, 2011). 

2.8. Simulation and modelling strategies for WRRF systems and 

processes 

Activated sludge systems have been used for wastewater treatment for over a century 

(Ardern & Lockett, 1914). Since the development of original process engineering principles 

and advances in computation and microbial kinetics (Monod-kinetics), research led to the 

development of the IWA ASM models in the 1990s (Vrecko et al., 2006). These numerical 

models shifted the original empirical methods of AS processes to a mechanistic 

understanding of carbon and nutrient balances (Van Loosdrecht et al., 2015). These 

mechanistic models have become a helpful tool, which more recently has led to the 

development of Plant Wide and Extended Plant Wide Models (PWM, E-PWM) that consider 

an entire AS system (Jeppsson et al., 2007; Lizarralde et al., 2019; Mbamba et al., 2016; 

Solon et al., 2017; Solon et al., 2015a). However, these explorative studies have focussed on 

testing niche theoretical process scenarios, which has limited their broader application. 

Therefore, the AS modelling literature has followed a scenario-test philosophy with many 

iterations required to simulate an actual WRRF. 
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2.8.1. IWA Activated Sludge Modelling (ASM1, ASM2, ASM2d and 

ASM3) 

The Activated Sludge Modelling (ASM) series of models have addressed a growing need to 

understand the mechanistic processes (Ahnert & Krebs, 2021) and model the outcomes of 

AS processes for the comprehensive management of operational changes (Morgens Henze 

et al., 2002). ASM1 has been used as the base model, increasing kinetic complexity towards 

ASM3. The academic IWA task group has proposed most examples of ASM simulations on 

Mathematical Modelling for the Design and Operation of Biological Wastewater treatment. 

Consultant engineers have applied these models using commercially available simulators 

(EnviroSIM, 2018a; Hydromantis Environmental, 2018; Mike DHI, 2018) as part of 

operational feasibility studies or iterative scenario-based analyses for plant upgrades 

(Tomlinson and Chambers, 1996). The complex ASM models often mean that calibration is 

time-consuming and costly, taking weeks or months to complete (Ramin, Flores-Alsina, et 

al., 2014; Regmi et al., 2018). The main drawback of modelling and simulation is the 

complexity of the model generated and the sometimes cumbersome calibration process. A 

poorly calibrated model can lead to erroneous values, meaning that model outputs are not 

representative of a physical WRRF system (Cosenza et al., 2013). However, Rieger et al. 

(2013) state that the modelling complexity should be based on the modelling outcomes and 

necessary accuracy demanded by the application. 

2.8.1.1 Description of IWA ASM modelling practices 

The IWA ASM model series is based on the Gujer matrix, as shown in Table 2.8-1, with the 

soluble (S) and insoluble (X) components (i … n) in the middle three columns representing 

heterotrophic growth and decay as the ‘continuity’ (i.e. the growth of biomass, consumption 

of substrate (Ss) and consumption of oxygen (So)), and must equal zero. Process rates () are 
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based on the Monod model where bacterial growth is regulated by; 1) the maximum specific 

bacterial growth rate (�̂�) is reduced by the ratio of Ss to the sum of Ss to the half-saturation 

coefficient (Ks) and, 2) the concentration of biomass in the AS process (X). Therefore the 

process rates are regulated by the concentration of Ss available for bacterial growth and the 

pre-existing biomass present in the tank; both can be affected by variations in influent flow 

and concentration. 

Table 2.8-1 ASM, Gujer (stoichiometric) matrix representation as presented for ASM model number 1: source Henze et 

al. (2002). 

 

The IWA ASM modelling and simulation studies have mainly used phenomenological 

influent generators with scenario factors (Gernaey et al., 2011; Maruejouls et al., 2012) 

before shifting toward probabilistic and modelling methods (Talebizadeh et al., 2016). 

Despite having reasonable accuracy, WRRF influent conditions are artificially generated 

rather than extracted from actual WRRF instrument data, meaning outcomes often reflect 

theoretical conditions based on the assumptions made by the modeller. These scenario-based 

approaches reduce the possibility of testing actual conditions. However, as WRRF 
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instrumentation reliability increases, so does the possibility of running simulations from 

actual data. 

2.8.2. Indices associated with the IWA ASM model series 

Following the development of ASM modelling practices, Copp (2000) proposed 

performance indices to evaluate control strategy strategies. The first index used is the 

Effluent Quality Index (EQI) which is based on the weighted sum of AS effluent 

contaminant load discharged to a receiving water body (Gernaey et al., 2014). This index 

has been used in resilience studies such as Sweetapple et al. (2017), which combined EQI 

with the Operational Cost Index (OCI) and Greenhouse Gas (GHG) emissions. The study 

uses theoretical modelling scenarios (% variation of flow, temperature, COD and Total 

Nitrogen) to investigate the relationship between EQI, OCI and GHG. Despite a robust 

methodology, the original indices have limitations and do not accurately reflect the outcomes 

of an operational WRRF. One of the main limitations of OCI is that it excludes operational 

labour costs, which can significantly impact operating costs (also noted by Copp (2000)). 

Furthermore, the evaluation indices (OCI, EQI and GHG) do not consider the resilience of 

WRRF systems, although some adaptations have been made for WRRF control strategies 

(Sweetapple et al., 2017). 

Other metrics have also been incorporated into the Benchmark Simulation Models (BSM), 

such as the risk of sludge bulking model (Flores-Alsina et al., 2009). These methods include 

EQI and OCI but also aggregate risk factors through ‘fuzzy logic’ to ascertain a high, medium 

or low risk of sludge bulking. The study also proposes a Time In Violation (TIV), a temporal 

measure of a sludge bulking event duration using a fixed baseline position. However, the 

study's main limitations were that simulations were again based on theoretical conditions 

rather than actual process conditions. Also, the OCI, EQI, GHG and TIV indices do not 
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account for resilience dynamics, which requires scalar indexing to capture the dynamic 

magnitude and temporal aspects of event-based stressors and process stresses. 

2.8.3. Benchmark simulation modelling 

As the term suggests, a ‘benchmark’ is a mark on a bench from which variations can be 

measured. This indicates a singular point from which measurements are made and has been 

defined as ‘a standard point of reference against which other things may be compared’ 

(Oxford Dictionary, 2020). In the field of WRRF modelling, a ‘benchmark’ is considered a 

simulation environment that defines a ‘base’ model with theoretically derived influent 

conditions to test control strategies (IWA, 2020). The primary assumption of BSM, the 

benchmarking against standard flow data used (assumed flows 150 L per capita per day) for 

the generation of dynamic influent variables (Gernaey et al., 2014, p. 16) rather than 

extraction from actual WRRF instrument data (Alex et al., 2018, 2008). Despite being a 

comprehensive modelling strategy, the standard operation of the WRRF model can only be 

assumed due to the theoretically derived influent parameters. Also, models provide one 

process model rather than an adaptive model that could support many different applications. 

Using a single model can be overly restrictive for UK applications where many systems have 

been modified to treat incoming wastewater and permitted limits far beyond their original 

design intent. Therefore, BSM studies currently exclude two factors, 1) evidence of the 

dynamic ‘stressor’ events in actual WRRF data and 2) the stress or resilience occurring in 

biological wastewater treatment processes. 

2.8.4. Data-driven and hybrid modelling 

An extension to ASM modelling practices is data-driven modelling, where data is used to 

drive a mathematical model. Interest in this area has grown primarily due to the availability 
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of pre-packaged algorithms and the accelerated growth in reliable online instrumentation 

(Newhart et al., 2019). Data-driven methods centre on ‘white’ and ‘grey box’ philosophies 

which analyse correlations and variances between performance variables from actual 

instrument data (Dürrenmatt & Gujer, 2012). More recently, hybrid models have emerged 

using deep (Xu et al., 2020) and Machine Learning (ML) (Hvala & Kocijan, 2020) to 

improve model predictions. However, modelling strategies have not yet considered the 

resilience of processes and sensitivity to data ‘noise’ from inconsistencies and instrument 

calibrations (Grievson, 2020). Therefore, to extend data-driven resilience modelling beyond 

scenario-test philosophies, data cleaning, reconstruction and validation are required 

(Quevedo et al., 2016).  

2.8.5. Data management and knowledge discovery 

The quality of data management in the wastewater industry varies and typically depends on 

the level of detail required to satisfy regulatory and financial objectives. This has led to a 

risk-averse culture embedded within water companies (MacGillivray et al., 2006), with 

instrumentation on smaller sites most commonly associated with the final compliance rather 

than inter-stage monitoring of WRRF systems and processes. Therefore, larger WRRF 

systems are more likely to include system-wide monitoring (i.e. at the process boundary) 

and internal monitoring for process control. Therefore, the pressure on water companies to 

comply with environmental permits often means that compliance-based instruments, 

typically at the point of discharge, are those more frequently maintained. 

This focus on final performance can mean that underlying process failures can go unnoticed, 

with little or no data visibility over upstream unit processes (Ebrahimi et al., 2017). 

Currently, resilience studies have not considered entire distributed sensor networks mounted 

within WRRF systems. Also, the data quality in WRRF systems is unknown, mainly due to 
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it not being publicly available. However, it may now be possible to generate data as 

intensively as required, particularly when a live signal can be monitored (<1 min) rather than 

instruments using wet chemistry (typically >15 min). The challenge is determining whether 

intensively monitored data can be used without having to screen out many abnormal patterns 

(Capizzi & Masarotto, 2017). Also, such large datasets can generate other challenges, 

becoming unwieldy, difficult to manage and may require restructuring. Nevertheless, if 

water company data is monitored intensively, it may be possible to predict process events 

that could influence a WRRF. Therefore, consistent data management should be applied to 

generate comprehensive insights and consider all data rather than a single point within a 

WRRF (Lorenzo-Toja et al., 2015). 

Storing and recalling knowledge of process events and remedial actions has been proposed 

through Case-Based Reasoning (CBR) (Comas et al., 2001). This approach has been 

successfully applied using the IWA/COST models by acquiring and systematically 

categorising case data (Comas et al., 2006). However, simulations were based on theoretical 

process scenarios, which limited cases to that available in the literature. This narrows the 

application of these methodologies to niche scenarios rather than actual WRRF systems and 

processes. If applied to actual WRRF data, it may misclassify event cases due to 

inconsistencies, data noise, and calibration errors when using stochastic data. 

2.8.6. Summary of modelling and simulation strategies for WRRF 

systems 

Overall, modelling has been successfully applied to WRRF systems but has focussed mainly 

on the mechanistic processes, as shown in the IWA ASM series of models. The models have 

historically been for testing niche process scenarios, such as that proposed in the BSM 

models that use a benchmark model to investigate different control strategies. They often 
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use theoretical process scenarios to test various hypotheses, but these rarely relate to an 

actual WRRF. The use of data-driven and hybrid modelling methods have emerged to 

improve the relevancy of modelled outputs and aim to reduce simulation errors iteratively. 

However, there are still significant challenges with data management and instrumentation 

errors before these methods can be applied to inform existing WRRF systems and processes. 

2.9. Summary of the literature review 

The literature review started by reviewing the fundamental methodologies of ‘resilience’ 

proposed for socio-ecological systems before advancing in characterisation and modelling. 

It acknowledges the fundamental literature of Holling, Walker and Gunderson, where a 

frictionless pendulum and mechanical ball can represent the progression of systems toward 

equilibrium or stability. Ecological system resilience principles show agreement with 

biological wastewater systems, which have an ecological hierarchy of microbes that display 

growth or decline in response to external influences. However, in WRRF systems, these 

biochemical responses are in some way controlled and would be better described as 

‘engineered ecology’, where the endogenous ecology is, in some way, ‘engineered’ to assure 

constancy and predictability. As in many modern WRRF systems, the concept of 

‘engineered ecology’ offers the prospect of providing feed-forward control for 

interventions/mechanisms, mainly when events manifest in distributed sensor networks. 

This ‘engineered ecology’ analogy also agrees with the three-dimensional interpretation of 

‘panarchy’, which can be interpreted as adaptive cycles. This covers the four stages, adapted 

here towards biological wastewater systems, where; 1) is rapid growth (r) - intensive 

microbial growth at the startup of an AS system; 2) conservation (K) - an equilibrium where 

microbial growth equals decline; 3) release (Ω) – the response to an event indicative of 

failure (loss or destruction of microbes) and; 4) renewal (α) – the re-ordering of the microbial 
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hierarchy for the next period of growth. Many of these panarchial cycles will exist in a single 

system as external events and recoveries modify its resilience and show distinctly different 

characteristics. Interestingly Gunderson & Holling (2002, p. 18) state in studies of panarchy 

that “People tend to want to stabilise nature for economic purposes. By doing that, we tend 

to lower the resilience of systems-which mean that they constantly surprise us by changing 

state”. This is an essential consideration on whether applying such stringent constraints to 

WRRF systems increases their vulnerability or whether the system could recover without 

significant intervention. 

The application of resilience studies for UWWS and UDS in the literature has focused on a 

systems-based approach focusing primarily on strategies around ‘middle states’ (adapting 

systems to reduce the impact). These approaches have proved successful, but there are some 

challenges when considering their application to WRRF systems. The first is how the zone 

of ‘reliability’ and the characterisation of a ‘zero point’ might be observed or characterised, 

particularly in dynamic WRRF systems and processes. The other is whether a ‘stressor’ 

could be identified temporally via distributed sensor networks to analyse how ‘stress’ 

manifests. This may be challenging due to WRRF system data not being publicly available, 

so evaluating the feasibility of using actual WRRF data must be considered before reliability 

or temporal studies. 

The resilience modelling in WRRF systems has used various approaches to quantify the 

magnitude of resilience (Mt) relative to some fixed point, or what is considered zero 

magnitude (M0). This is then integrated to provide the severity of the event under 

investigation. Other methods consider ‘resilience’ as a deficit and duration of an event, 

which lends itself to control chart applications where reliability and the probability of failure 

are easily computed. These studies also use existing modelling practices from the ASM 
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series of models to describe the deficit and duration and how it relates to effluent quality, 

operational costs and process emissions. However, again raises the question of ‘where a 

‘zero point’ or zone of reliability is and whether the methods presented could be applied to 

data from actual WRRF systems?’.  

Identifying the point of reliability, or ‘zero point’, is crucial to measuring stress, which is 

described as a variable that grows in magnitude as the process performance deteriorates. The 

advantage of identifying this ‘zero point’ is that ‘stress’ could be parameterised and 

measured from monitored performance-related variables available from WRRF systems and 

processes. However, there appear to be different descriptions of stress in the literature, with 

a disconnect identified when comparing stress/strain methods to the stress occurring in 

biological wastewater systems. Therefore, it will be crucial to gather an international 

consensus on the term ‘process stress’ and how it relates to biological wastewater systems. 

Mechanistic modelling has grown in sophistication towards PWM and E-PWM strategies to 

evaluate the effect of control strategies for complete WRRF systems. One of the main 

challenges with this type of simulation is the complexity of model construction (accounting 

for mass fractions and kinetic conversions). This can make them computationally intensive 

to run simulations and cumbersome to calibrate when attempting to achieve accurate results. 

However, they have achieved notable success and are present in most commercially 

available simulation software packages (BioWin, GPS-X, Mike, SUMO). These software 

packages also include evaluation metrics OCI and EQI being the most popular, used to 

evaluate scenarios, but not ‘resilience’ or ‘adaptive capacity’ of AS systems. Therefore, in 

addition to the developed operational and performance-based parameters, additional metrics 

should be developed to understand 1) how a ‘stressor’ manifests in a biological wastewater 

system and 2) the process-related stresses generated within the system.  



131 

 

The topography of ‘resilience’ and stress has been proposed for ecological systems, 

progressing towards the visualisation of stable landscapes and contoured heat maps when 

considering the decline of coral reef systems due to climate change. Despite some efforts by 

(Sweetapple et al., 2017) to provide heat-based points on the optimisation of design 

solutions, attempts to visualise resilience to threats present in actual WRRF data have not 

been performed. Only a limited number of studies focus on ‘dynamic resilience’ (Simonovic 

& Peck, 2013) that propose aggregating and disaggregating state spaces, similar to the phases 

described in the early work of Holling. However, they have not been applied to WRRF 

systems or processes. Therefore, to extend beyond current studies, a visualisation method 

should be considered to communicate the resilience of WRRF systems and processes more 

broadly (wastewater operators, regulators and government). 

There are many efforts to define the term ‘resilience’ in the literature with theory adapted to 

a specific field or output. In water management literature, the focus has been system based, 

embracing the ‘middle states’ approach toward ‘general resilience’, which corresponds with 

much of the research focussing on ‘global resilience’ methodologies. However, for 

significantly modified WRRF systems, an approach is required combining which combines 

‘specified’ and ‘general’ resilience. 

In the reliability engineering and system safety field, resilience studies focus primarily on 

managing the resilience of complex inter-connected networks. Two paradigms have 

emerged; the first, ‘static resilience’ is the ability of the system to maintain functionality 

when shocked, and ‘dynamic resilience’ focuses on the complex interactions and 

interdependencies between subsystems and temporal perspectives. This ‘dynamic resilience’ 

would be a novel prospect in interconnected systems such as larger WRRF, where many 

subsystems interact (unit processes). These systems also experience various temporal 
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dimensions based on the spatial distribution of monitoring instrumentation and incoming 

flow and load conditions. Therefore, it may be possible to evaluate the ‘dynamic resilience’ 

of WRRF systems and processes spatially and temporally based on data collected for process 

monitoring. However, the success will depend on the availability of data, its quality and the 

number of monitoring locations, which is currently unknown. 

The influence of factors on the stressors that manifest within WRRF systems can be complex 

involving multiple conflicting variables. Factors are also interconnected with their 

interactions creating similar outcomes. The reduction in operational capital due to water 

company privatisation has significantly affected the vulnerability of WRRF systems by 

shifting from a proactive to a reactive operational model, meaning localised firefighting has 

masked the visibility of the broader aspects of resilience. When combined with the social 

restrictions of COVID-19 and climate change, WRRF processes become vulnerable to 

events (or combinations of events), and pollution events have become more frequent. 

Therefore, there is a need to understand the present state of WRRF resilience to develop a 

strategy for managing the dynamic changes in resilience brought about by climate change, 

population growth and the possibility of future restrictions on human behaviour. 

2.10. Conclusions of the literature review 

The following are the conclusions as a result of completing the literature review: 

• The fundamental literature on resilience focuses on the paradigms of ‘ecological’ 

and ‘engineered’ resilience, but it is proposed that ‘engineered ecology’ would be a 

more appropriate term for biological wastewater systems. 

• Threshold values are commonly selected due to data on WRRF systems not being 

publicly available. This has led to assumptions being made on WRRF system 
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reliability and defining the ‘zero point’ for the evaluation of ‘stress’ and is also 

present in the equations used for the resilience modelling. 

• The ‘resilience engineering’ approach provides a best practice methodology for 

complex interconnected systems. However, the approach relies on generating a 

robust data set to ‘learn’ and ‘anticipate’ events. Due to water company asset data 

not being publicly available, it is unknown whether an SPM/RAG approach could be 

applied to actual WRRF data. 

• Due to water company data not being publicly available, WRRF modelling practices 

have followed a scenario-test approach, which provided iterative evaluations of 

control strategies. 

• Stress has been characterised as the level of system failure magnitude; however, there 

appear to be conflicting definitions of stress’ when biological WRRF systems and 

processes are considered. 

• Topographical resilience studies have had limited application to WRRF systems, but 

some good examples of heat maps are present in ‘ecological resilience’ literature. 

• Dynamic resilience has been proposed as an approach for complex inter-connected 

systems such as WRRF processes, with only a limited number of studies linking it to 

water studies of reservoir operation. 

• The factors associated with the manifestation of ‘stressors’ are related to the 

‘financialisation’ of water companies, its impact on the maintenance of WRRF 

systems and the advancing climate crisis increasing the possibility of pollution 

events. 
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2.10.1. Knowledge Gaps identified 

The literature review has identified specific Knowledge Gaps (KG) related to the 

characterisation of dynamic changes that influence the resilience of WRRF. As shown in 

Table 2.10-1, these have been subdivided and include references to associated Chapters. The 

KGs have been provided sequentially to follow the order they are addressed in this Thesis. 

Table 2.10-1 Specific knowledge gaps identified from the critical review of the literature. 

No Knowledge gap identified Addressed in 

Chapter 

1A Conflicting definitions have been identified for process-related ‘stress’ and 

its relationship to WRRF. 

2, 4 

1B The concept of ‘dynamic’ rather than ‘static’ resilience incorporates 

temporal dimensions of resilience and has been widely applied to 

mechanical systems and reliability engineering, although methodologies 

have not been embedded to evaluate WRRF processes. 

5, 6, 7 

1C Data transformation into knowledge appears to be a barrier to applying 

research outputs for WRRF systems. 

4, 6, 7, 8 

1D There is little evidence to indicate that actual WRRF data has been used 

to characterise dynamic changes in resilience. 

6, 7 

1E Current mechanistic and empirical modelling strategies focus on 

simulating niche theoretical scenarios rather than using actual WRRF 

data. 

6, 7 

1F Topographical characterisations have been proposed for ecological and 

‘dynamic resilience’, but it has not led to topographical state planes for 

WRRF processes. 

6, 7 
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2.10.2. Research questions identified 

From the KGs identified in Table 2.10-2, the Research Questions (RQ) were also generated 

to satisfy the research aims and objectives in Section 1.1. Additionally, the RQ in Table 

2.10-2 includes references to KGs in Table 2.10-1 and the Chapters where they are addressed 

in this Thesis. 

Table 2.10-2 Specific research questions identified and referenced KGs from the critical review of the literature. 

No Research question KG* Addressed in 

Chapter 

2A How do practitioners interpret WRRF process-related 

stresses, and how can this enhance the understanding of 

resilience? 

1A, 1B 2, 4 

2B How does understanding ‘process stress’ vary according 

to role, experience and education level? 

1A 4 

2C How do dynamic wastewater processes and WRRF react 

to environmental stressors?  

1B, 1C, 1E 5, 6, 7 

2D Could existing water company data improve 

understanding of resilience-related dynamic changes? 

1D 6, 7 

2E Could existing WRRF modelling practices be used to 

evaluate dynamic changes in resilience? 

1E 6, 7 

2F If dynamic changes in resilience occur, could they be 

visualised? 

1E 5, 6, 7 

2G Could the topography of WRRF systems resilience be 

communicated to operators?  

1F 6, 7 

*
References identifiers from knowledge gaps provided in Table 2.10-1 
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Chapter 3 
 

 

3. Research strategy 

The previous Chapter provided a critical review of the literature associated with; 1) the 

theory associated with fundamentals of resilience, 2) factors influencing the resilience of 

WRRF processes, 3) process-related stresses occurring from factors/stressors, 4) simulation 

and modelling strategies used for WRRF processes and 5) data management and knowledge 

discovery. This Chapter focuses on the research strategy used in this Thesis. 

3.1. Overview of the research approach 

The overarching strategy for this research can be seen in Fig. 3.1-1, showing how the 

formulation of knowledge gaps provided a central strategy for the iterative development of 

‘dynamic resilience’ methods that narrow towards the original contribution to knowledge. 

Original contribution

Method development:

global dynamic

Method development:

discrete dynamic

• Literature review

Method development: 

feasibility

Formation of Knowledge Gaps 
and Research Questions

• International survey one

• Simple method development

• Primary sedimentation modelling

• Basic MCS simulations

• Demonstration of discrete dynamic resilience

• Actual WRRF data

• Simplified mechanistic model

• Heat map visualisations

• Demonstration of global and discrete dynamic resilience

• Use of complete mechanistic and empirical models

• Heat map visualisations for each unit process

• International survey two

 

Fig. 3.1-1 Research strategy for evaluating the methods developed for ‘dynamic resilience’ analysis presented in this 

Thesis. 
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Initially, this research project focussed on identifying knowledge gaps and research 

questions (Chapter 2 and Sections 2.10.1 and 2.10.2) via a literature review. An international 

survey was then performed in Chapter 4 to understand the perception of ‘process stress’ for 

WRRF systems and processes. The research then progressed to ‘dynamic resilience’ method 

development based on analysing dynamic changes in resilience and conditions resulting in 

‘process stress’ (Chapter 5). However, these initial methodologies encountered some 

limitations, with ‘state-based’, ‘dynamic resilience’ analyses reflecting only theoretical 

conditions and operational ranges for process-related parameters. So, in Chapter 6, the ‘state-

based’ methods were extended towards using actual WRRF process variables, so simulations 

were developed to include actual WRRF data and analyse dynamic changes in process 

stress/resilience. These initial ‘dynamic resilience’ methods were described as ‘discrete’ 

analyses due to the WRRF data being applied to a single Conventional Activated Sludge 

(CAS) process within the ‘global’ WRRF boundary. A further extension to the ‘discrete’ 

methods developed in Chapter 6 was ‘global’ (WRRF process boundary) ‘dynamic 

resilience’, which proposed to analyse resilience based on multiple variables (Chapter 7). 

Therefore, the research in this Thesis follows a sequential approach, with the literature 

review and international survey providing the research rationale and strategy. Then each 

Chapter iteratively adapts and evaluates methodologies toward the evaluation of ‘discrete’ 

and ‘global’ ‘dynamic resilience’ using actual WRRF data as the main contribution to 

knowledge. 
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3.2. Research strategy 

The research approach used in this Thesis started with a critical review of relevant literature, 

which identified relevant KGs and the associated RQs. KG 1A, identified conflicting 

definitions of process-related ‘stress’ and its relationship to WRRF. Therefore, requiring a 

survey to evaluate the understanding of process-related ‘stress’ from international 

wastewater experts and practitioners. Because KG 1A was based on professional perception, 

exploratory mixed methods were used with open and closed questions and analysed via 

coded variables to evaluate qualitative and quantitive outcomes. To provide a thematic 

analysis of survey results, open questions were used to explore the professional judgement 

of wastewater practitioners, engineers, operators and academics and understand the use of 

analytical tools or decision support systems. 

The survey results were evaluated alongside existing methodologies and those proposed in 

academic literature. This led to the development of a preliminary ‘state based’ methodology 

with an appropriate level of complexity to evaluate whether it is possible to identify and 

characterise process-related stresses (Case study 1). The selected methodology for 

characterising and classifying process-related stresses was Monte-Carlo Simulations (MCS). 

These MCS were computed via novel Stressor and Process Stress Indices (SI and PSI) using 

a simple empirical mathematical model of a primary sedimentation process to compute one 

thousand states toward a ‘state-based’ methodology (i.e. via pseudo-random iterations). This 

aligns with Holling (1973), where inter-species states or planes are considered. However, in 

this Thesis and according to ‘dynamic resilience’ methodologies (see Section 2.2.2.5), an 

aggregated methodology combines numerous process ‘states’. These aggregated planes the 

used to visualise combined state phases as contoured heat maps. However, temporal factors 

were not considered or actual WRRF data. Therefore, ‘actual’ WRRF scenarios outside of 
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operational norms, including those resulting from significant modifications to consumer 

behaviour (COVID-19) and climate change, could not be characterised. 

To include temporal considerations and the influence of stressors resulting from an actual 

wastewater catchment, the use of actual WRRF instrument data was crucial. Therefore, 

Southern Water Services Limited provided ten years of actual WRRF influent flow data from 

a site in the south of the UK. To extend ‘state based’ MCS methodologies to using actual 

WRRF data, two data-driven mechanistic models were developed for a single AS process 

according to the IWA ASM1 modelling principles. In this initial ‘discrete’ study of ‘dynamic 

resilience’, the modelling strategy was simplified to mechanistic conversions based on the 

growth or decay of heterotrophic bacteria (Case study 2). The first of these models, the 

‘slave’, incorporated a standard operational condition extracted via clustering 

methodologies. The second model, the ‘master’, incorporated actual data, including all 

variation that occurs under normal operation and the varying magnitudes of events (i.e. 

representing the actual process perturbations). Simulations were then tested concurrently 

using the ‘master’ and ‘slave’ models on hypothetical shock conditions before applying a 

time series of actual data. The modelled data outputs were then transformed to provide 

analytics for the computation of SI and PSI, and used to generate a contoured heat map for 

each. These tests were then repeated for various conditions, using a variety of extreme and 

normal operating conditions to evaluate the possibility of using actual WRRF data to 

evaluate the ‘dynamic resilience’ of ‘discrete’ WRRF unit processes. 

To extend ‘discrete’ methodologies to ‘global’ studies of ‘dynamic resilience’, compliance 

data from the process boundary was used. It involved expanding modelling methodologies 

to the ‘global’ WRRF system boundary, using models for internal unit processes (i.e. after 

screening to WRRF effluent). Therefore, Case study 3 was designed, which included five 
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years of process data (all instruments mounted at an operational WRRF in the south of the 

UK). The simulations combined empirical process models applied for primary sedimentation 

and ASM1 mechanistic models for the AS process (‘master’ and ‘slave’). Therefore, a multi-

variate approach was applied to investigate ‘discrete’ and ‘global dynamic resilience’ 

methods, using a WRRF selected from the south of the UK. The WRRF site selection criteria 

were based on the two levels of process variables required for analyses; 1) ‘discrete’ internal 

variables, which are monitored for process control, and 2) ‘global’ variables at the WRRF 

process boundary used for monitoring compliance with environmental permits. The 

‘discrete’ process control variables were used as a time series to drive empirical and 

mechanistic models arranged as one sequential process stream. Models also included all 

recirculated flows and sludge extractions from the WRRF process stream. Therefore, to run 

simulations concurrently through ‘master’ and ‘slave’, data was separated into two 

conditions 1) represented the ‘standard operational condition’, extracted from the flow and 

performance variable data and 2) the Identification, classification and validation of 

significant events possibly related to environmental stressors. The Standard Operational 

Condition (SOC) was used to drive the ‘slave’ model with ‘master’ model inputs using 

influent flow, MLSS, Recirculated Activated Sludge (RAS) and DO as ‘discrete’ measured 

input variables (used for process control). The ‘global’ boundary reflected the compliance-

related parameters typically used to measure process conditions/performance during the 

selected events. Following the concurrent ‘master’ and ‘slave’ simulations, transformations 

were performed to generate SI and PSI outputs and the associated contoured heat maps 

termed in this Thesis as a SOW. 

Overall, the research strategy was a sequential process, with each stage/Chapter adapting 

and extending the previous methodologies. This was done to gradually increase the 

complexity and novelty of outputs, avoid cumbersome simulations and focus on developing 
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a methodology that generates robust outputs. This led to four stages, each dependent on the 

previous (shown as Chapters in this Thesis) towards the main contribution of this Thesis in 

Chapter 7 as ‘Discrete’ and ‘Global Dynamic Resilience Analyses’ (DDRA and GDRA). 

Additionally, the four stages described were designed to enhance the reflective discussion, 

conclusions, future recommendations and the outcomes of a second mixed-methods survey 

for possible method validation (Chapter 8). 

3.3. Research paradigm and structure 

The research in this Thesis follows a pragmatist paradigm (Biddle & Schafft, 2015) to allow 

the use of various qualitative and quantitative methods (a mix of ideas, methods and 

approaches to addressing a particular research question). This mixed-methods approach 

allowed more freedom for method development and strategies for expert surveys, which 

used a sequential integration approach. This methodology has been adapted from Bazely 

(2018, p. 73) to include the recursive inclusion of emerging literature and methodologies. 

The pragmatist paradigm ensured that a mixture of research methods could be sequentially 

integrated as new knowledge or methodologies become available for specific KG and answer 

the associated RQ. These are included for relevant stages (Fig. 3.3-1) and references to the 

specific KG in Table 2.10-1, RQ in Table 2.10-2, and relevant Chapters. 

The research structure presented in Fig. 3.1-1 was divided into three phases. Phase 1 

provided the strategic research direction through a literature review and analysis of existing 

methods. The literature review in Phase 1 identified the requirement for further knowledge 

associated with WRRF process-related stresses. At the same time, method development 

(Case study 1) was incorporated based on the outcomes of an international water/wastewater 

professional survey. During this Phase, any additional methods were investigated from an 

industrial and academic perspective, including accepted practices/emerging methodologies 
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through a recursive loop. This provided continuous updates as the research in this Thesis 

progressed. 

1a) Literature review

1b) Surveys of 
international water/
wastewater professionals
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Fig. 3.3-1 Modified sequential integration methodology with recursive loops research strategy. Where KG represents 

knowledge gaps and can be identified from Table 2.10-1 and RQ the research questions Table 2.10-2. 
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Following Phase 1, simulations progressed to ‘discrete dynamic resilience’ using actual 

WRRF data as a Case study 2. This methodology was designed to address KG 1D (using 

actual WRRF instrument data) and RQ 2E (using existing modelling practices to evaluate 

‘dynamic resilience’), as shown in Fig. 3.3-1. As part of Phase 2, an additional recursive 

loop was included along with the storage of possible methods, which may be too complex 

or outside the case study scope. This strategy was to 1) gather possible methods for future 

stages and 2) compare research methods with those emerging in the literature. Case study 2 

extended ‘discrete’ methodologies to the ‘global dynamic resilience’ of an entire WRRF in 

response to external environmental stressors. This provided a further extension to satisfy KG 

1E (current mechanistic modelling strategies focus on niche scenarios rather than actual 

WRRF data) and RQ 2F (can the dynamic changes in resilience be visualised). Again, this 

stage included a recursive evaluation that included new literature and stored possible 

methodologies. Phase 3 provides a summary and general discussion of the methodologies 

with an additional narrative from the second survey of international experts and practitioners. 

This survey was designed to provide a critical appraisal of methods developed during this 

research, validating and identifying possible opportunities for further research. Phase 3 

closes with the overarching conclusions from the research in this Thesis and identifies further 

research contributions. 

3.4. Overview of data generation and management 

Three datasets collected during this research are presented in Appendix 11.10 to 11.19. The 

first dataset was collected from the first survey of international experts in Chapter 4. The 

second dataset was gathered in collaboration with Southern Water Services Limited and 

involved acquiring instrument data logged for two WRRF processes in the south of the UK 

(Chapters 6 and 7). The third stage collected responses from international experts with 
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questions to provide a critical review of the research methods developed. The specific 

strategy for data collection has been included in all ethical reviews and follows the 

University of Portsmouth research data management policy.  

3.5. Ethical considerations 

Three ethical reviews were completed during this research, as shown in Table 3.5-1. Review 

one was completed due to data generated from human participants required to complete the 

survey and was based on the management of collected data. Review two was completed to 

provide a methodology for managing potentially sensitive water company treatment WRRF 

data (including some compliance-related data). Finally, review three, similar to review one, 

addressed data collection from human participants. In addition to the ethical reviews 

completed, all shared data was also covered by a non-disclosure agreement between the 

University of Portsmouth and Southern Water Services Limited. 

Table 3.5-1 University of Portsmouth, Faculty of Technology ethical reviews completed during the research presented in 

this Thesis. 

No Review code Function in research Section Date 

1 Non-disclosure agreement 

between Southern Water 

Services Limited and the 

University of Portsmouth 

Management of operational data 

associated with Southern Water 

Services Limited assets (Chapters 6 

and 7). 

Confidential 

on request 

only 

21/11/16 

2 TECH2019-T.H-0.2 Management of data associated with 

the survey of international experts and 

practitioners (Chapter 4). 

11.8.1 26/11/18 

3 TECH2019-T.H-0.3 Management of data associated with 

Southern Water Services Limited 

treatment sites (Chapters 6 and 7). 

11.8.2 19/10/19 

4 TECH2021-T.H-0.1 Management of data associated with 

the survey of international experts and 

practitioners (Chapter 8) 

11.8.3 08/07/21 
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Chapter 4 
 

 

4. Results of the international survey of wastewater 

professionals 

The previous Chapter provided the strategy for this research. The current Chapter presents 

the results of an international survey performed between February and April 2019, exploring 

the expert perception of process-related stresses and analytical tools used. This Chapter 

contributes to the broader field by investigating the understanding of ‘process stress’ from 

wastewater professionals and current methodologies used for its measurement. The survey 

has also been used to improve the possibility of transforming publications into a unified 

methodology that aims to understand the expectations of international experts and academics 

(Corominas et al., 2018).  

4.1. Introduction 

As identified in Chapter 2, the interpretation of process-related ‘stress’ varies with 

resilience-based studies for urban water systems considering a stress-strain relationship 

(Butler et al., 2016). However, in experimental studies of biological wastewater systems, 

‘stress’ is characterised as the effect of some exceptional toxicological effect or severe 

modifications to microbial assimilation (rate-limiting nutrient or organic carbon). To 

identify these changes in microbial assimilation bio-markers such as the release of SMP are 

monitored (Xie et al., 2016). As described in Chapter 2 (Section 2.6.2), there is a strong 

indication that biological wastewater systems behave differently and are closer to the 

paradigm of ‘engineered ecology’ (microbial ecology controlled by mechanical systems) 
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proposed in Section 2.2.2.1. Due to the apparent differences in the interpretations of ‘stress’, 

it is important to investigate the perception of process-related stress from international 

wastewater experts. Therefore, further investigations are required to understand the 

perception of process-related stress from experts and academics working or researching the 

field of water and wastewater engineering. 

Studies on UWS propose interventions that use a system's ‘adaptive capacity’ to minimise 

system ‘stress’, which has been described as suffering ‘strain’ (Sweetapple et al., 2018). 

These studies also focus on theoretical scenarios, which may not reflect the possibilities for 

intervention in an existing WRRF system or process. This is particularly relevant when 

considering more recent stressors (climate change and the COVID-19 pandemic), where 

there has been debate on whether adaptation is possible (Hughes et al., 2010), particularly in 

times of significant uncertainty when events become increasingly unpredictable (GHK 

Consulting & DEFRA, 2009). Alternative strategies, such as adaption pathways (Sadr et al., 

2020), have been proposed to visually represent intervention strategies that could be applied 

to future scenarios. However, the challenge for such a methodology is the uncertainty of 

future scenarios, with factors manifesting as stressors generating many spatial and temporal 

stresses. Additionally, factors generate stressors (see Chapter 2, Section 2.4) that emerge at 

different rates and often generate conflicting factors that affect multiple performance-based 

parameters. Therefore, the perception of process-related stress from international wastewater 

experts is required before exploring the feasibility of ‘dynamic resilience’ methodologies. 
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4.2. Aims and objectives 

This Chapter aims to 1) investigate the professional (industrial and academic) perception of 

process-related stresses and 2) explore whether the measurement of process-related ‘stress’ 

is necessary to analyse WRRF process resilience. Therefore, this Chapter aims to address 

KG 1A and 1C in Table 2.10-1 and RQ 2A and 2B in Table 2.10-2 related to conflicting 

definitions of process-related ‘stress’ identified by the literature review in Chapter 2. 

The objectives of this Chapter are listed below: 

1. Evaluate the interpretation of process-related ‘stress’ through a survey of 

international experts. 

2. Provide a descriptive and thematic analysis of the data generated. 

3. Investigate specific methodologies or tools used to make decisions or analyse 

process-related stresses. 

4.3. Materials and methods 

4.3.1. Data collection and survey design 

Process-related stress for biological wastewater treatment processes may be a new concept 

for industry professionals and academics. Therefore, it is essential to understand any existing 

strategies for existing WRRF systems and to provide insight into the depth of professional 

knowledge on ‘process stress’. Therefore, a focussed epistemological survey was designed 

to analyse the extent of current knowledge while evaluating existing analytical tools. The 

study uses a mixed-methods approach to understand ‘process stress’ across the wastewater 

industry and academia. A pragmatist research approach (see Section 3.3) was adopted to; 

first introduce the concept of ‘process stress’ (qualitative) and second, group and rank 
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collected data to analyse respondent responses (quantitative). Both qualitative and 

quantitative data were then converged to capture a holistic understanding of ‘process stress’ 

in wastewater treatment processes (Bazely, 2018). 

In the first part of the survey, participants were asked to state their professional role and level 

of education. During data processing, results were quantitised (Nzabonimpa, 2018) to give 

a specific ranking, using values between one and five (Driscoll et al., 2007), with one being 

the lowest level (e.g. Secondary school) through to five (e.g. PhD/EngD). Dichotomous, 

closed questions were used to capture the proportions of respondents using decision support 

tools and whether ‘process stress’ analysis is a reasonable prospect for wastewater treatment 

process analyses (Creswell and Clarke, 2011). Multiple-choice questions were used to group 

and categorise data, particularly when identifying participants' professional specialism and 

industrial sector. Qualitative questions were used to add clarity to the quantitative data and 

codings. One example is when considering the limitations of analytical software packages, 

where respondents were asked to provide an opinion based statement and their perception of 

‘process stress’ (Qualitative). 

4.3.2. Sampling strategy and experimental design 

The survey aimed to sample a cross-section of international wastewater experts from 

industry and academia. Therefore, a broad approach was taken to recruit a wide range of 

specialisms and expertise. This included links and requests for participants being placed on 

professional social media platforms (e.g. Research Gate and LinkedIn groups), wastewater 

industry-specific websites and blogs. Direct contacts were also made through consultants 

and engineering professionals listed in directories (e.g. CIWEM). Snowball sampling was 

also performed through the research team with requests to forward to relevant respondents.  
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The flow diagram in Fig. 4.3-1 shows the experimental design used in this research, with 

each Step on the right-hand side. The first Step in Fig. 4.3-1 shows the basis for the survey 

design and the targeted respondents. The second Step was divided into six determinants: 1) 

‘experience and role specifics’, which covers industry, specialism, level of the current role 

and qualification level; 2) ‘decision support systems’, which explores the types of Decision 

Support Systems (DSS) used and whether it is a commercial product; 3) ‘analytical software 

application information’, which examines the kind of analytical software application used, 

its strengths and limitations; 4) ‘decision type’, which considers the type of and level of 

decisions made; 5) ‘benchmark and process stress’, which explores the understanding of the 

term ‘benchmark’ and ‘process stress’; 6) ‘dissemination’, which investigates the relevance 

of ‘process stress’ and any preferences in visual presentation. Step two was used to process 

qualitative and quantitative data, using mixed methods to rank (quantitise), code and provide 

a thematic evaluation of qualitative data. Step three converged the qualitative and 

quantitative data using descriptive statistics via Minitab® 17 (Version 17.3.1) to show the 

key converged observations. Step four extracted the key themes from the survey (qualitative 

and quantitative) to produce a narrative of the results. Finally, Step five summarises research 

outputs and the impact on future research direction. 
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Qualitative data collection
• Exploratory questions

• Subject understanding

• Holistic judgement

• Comment and descriptive

Quantitative data collection
• Convergent questions

• Expanding on qualitative

• Drop down answers

• Multiple choice

Data convergence
• Convergence of Qualitative 

and quantitative data

• Data extraction and 

relationship analysis

• Trending of results

Step 1
• Online hosted survey

• Convergent survey 

design

Respondents
• Wastewater professionals

• Wastewater researches

• Plant manufacturers

• Plant operators

• Regulators

Structured surveys
• Web-based survey

• Mixed methods

• Wastewater professionals

• Wastewater researchers

NQ = 15NQ = 9

NR = 255 (100 %)

Step 2a: Qualitative
• Data coding

• Opinion interpretation

• Thematic analysis

Step 2b: Quantitative
• Ranking of answers

• Descriptive statistics

• Grouping plots

Step 3: Convergence
• Combining rankings, 

coding's and themes

• Standardisation to a 

single dataset

• Thematic matrix analysis

Step 4
• Discussion of survey 

findings.

• Future direction of 

research area.

• Recommendations based 

on present research 

position

NR = 97 (38%)NR = 117 (46%)

NQ = 24

Survey 

research output

Step 5
• Present research outputs

• Inform research area

Converged outputs
• Presentation of converged 

outputs

• Explanation of thematic and 

quantitative research

• Implications of the research

• Future perspectives

 

Fig. 4.3-1 Convergent, mixed methods survey design and flow diagram, showing the five steps of data collection, analysis 

and measurable research outputs. ‘NQ’ is the number of questions, and ‘NR’ is the number of respondents at each step. 
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4.3.3. Survey response 

The total number of survey responses was 290. Data screening and consolidation involved 

removing blank surveys (n=13), respondents using the survey for speculative marketing 

purposes (n=9), respondents that filled in <10% of the survey (n=18) and those declining to 

proceed with the survey (n=5). After the data screening and consolidation, 255 valid 

completed surveys were taken forward for analysis (88% completion rate). 

4.4. Results and discussion 

4.4.1. Process stress in wastewater treatment processes survey 

demographic 

This Section explores the demographic and industry sector of respondents that completed 

the Process Stress in Wastewater Treatment Processes survey. The pie chart in Fig. 4.4-1 

shows the geographic region of respondents and the proportion that completed the survey. It 

shows significant global interest in the survey, with respondents from 43 countries and 13 

regional zones. The most significant contributor to the survey was the UK, occupying 32% 

(n=82) of the total sampled population and was followed by the USA & Canada, with 32% 

(n=81). Therefore, the most substantial survey contribution came from high-income 

countries (Walker, 2016). However, the third-largest contributor was Central Asia, with 11% 

(n = 28), of all countries and territories eligible to receive official development assistance 

(OECD, 2019). This indicates that developing countries are now showing a greater interest 

in sanitation and the management of wastewater treatment processes, which corresponds 

with the work of Gallego-Schmid (2019), whso performed a lifecycle assessment of 

wastewater treatment in developing countries. 
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Fig. 4.4-1 Pie chart showing survey respondents by region. Slices show the proportion of respondents that completed the 

survey in a particular region, with the number of respondents (n) shown in the legend next to the regional zone in brackets. 

The pie charts in Fig. 4.4-2a and Fig. 4.4-2b show the percentage of respondents by industry 

and specialism. The most considerable respondent contribution was from Water Utilities, 

with 42% (n=108). This, in turn, explains the significant contribution of operations in Fig. 

4.4-2b (25%). Academia followed Water Utilities with 23% (n=59), which is thought to 

explain the contribution of Research and Development and Scientific shown in Fig. 4.4-2b. 

Consultants were the third-largest contributor, with 17% (n=43) of the respondent 

population, followed by manufacturing with 17% (n=27). Therefore, although the results are 

biased toward Water Utilities, they also capture a wide range of industries to provide a 

holistic population. An interesting observation, which extends the study beyond existing 

literature, is that there is a good number of respondents from wastewater equipment 

Manufacturers, 10% (n=27). Therefore, closing the loop by providing a respondent 
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population covering those working from wastewater process conception (research), design 

(manufacturing), installation and on-site operations. 

 

Fig. 4.4-2 Pie chart, with a) showing respondents by industry and b) respondents by specialism. n is shown in the legend 

to the right of the specialism. 
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Fig. 4.4-2b shows the area of specialism and range of disciplines, with the largest respondent 

population represented by operations with 24% (n=63). Engineering Process closely 

followed this with 20% (n=52). The large population of operational respondents is unique 

because operational staff are rarely consulted but hold much empirical knowledge, which is 

not well covered in the literature. It is also significant because operational staff and their 

maintenance routines considerably impact the quality of wastewater process outputs 

(Serdarevic & Dzubur, 2019). Therefore, this research includes input from commonly under-

represented operational staff with a valuable empirical understanding of wastewater 

treatment processes. The third-largest respondent population was Research and 

Development, with 11% (n=28) and Scientific, with 10% (n=24). 

4.4.2. Decision-making tool use and importance by specialism 

It is also essential to evaluate the decision-making tools used by industry and academic 

specialists, along with their decision-making strategies. As a result, respondents were asked 

to state the method they most commonly used from written notes, spreadsheets, simulations, 

Environmental Decision Support Systems (EDSS), opinion, mathematical modelling or 

nothing. The outcomes are shown in Fig. 4.4-3, with specialism on the x-axis and sample 

population on the y-axis (%). The most commonly used method was personal or company-

specific spreadsheets, with 33% (n=83). Spreadsheets are extensively used by those working 

in operations, engineering process, scientific and technical disciplines. All of which require 

numeracy to perform calculations and demonstrate new ideas or concepts. Understandably, 

teachers/lecturers in the wastewater engineering field used spreadsheets the least, as they are 

less likely to conceptualise new ideas or concepts in a commercial context numerically. 
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Fig. 4.4-3 Stacked bar chart showing the decision-making tool by specialism. Where the x-axis shows the area of 

specialism, y-axis the percentage of the respondents, and stacks represent the proportion of the sample set used by the 

particular specialism. To the right of the legend entry, shown in brackets, is the overall percentage of respondents, followed 

by the number of respondents. 

The second most popular method shown in Fig. 4.4-3 was simulation and EDSS, with 29% 

(n=72) used by respondents to simulate wastewater treatment processes while providing 

some form of EDSS. The fractionation of packages and respondent use is continued in Table 

4.4-1. Engineering process was the largest user of simulation and EDSS software packages, 

with 26% (n=19) of the users, which directly relates to their primary job function of 

delivering compliant wastewater treatment processes. Fig. 4.4-4 shows that those in 

engineering process who disclosed a reason for using simulation and EDSS used these tools 

to value the ‘accuracy of information’. Other studies have found that EDSS and simulation 

have also been used to reduce the cognitive demand required, using models based on 

adaptations of the IWA BSM models (Copp, 2000; Dalmau et al., 2006; Lorenzo-Toja et al., 

2016). Fig. 4.4-3. However, it also indicates that EDSS and simulations are presently limited 
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to numerically qualified engineers and those with the education and training to calibrate the 

underlying models, which can have many complex parameters (Bachis et al., 2015; Cosenza 

et al., 2013; Zeng et al., 2013). 

The third-largest method used was written notes, with 10% (n=25) of respondents favouring 

them as a method of decision support (Fig. 4.4-3). This is somewhat concerning for an 

industry where non-compliance with treatment standards can have severe environmental 

impacts due to the risk of loss and destruction of important wastewater process information. 

Furthermore, storing information in this form prevents data mining and in-depth statistical 

analysis (knowledge management and generation). The most significant users of written 

notes were respondents in operations, with 13% (n=8), followed by engineering process and 

engineering design (mechanical and electrical (M&E)), with 8% (n=4) and 15% (n=3), 

respectively. Operational respondents were also least likely to disclose information, with 

11% (n=7) choosing not to disclose the decision-making tool used and 33% (n=21) for the 

decision importance (Fig. 4.4-4). Therefore, operational staff are likely to value empirical 

knowledge rather than statistical numerical information, meaning they keep written notes on 

observations. The importance of these observations has also been noted by Hernández-

Chover (2019) when performing cost analysis on age-related wastewater process 

deterioration. 

Mathematical modelling was used by 9% (n=23) of respondents, with Research and 

Development (R&D) the most significant users of numerical software tools and 25% (n=7) 

of the grouped data (Fig. 4.4-3). This observation corresponds with the findings of Lee 

(2017), who found that mathematically modelling technology opportunities for R&D project 

selection allowed the exploitation of short-lifecycle technologies. Therefore, R&D project 

selection favours mathematical modelling packages, such as MATLAB®, Octave, and 
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Python, due to the multi-objective digital manipulations (re-structuring) that can be achieved 

from large datasets. Engineering process was the second most significant user of 

mathematical modelling tools, with 9% (n=5) of the grouped data. This is possibly linked to 

the numerical manipulations performed for process engineering design concepts which 

inform operational changes (Ebrahimi et al., 2017). This corresponds with Fig. 4.4-4, where 

engineering process (for analysis) and operations (accurate operational changes) value the 

‘accuracy of information’. Evidence of this was also found in the overall number of 

respondents, where 35% (n=89) considered ‘accuracy of information’ most important when 

making a decision (Langergraber et al., 2018). This was followed by the ‘Robustness of 

outcomes’, with 11% (n=28) and ‘application of outcomes’, with 9% (n=23). 

 

Fig. 4.4-4 Stacked bar chart showing decision importance by specialism. The x-axis shows the area of specialism; the y-

axis represents the percentage of the original sample population and stacks the proportion of the sample set used by the 

particular specialism. To the right of the legend entry, shown in brackets, is the overall percentage of respondents, followed 

by the total number of respondents. 
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The cost implications of outcomes and the judgement of expert consultants were considered 

least valuable by respondents, with 5% (n=13) and 4% (n=11), respectively. Out of all the 

groups, engineering process had the greatest appreciation for the ‘cost implications’, likely 

forming a large part of their role when focussing on process optimisation (Serdarevic & 

Dzubur, 2019). Conversely, manufacturing, innovation, sales marketing proposals and 

technical showed no consideration for the ‘cost implications of the outcomes’. Furthermore, 

they are least likely to use the judgement of expert consultants to generate decisions.  

4.4.3. Summary of software application use 

Software applications were used by a minority of respondents (29%, n=72), with only 9% 

(n=23) disclosing the type of software they used. Table 4.4-1 shows the software 

applications used by respondents, along with their specialism and software application use 

in h.week-1. Ten software applications were used by respondents, covering asset 

design/management, simulation EDSS, mathematical modelling and statistics. The most 

popular software applications were spreadsheets, with 33% (n=83) of respondents, where 

engineering process and operations were the most extensive users. Therefore, engineering 

process, and operations, are thought to use spreadsheets because they are a convenient tool 

for capturing empirical, experience-based process data for operational transactions. 

Moreover, operations greatly appreciate overall plant performance, so they can effectively 

intuitively screen uncertainty in datasets based on their expert judgement. The second most 

popular software application, used by a wide range of technical specialisms, was BioWin, 

by EnviroSIM (EnviroSIM, 2018a). The most significant users of BioWin were Engineering 

Process (n=4), using the software application for a mean of 11.8 h.week-1. From the 

qualitative data, the users of BioWin favoured time savings (n=2) and the reduction in the 

potential for errors (n=2). Users also stated they used the dynamic analysis and valued the 
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WRRF process insights it gave. They also used BioWin educationally to extend internal 

knowledge so that process models could be applied more widely within their organisation. 

This indicates that users of BioWin, particularly in the engineering process field, use it to 

generate dynamic plant-wide simulations of existing wastewater treatment processes (Li et 

al., 2016; Liwarska-Bizukojc & Biernacki, 2010; Nghiem et al., 2017). 

Matlab/R was the third most used software application (35% (n=8)), with an even utilisation 

in engineering design M&E, engineering process, R&D and operations (n=2). Therefore, 

mathematical modelling packages are used by those performing conceptual modelling of 

wastewater treatment processes. Users spent a mean of 13.1 h.week-1, the highest software 

application use; however, there was considerable variation in results, evident in the median 

value of 8.8 h.week-1. When considering the qualitative data, mathematical modelling 

software users preferred to use the software for the fair comparison of options and to reduce 

the time taken for mathematical simulations. The literature also covers this when using 

standard mathematical/mechanistic models following the IWA BSM methodologies (IWA, 

2018; Jeppsson et al., 2007; Vrecko et al., 2006). Matlab/R were well documented in the 

literature, particularly when optimising wastewater treatment processes using ML 

techniques and simulations (Bagheri et al., 2015; Moon et al., 2011). Therefore, it is 

anticipated that the number of wastewater professionals and academics using mathematical 

modelling will increase over time to test and validate methodologies for the predictive 

optimisation of wastewater treatment processes. However, before that can happen, a better 

understanding of process-related stress is required, as identified during the literature review 

in Chapter 2. 
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Table 4.4-1 Respondent use of software applications as primary and secondary utilisation. ‘n’ is shown in parentheses to the right of the tabulated values and the median in square parentheses 

beneath the mean. 

Software application Application  Specialism (n) Primary utilisation 

(%)(n) 

Secondary 

utilisation (%)(n) 

Usage (h.week-1) 

Aspentech Asset design/management Manufacturing (1.0) 4.34 (1.0) 0.00 (0.0) 15.00 (1.0)  

[5.00] 

BioWin (EnviroSim) Simulation EDSS Innovation (1.0) 

Research and Development (1.0) 
4Engineering Process (4.0) 

Scientific (1.0) 

Engineering Capacity (1.0) 

21.73 (5.0) 13.04 (3.0) 11.78 (8.0) [11.25] 

Excel All applications Engineering Design M&E (7.0) 

Engineering Process (23.0) 

Innovation (1.0) 

Operations (22.0) 

Project Management (5.0) 

Research and Development (8.0) 

Sales Marketing Proposals (3.0) 

Scientific (6.0) 

Technical (7.0) 

8.69 (2.0) 4.34 (1.0) 7.70 (5.0) [10.00] 

GPS-X 

(Hydromantis) 

Simulation EDSS 1Innovation (1.0) 

Research and Development (1.0) 

Scientific (1.0) 

17.43 (4.0) 4.34 (1.0) 6.13 (2.0)  

[6.13] 

Hach (WIMS™) Asset management Engineering Process (1.0) 8.69 (2) 0.00 (0.0) - 

MatLab/R Mathematical modelling Engineering Design M&E (2.0) 

Engineering Process (2.0) 

Operations (2.0) 

Research and Development (2.0) 

8.69 (2) 26.08 (6.0) 13.07 (8.0) [8.75] 

Minitab Statistics Operations (1.0) 

Teacher/Lecturer (1.0) 

8.69 (2) 0.00 (0.0) 3.50 (2.0) 

[3.50] 

Maximo Asset management Asset Maintenance (1.0) 4.34 (1) 0.00 (0.0) 2.00 (2.0) 

 [2.00] 

Simba Simulation EDSS 1Engineering Process 4.34 (1) 0.00 (0) 8.00 (1.0) 

[8.00] 

West (MIKE) Simulation EDSS 1Teacher/Lecturer 8.69 (2) 0.00 (0) 4.25 (2.0) 

[4.25] 
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GPS-X by Hydromantis followed Matlab/R and BioWin for usage hours (Hydromantis 

Environmental, 2018). Despite fewer respondents using GPS-X, it was still used equally by 

innovation, R&D and scientific disciplines for a mean of 6.1 h.week-1. This corresponds with 

the outcomes of BioWin in Table 4.4-1, which showed similar user groups. Minitab 

statistical analysis software was used for a mean of 3.5 h.week-1 to provide respondents with 

a ‘comparison of options’ across operations and academia (Minitab LLC, 2019). Although 

other software applications were used, the small number of respondents for each means they 

are not considered in this discussion. 

As shown in Table 4.4-1, software applications have been used to support the decision-

making for WRRF systems and processes. However, only 42% (n=30) of the overall 

respondents used the outputs from analytical software applications to make decisions at an 

organisational level. The majority of respondents considered their method of decision-

making as accurate (89%, n=152). Of the remaining 11% (n=18) that may not be confident 

in their decision-making strategy, the most significant respondent population were students 

(22%, n=4), followed by junior-level employees (17%, n=3). The specialisms with the least 

confidence in decisions were engineering process (22%, n=4)), followed by scientific and 

R&D, with 17% (n=3). Therefore, indicating that those with higher technical expertise had 

a greater appreciation for WRRF systems, possibly recognising the complexity of decision-

making. 

Overall, the summary of softwater application use shows that 29% (n=72) of respondents 

used software applications to support decisions, with only 9% (n=23) stating the application. 

The limited use of EDSS (n=14) is a worrying prospect and means numerous methods are 

being used. However, a more significant concern is that 33% of information is stored in 

Spreadsheets; knowledge is held discretely and is not available for future reference 
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(Abubakar et al., 2019). This under-utilisation of software tools has also been echoed in 

research undertaken for WRRF simulation and EDSS, where full-scale testing has been rare 

(9% of publications), and there are few commercially available software tools (Corominas 

et al., 2018). However, 35% of those using EDSS software applications also perform 

mathematical modelling, so industry and academia have likely produced mathematical 

models to fit niche applications and achieve the required accuracy. Therefore, to increase the 

transfer of research methods into software applications, it is first critical to gain an 

appreciation for user requirements to ensure take-up. 

4.4.4. Process stress and benchmarking 

In order to understand the concept of ‘process stress’ in WRRF systems and processes, it is 

first essential to gain an industrial and academic perspective. So respondents were asked to 

state their understanding of ‘process stress’ in wastewater treatment processes. The results 

showed similarities in respondent answers, so responses were coded and grouped, as shown 

in Fig. 4.4-5 (see caption for the acronyms). Each code relates to a particular interpretation 

of ‘process stress’ in wastewater treatment processes, provided by qualitative answers from 

the respondent population. Furthermore, a ranking between one and five was applied to 

understand the influence of education level and work seniority. Each ranking relates to 

seniority, from one the lowest to five the highest where: 1) represents secondary school 

education; 2) A-Level, HND/C or associate degree; 3) BSc, BA or BEng; 4) MSc and 5) 

EngD or PhD. When considering the rankings of respondent roles, these were defined as; 1) 

student, trainee, junior level or employee general; 2) supervisory level; 3) manager, 

practitioner or section lead; 4) senior practitioner or senior manager, and 5) head of 

department or director. 
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The results in Fig. 4.4-5 show the largest group in the respondent population for both ranked 

role and education, considered ‘process stress’ VB, with 51% (n=45) and 57% (n=51), 

respectively. The largest demographic within VB in Fig. 4.4-5 were those educated at BSc, 

BA, BEng or Masters level (3-4) in a senior practitioner or senior manager role (4). Overall, 

the most significant respondent specialism in the VB group was from engineering process, 

with 32% (n=45) and are likely to work to mitigate the negative impact of variations from a 

benchmarked condition. From the qualitative data, respondents interpreted VB as a negative 

variation from the standard operating performance of a wastewater process or plant 

(benchmark). The second-largest group was Risk Reduction (RR), which related to the 

reduction of effluent compliance failures using an empirical or experience-based judgement 

on the level of ‘process stress’. The largest demographic in this group were those educated 

to Masters or EngD/PhD level in Head of Department/Director roles. Therefore, those that 

consider ‘process stress’ as RR show a slight bias towards the more highly qualified in more 

senior roles. Those with the least education (group 1–2) were also highly likely to consider 

‘process stress’ as a VB or were US of what the term meant. Despite the least educated 

interpreting ‘process stress’ as a VB, the qualitative data tells a slightly different story. It 

indicates that the least educated (group 1–2) rely on a visual means of interpreting ‘process 

stress’ and how it relates to adverse process conditions, such as process overloading or 

mechanical failures (Langergraber et al., 2018). This observation corresponds with the 

response from operations which were less sure of the term ‘process stress’, with 39% (n=16) 

Un-Sure (US) of the term.  
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Fig. 4.4-5 Multiple coded frequency counts of variables histogram showing respondent understanding of ‘process stress’ 

in wastewater treatment processes. Respondents are grouped by ranked role a) and education b), showing respondent 

understanding of ‘process stress’. With ranked education and role (1-5) on the x-axis and the number of respondents (n) 

on the y-axis. Each pane groups the coded ‘process stress’ (understanding) variables and the frequency distribution. Where 

‘process stress’ (understanding) codings are defined as; Process Performance (PP), Risk Reduction (RR), Un-Sure (US) 

and Variance from a Benchmark (VB). 

Respondents were also asked to state what they considered most important about ‘process 

stress’ for WRRF systems and processes. Again, respondent answers showed similarities in 

opinion, so responses were coded, as shown in Fig. 4.4-6 (see caption for the acronyms), 

from DA to US, with the rankings for the level of education and role (1–5) in Fig. 4.4-6 the 

same as Fig. 4.4-5. The largest grouped respondent population in Fig. 4.4-6a and Fig. 4.4-6b 

considered Stress Measurement (SM) most important for WRRF systems and processes, 

with 54% (n=51). The most significant contribution of respondents that viewed SM as most 

important was those educated to Masters level (4) (n=21) and in a Senior Practitioner or 

Senior Manager role (4) (n=19). This observation also corresponds with VB in Fig. 4.4-5; 

543210 543210 543210 543210

24

20

16

12

8

4

0

54321

24

20

16

12

8

4

0
54321 54321 54321

Ranked role, PP

F
re

q
u

e
n

cy

Ranked role, RR Ranked role, US Ranked role, VB

Ranked Education, PP Ranked Education, RR Ranked Education, US Ranked Education, VB

a)

b)



165 

 

however, it should be noted that there is an overall bias in the respondent population toward 

those educated at Masters degree level, with 32% (n=78) acting as both Head of 

Department/Director (5) and Senior Practitioner/Manager (4), with 26% (n=61). Therefore, 

those with a Masters degree in a senior role understand and associate with a requirement to 

measure ‘process stress’. 

Furthermore, when respondents were asked if an analytical tool for measuring ‘process 

stress’ would be helpful to them, 82% (n=96) answered ‘yes’. This also corresponded with 

qualitative responses, with respondents identifying a requirement for a tool that measures 

and analyses ‘process stress’. However, there is a significant difference in opinion on how 

it should be applied to WRRF systems processes. This difference in opinion is thought to 

relate to the broad range of specialisms, roles and education levels of respondents in this 

study and the range of departmental and specialist decision bias. 

The second-largest respondent population in Fig. 4.4-6 was PE and RM, with 16% (n=15) 

and 17% (n=13), respectively. From the qualitative data, respondents who valued PE found 

the direct measurement and analysis of ‘process stress’ in WRRF systems and processes 

most important. At the same time, respondents that valued RM were interested in quantifying 

resources associated with the operation and maintenance of WRRF systems and processes. 

These resources include operational resources (labour), operational maintenance (O&M), 

safety protection equipment and less tangible resources such as knowledge and experience. 

This human resource (operational labour) observation is not well covered in the literature, 

with the IWA (2018) OCI only accounting for the direct costs associated with the wastewater 

treatment process operation. However, accounting only for power, chemicals, and energy 

offsets from Combined Heat and Power (CHP) generated in anaerobic digestion excludes 

operational resources that can significantly contribute to operational costs. Accounting for 
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labour costs is crucially important for respondents associating with RM and PP and also 

associate with VB shown in Fig. 4.4-5 where a reduction in the operational workforce can 

directly influence process efficiency and increase the negative variation from a benchmark. 

Moreover, the consensus of those in industry and academia is that ‘process stress’ is the 

negative variation of a process from a benchmarked condition. 

 

Fig. 4.4-6 Multiple coded frequency counts of variables histogram showing respondent understanding of the importance of 

‘process stress’ in wastewater treatment processes. Respondents are grouped by ranked role a) and education b), showing 

respondent understanding of ‘process stress’ importance. With ranked education and role (1-5) on the x-axis and the number 

of respondents on the y-axis. Each pane groups coded ‘process stress’ (importance) variables and the frequency 

distribution. Where ‘process stress’ (importance) codings are defined as; Data Accuracy (DA), Process Efficiency (PE), 

Resource Measurement (RM), Stress Measurement (SM) and Un-Sure (US). 

As a fundamental determinant of resilience theory, ‘benchmarks’ or ‘thresholds’ are 

commonly used to measure changes in operating conditions from a standard base 

measurement (Sweetapple et al., 2019). These methods in urban water management often 
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consider a reliability range or a fixed position (more of a baseline) from which the magnitude 

of exceedance is measured (Rdeficit). However, in this study, the industrial understanding of 

the term benchmark was used to understand how ‘benchmarks’ relate to a wastewater 

professional's role. Again, commonalities were found in respondent descriptions, so they 

were coded from CP to TP, as shown in Fig. 4.4-7 (see caption for the acronyms). The same 

rankings, used in Fig. 4.4-5, were used for education and role level (1–5), with one the lowest 

and five the highest. This again allowed segregation of opinion based on education level and 

role to and the grouped understanding of the term ‘benchmark’. 

The largest grouping in Fig. 4.4-7 was SP, with 39% (n=42). Therefore, most respondents 

understood the term ‘benchmark’ as a SP, from which changes can be made and scenarios 

simulated. The most significant respondent specialism was engineering process (n=15), who 

are directly responsible for engineering and making informed process changes. The 

education ranking remained the same as Fig. 4.4-5, where those educated to Masters level 

(4) in a Senior Practitioner/Senior Manager role were most likely to understand the concept 

of a benchmark as a SP. Variance from a SP considers the change magnitude from a 

perceived point of standard operation and is similar to the resilience-based curve presented 

by Mugume et al. (2015). The main drawback of this is that it considers the system response 

to a ‘stressor’ rather than a measure of ‘process stress’ resulting from the dynamic 

manifestation of a ‘stressor’. Therefore, the ‘stressor’ (cause) could be separated from 

‘process stress’ (effect) in WRRF systems and processes, using the magnitude of the reaction 

generated by a ‘stressor’ to give a dynamic measure of the system ‘stress’. 

The second-largest respondent population was CP, where respondents understood 

‘benchmark’ as a point from which comparisons can be made, with 27% (n=29). Roles were 

more evenly distributed for CP, as shown in Fig. 4.4-7a (see caption for the acronyms), but 
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the overall bias is toward those on a Senior Practitioner/Manager role, however, ranked 

education level shows a more gaussian trend with those with BSc, BA or BEng and Masters 

degrees. Those respondents that understood a benchmark as an OP were most likely to have 

a Masters degree (4) and work in a supervisory capacity. 

 

Fig. 4.4-7 Multiple coded frequency counts of variables histogram, grouped by ranked role (a) and education (b), showing 

respondent understanding of the term ‘benchmark’. With ranked education and role (1-5) on the x-axis and the number of 

respondents on the y-axis. Each pane groups coded ‘benchmark’ variables and the frequency distribution. Where 

benchmark codings are defined as; Comparison Point (CP), Optimal Point (OP), Starting Point (SP) Target Point (TP) and 

Un-Sure (US).  

Overall, respondents understood the concept of ‘process stress’ as the negative variance 

from a benchmarked condition, and that ‘process stress’ in WRRF systems and processes 

could be a useful performance measure. Those with Masters Degrees/PhDs (4-5) with senior 

and directorial roles (4-5) had the best appreciation of ‘process stress’ in wastewater 

treatment processes. This bias is possibly related to the high level of education, which gives 

54321 54321 54321 54321 54321

24

20

16

12

8

4

0

54321

24

20

16

12

8

4

0
54321 54321 54321 54321

Ranked role, CP

F
re

q
u

e
n

cy

Ranked role, OP Ranked role, SP Ranked role, TP Ranked role, US

Ranked Education, CP Ranked Education, OP Ranked Education, SP Ranked Education, TP Ranked Education, US

a)

b)



169 

 

them an underpinning theoretical basis for understanding ‘process stress’ in WRRF systems 

and processes. The most significant observation was that 82% (n=96) of respondents 

considered an analytical tool for measuring process-related stresses in WRRF systems and 

processes as necessary. Therefore, shifting the focus toward the dynamic interaction of 

stressors and process stresses, as proposed in Fig. 4.4-8, to investigate dynamic changes in 

resilience. 
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Fig. 4.4-8 Proposed separation of stressors from ‘process stress’. 

The results also show that understanding a ‘benchmark’ depends on how it is used, but most 

respondents considered it a starting point in this study. Therefore, benchmarking sets a fixed 

point from which adjustments are made as a reference for interventions or operational 

changes. This analogy fits the description provided by Jeppsson et al. (2007) of ‘objectively 

evaluating the performance of control strategies by simulating them using a standard model 

implementation’. However, this description considers a ‘benchmark’ as a standard 

mechanistic model rather than an operational condition. Combining the understanding of 
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benchmarking provided in this Chapter and the concept of ‘process stress’ provides the 

evidence required to explore the concept of process-related stress towards the development 

of methods to analyse its presence in WRRF systems and processes. This has been proposed 

in Fig. 4.4-8 as the analysis of the ‘stressor’ independent of the ‘process stress’ generated. 

It may then be possible to contribute to understanding ‘dynamic resilience’ by exploring 

novel analytical methods. 

4.5. Conclusions 

This Chapter has addressed the requirement to investigate the perception of process-related 

stresses and the associated conflicting definitions (KG 1A, RQ 2A and 2B). The requirement 

to undertake analytical studies to measure and analyse ‘process stress’ in WRRF systems 

and processes has been confirmed, with 82% of respondents stating that an analytical tool 

would be helpful to them. Respondents perceive ‘process stress’ in WRRF systems and 

processes as the negative variance from a benchmarked condition. Furthermore, participants 

also had a good appreciation of benchmarking and their responses corresponded with IWA 

benchmark simulation modelling.  

This Chapter has identified that ‘resilience’ and the term ‘stressor’ could embody two 

dynamic determinants for WRRF systems. The first is the ‘stressor’ (cause), as it would be 

measured in a system or network (i.e. flow or concentration measurement). The second is 

the ‘process stress’ (effect), as the negative variation from a benchmarked condition. 

Therefore, it considers the dynamic interaction of stressors and ‘process stress’ and could 

be expanded to larger interconnected WRRF systems, similar to those used in spatially and 

temporally distributed systems used in ‘dynamic resilience’ studies. However, respondent 

understanding of ‘process stress’ was limited to under capacity (negative variance), whereas 
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overcapacity was not covered but could be considered an instantaneous measure of 

resilience. 

Other authors have noted the challenges associated with generating industrially relevant 

software tools, with only 16% of publications resulting in a commercial product. This 

observation has also been confirmed by the research presented in this Chapter, where only 

29% of respondents used software tools to assist their work. This may also explain why 33% 

of respondents still used personal or company-specific Spreadsheets, and 10% used written 

notes. Therefore, there is a significant variation in how information (knowledge) is stored 

and managed, where information in spreadsheets and written notes has the potential for data 

loss or manipulation. 

As identified in this Chapter, industry and academia could benefit from analytical methods 

to measure stresses in existing WRRF systems and associated processes. Moreover, future 

methods should supplement resilience to allow researchers to exploit ML, improve 

operational knowledge generation, understand interventions, and optimise to increase the 

long-term resilience of WRRF systems and processes. Overall, The proposed concept 

‘process stress’ could have far-reaching benefits and be applied to physical, biological and 

chemical processes inside and outside the wastewater industry. More importantly, it will be 

crucial in managing environmentally generated stresses in existing WRRF systems and 

processes due to climate change. 
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Chapter 5 
 

 

5. Case study 1: results of state-based dynamic 

resilience analysis method development 

In the previous Chapter, an international survey of wastewater professionals was performed 

to investigate the understanding of process-related stresses and ‘dynamic resilience’. The 

survey identified that the common resilience-based interpretation of a ‘stressor’ impact 

could be subdivided into two determinants, the ‘stressor’ (cause) and ‘process stresses’ 

(effect), each with different dynamics. This Chapter uses the survey outcomes from Chapter 

4 to develop a strategy for analysing ‘process stress’. Therefore, including the perception of 

international experts and academics while focusing on developing simple numerical methods 

rather than a complex system with many interacting parameters. The Chapter contributes to 

the broader field by proposing methods for analysing ‘process stress’ and evaluating the 

response under various conditions. It also investigates the use of scalar indices that 

characterise stressor and ‘process stress’. 

5.1. Introduction 

The evidence from the survey of international water professionals and academics presented 

in Chapter 4 revealed that 82% of respondents stated that an analytical tool for monitoring 

‘process stress’ would be helpful to them. Therefore the performance-related state variable 

curve presented by Mugume (2015) has been adapted to include both stressors (cause) and 

‘process stresses’ (effect), according to Fig. 4.4-8. The study strategy in this Chapter focuses 

on ‘dynamic resilience’, which is more common in reliability engineering and system safety 
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studies (Sun et al., 2022). Therefore, it is expected that WRRFs and associated processes 

have a temporal (and spatial for distributed sensors) relationship between stressors and 

‘stress’ or resilience based on the proposed definition as: ‘the dynamic, temporal variation 

of stressors and process stresses in response to events outside of the original design intent’. 

Fig. 5.1-1 shows an extension in the initial diagram proposed in Fig. 4.4-8 to indicate the 

possible computations that could be performed resulting from the separation of the ‘stressor’ 

(cause) to analyse the ‘process stress’ response (effect). This model may be more appropriate 

for WRRF systems that use instrumentation to generate data for process control (inside of 

the process boundary) and at the process boundary for environmental compliance, where the 

frequency of data points can be much greater. Despite this, the proposed model in Fig. 5.1-1 

could increase knowledge of stressors and possibly introduce a reaction time for 

interventions before ‘process stress’ occurs. It also proposes scalar values which reference 

the eminently dynamic conditions experienced by a WRRF or associated process. 
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Fig. 5.1-1 Proposed interaction of ‘stressor’ event magnitude (cause) and the ‘process stress’ (effect) resulting from an 

exceptional event (outside of standard operation). 

However, the safety factors introduced during process engineering design are typically 1.3 

to 2.0 (Russell, 2019) to accommodate uncertainty. However, a WRRF system or process 

could experience the opposite of ‘process stress’. This opposing reaction of the process 

could, instead of displaying ‘process stress’, experience ‘process resilience capacity’ as 

process relaxation occurs, maintaining operation in the system’s zone of ‘reliability’. This 

agrees with the definition of resilience provided by Walker et al. (2004) as the “The capacity 

of a system to absorb disturbance and reorganise, while undergoing change so as to still 

retain essentially the same function, structure identity and feedbacks”. As shown in Fig. 

5.1-2, the normal restructuring of adaptive capacity could be characterised by the state a 

WRRF occupies before an event or disturbance occurs. Therefore, ‘process resilience 
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capacity’ and ‘process stress’ could be computed as an interchangeable relationship toward 

a methodology that considers the dynamic variations in both parameters (see Fig. 5.1-2). 

However, this assumes that resilience capacity building events can occur that are the 

opposite of a ‘stressor’. 
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Fig. 5.1-2 Proposed interaction of a ‘capacity building’ event magnitude (cause) and ‘process resilience capacity’ (effect) 

resulting from an event that causes an increase in ‘adaptive capacity’ (outside of standard operation). 

Both Fig. 5.1-1 and Fig. 5.1-2 propose a possible dynamic relationship between stressors 

that generate ‘process stress’ and how adaptive capacity could be considered in the 

measurement of ‘resilience capacity’ (or the capacity to resile). Despite some studies on 

urban water systems and management resilience considering ‘stress’, the interchangeable 

relationship between stressors, ‘process stress’ and ‘resilience’ has not been explored. 
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Therefore, it is critical to evaluate whether this relationship can be characterised outside the 

theoretical model proposed in Fig. 5.1-1 and Fig. 5.1-2 and whether system states could be 

aggregated and communicated to operational staff. In turn, this could allow the analysis of 

significant changes in stressors, ‘process stress’ and ‘resilience’ to improve understanding 

of process stability. 

5.2. Aims and objectives 

This Chapter aims to 1) present preliminary methods for analysing ‘process stress’ and 

resilience and 2) investigate possible methods to identify and characterise the failure 

characteristics of WRRF and associated processes. It also aims to address KG 1B in Table 

2.10-1 and RQ 2C and 2F in Table 2.10-2 toward a dynamic understanding of resilience 

focussed on understanding how WRRF processes react to stressors of varying magnitudes. 

These were identified from the literature review in Chapter 2 and the international survey 

results in Chapter 4. 

The objectives of this chapter are listed below: 

1. Propose a methodology to analyse stressors, ‘process stress’ and ‘resilience 

capacity’ using theoretical simulations based on a simple Primary Sedimentation 

Process (PSP). 

2. Propose an indexing system to investigate the magnitude of ‘process stress’ and 

‘resilience capacity’. 

3. Investigate and define possible descriptive parameters that could be used to 

characterise the stability of a WRRF process. 



177 

 

5.3. Materials and methods 

The proposed ‘process stress’ analytical methodology is shown in Fig. 5.3-1 and can be 

subdivided into three stages, each having a specific objective function. The first stage is 

similar to the model selection used in E-PWM, which is shown in the work of Vrecko et al. 

(2006) and the IWA (2018), where a process model is selected. The second stage is the 

iteration and computation of the probability of failure (pF) to ensure the value is 

representative of the selected benchmark and inputted parameters. The third stage is the 

computation of ‘process stress’ or ‘resilience’ in the unit process by computing and scaling 

the negative benchmark variation. For simplicity, scalar values have been selected as a range 

between -1 and 1, where -1 is the highest level of ‘process stress’, and 1 is the highest level 

of resilience capacity. 
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Fig. 5.3-1 Systematic analysis of ‘process stress’, with three stages and six consecutive steps, where stage 1 is the model 

selection and benchmarking, stage 2 is the computation and iteration of inputted process parameters, and stage 3 is the 

computation and visualisation of stresses in wastewater treatment processes. 

Inside the three stages shown in Fig. 5.3-1, the model contains six steps, complete with 

feedback operational intervention loops. These steps are defined as follows: 

1. Evaluation of the selected process model (Eq 5.3-1) and characterisation of the 

process benchmark condition. 

2. Inputting of measured process variables, ranges and desired performance targets. 
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3. Iteration to achieve an accurate pF, using 103 pseudo-random MCS. 

4. Computation of the variance from benchmarked conditions. 

5. Scaling the variation from benchmarked conditions from -1 to 0 for ‘stress’ and 0 to 

1 for resilience capacity. 

6. Production of contour plots, followed by evaluation of the stress response and 

intervention if required. 

5.3.1. Computation of removal efficiency in primary sedimentation 

(Stage 1, Fig. 5.3-1) 

To develop a reliable conceptual model of ‘process stress’ and ‘resilience capacity’ for 

wastewater treatment, a simple rectangular PSP model was used as presented by Crites and 

Tchobanoglous (1998) was selected Eq 5.3-1. Although more complex models exist for 

PSPs, such as those developed by Takács et al. (1991) and Otterpohl and Freund (1992), it 

was decided that the more simplistic model of PSP would be better suited to the initial 

conceptual analysis of the ‘process stress’. For this reason, mechanistic biochemical models 

were not considered, as it was thought that complex multi-variate interactions/reactions 

would detract from the clarity of outputs. The selected (Eq 5.3-1) uses Hydraulic Residence 

Time (HRT) and empirical constants to compute a removal efficiency (Rpst) for either BOD5 

or TSS (Eq 5.3-2). Therefore allowing he evaluation of, both organic and solids loadings 

based on standard concentrations published by British Water (2013) and Tchobanoglous et 

al. (2013). 

𝑅𝑝𝑠𝑝 =  
𝑡∗

𝑎+𝑏𝑡∗         (Eq 5.3-1) 
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Where Rpsp is the predicted removal efficiency, and t is the HRT. Parameters a and b are empirical constants for BOD5 (a 

= 0.018, b = 0.020) and TSS (a = 0.0075, b = 0.014). The superscript asterisk highlights values used in the 103 pseudo-

random MCS. 

𝑇𝑆𝑆𝑁 , 𝐵𝑂𝐷𝑁 =  
𝑇𝑆𝑆∗,𝐵𝑂𝐷∗

𝐻𝑅𝑇∗         (Eq 5.3.2) 

Where TSSN, BODN is the normalised parameter concentration for either TSS or BOD5, with respect to HRT in mg L-1 h-1. 

The superscript asterisk highlights values used in the 103 pseudo-random MCS. 

5.3.2. Monte-Carlo simulation to compute the probability of failure 

(Stage 2, Fig. 5.3-1) 

Initially proposed for neutron and photon transport computations in 1946, and named Monte-

Carlo after the famous casino town in Monaco. The MCS method was widely used in 

engineering applications to simulate numerous theoretical conditions of systems. These 

methods have been numerically described and applied by Siddall (1983) (amongst others) 

and then proposed for wastewater treatment applications by Benedetti et al. (2011). The 

MCS methodology has provided a robust strategy for testing various theoretical scenarios in 

wastewater applications. MCS typically performs many random simulations for different 

scenarios simultaneously or consecutively. It is thought that MCS could be used to compute 

the probability of failure for wastewater processes but is more commonly used for the 

analysis of uncertainty, such as the study by Lindblom et al. (2019). Eq 5.3-3 shows that the 

pF of a PSP is defined as the probability of the process not achieving the desired removal 

efficiency. IF logic (Eq 5.3-3) is then used to provide a binary output for each pseudo-

random simulation performed in the MCS; 0 is assigned to Xp when a wastewater process 

fails (Rt < Rd) and 1 when a process exceeds Rd. Finally, Eq 5.3-4, computes pF as the sum 

of failures over the total number of random simulations and Rel the inverse (Eq 5.3-5). To 
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ensure accurate outcomes from the pseudo-random simulations, pF simulations were set to 

103 after initial analyses. 

𝑋𝑝 =  𝑅𝑝𝑠𝑡 −  𝑅𝑑        (Eq 5.3-3) 

{
𝐼𝐹 𝑋𝑝  ≤ 0 = 0

𝐼𝐹 𝑋𝑝  > 0 = 1
 

𝑝𝐹 =  
1−∑ (𝑋𝑝)

𝑛=103

𝑖=0

𝑛
        (Eq 5.3-4) 

𝑅𝑒𝑙 = 1 − 𝑝𝐹         (Eq 5.3-5) 

Where 𝑝𝐹 is the probability of failure and is based on 103 random simulations using Rpst term from Eq 5.3-1. 𝑋𝑝 is the 

difference between the Rpst, (Eq 5.3-1) and Rd, the desired removal efficiency, which takes the value of one or zero. The 

ratio of failed results to the number of random simulations (𝑛) is the probability of failure described by Johnson (2017) 

and the inverse reliability (Rel). 

The pseudo-random simulations were performed for each MCS using randomly generated 

values of BOD5, TSS and HRT for the process model. These pseudo-random simulations 

were used to theoretically simulate the dynamic differences in concentration and flow caused 

by the changing characteristics of municipal wastewater based on observations made by 

Atinkpahoun et al. (2018). However, for this study, wastewater concentrations from the 

literature were used due to actual WRRF data not being publicly available. 

5.3.3. Scaling of random simulations to compute process stress 

To generate a scalar value representing ‘process stress’, all variables were normalised 

against HRT (Eq 5.3-2) and were used to compute the variation from the previously selected 

benchmarked condition. Therefore, benchmark variation is computed as the deviation from 

the theoretical design conditions for a particular process, as shown in Eq 5.3-3. The Process 
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Stress (PS) values (Eq 5.3-6) are then scaled to provide the Process Stress Index (PSI) shown 

in Eq 5.3-7, and ‘IF logic’ is used to identify whether the PSP is resilient (0 to 1) or 

experiencing ‘process stress’ (-1 to 0). Therefore, the values selected provided the negative 

benchmark variation identified from the survey (see Chapter 4, Section 4.4.4) to represent 

‘process stress’ and positive process resilience capacity.  

𝑃𝑆 = 𝑉𝑎𝑟𝑁𝑎𝑙 − 𝑉𝑎𝑟𝑁𝑠𝑖       (Eq 5.3-6) 

𝑃𝑆𝐼𝑛=1 =   
(𝑏−𝑎)(𝑃𝑆−𝑚𝑖𝑛)

max − 𝑚𝑖𝑛
+ 𝑎       (Eq 5.3-7) 

{
 𝐼𝐹 𝑃𝑆 ≤ 0 = 𝑆𝑐𝑎𝑙𝑒 [−1 𝑡𝑜 0]

𝐼𝐹 𝑃𝑆 > 0 = 𝑆𝑐𝑎𝑙𝑒 [0 𝑡𝑜 1]
 

Where PS is the normalised difference between allowable concentration (𝑉𝑎𝑟𝑁𝑎𝑙) and normalised simulated concentration 

(𝑉𝑎𝑟𝑁𝑠𝑖). 𝑃𝑆𝐼𝑛=1 is the normalised, scaled PSI for a single variable, b is the desired maximum value, a is the desired 

minimum value, min is the minimum possible value within the random simulations for all variable ranges, and max is the 

maximum possible value within the random simulations for all variable ranges.  

𝑃𝑆𝐼̅̅ ̅̅
�̅�−𝑛 =  

1

𝑛
  ∑ 𝑃𝑆𝐼𝑝

𝑛

𝑖=1
       (Eq 5.3-8) 

𝑃𝑆𝐼̅̅ ̅̅ ̅
𝐶𝑂𝑀 =  

1

𝑛
  ∑ 𝑃𝑆𝐼𝐵𝑂𝐷+𝑃𝑆𝐼𝑇𝑆𝑆

𝑛
𝑖=1

2
      (Eq 5.3-9) 

Where 𝑃𝑆𝐼̅̅ ̅̅
�̅�−𝑛 is the mean PSI for all scaled outputs (103) and  𝑃𝑆𝐼̅̅ ̅̅ ̅

𝐶𝑂𝑀 the combined mean of the ‘process stress’ indices 

for 𝑃𝑆𝐼𝐵𝑂𝐷 and 𝑃𝑆𝐼𝑇𝑆𝑆. 

𝐶𝑉 =  
𝑆𝐷

𝑃𝑆𝐼̅̅ ̅̅ ̅̅
𝑖−𝑛

         (Eq 5.3-10) 

𝐷𝑓 =  
𝛿𝑦𝑒

𝛿𝑦𝑠𝑠
         (Eq 5.3-11) 

Where CV is the Coefficient of Variance, 𝑆𝐷 the Standard Deviation. The Dominance Factor (Df) is based on the ratio of 

the magnitude of the event 𝛿𝑦𝑒  (positive and negative) to the overall stress scale 𝛿𝑦𝑠𝑠 (combining Fig. 5.1-1 and Fig. 5.1-2) 
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The mean concentration of stress in a particular process (𝑃𝑆𝐼̅̅ ̅̅ ̅ ) was computed using the 103 

simulations from Eq 5.3-7. Table 5.3-1 shows the PSI descriptors and impacts of resilience 

and ‘process stress’ on discrete wastewater processes. The scale has been adapted from the 

risk assessment matrix to assist operational communication (Khan et al., 2020). 

Table 5.3-1 PSI, stress level, pF and the risk to the compliance of treatment processes the scalar values for contour-based 

heat maps showing conditions from ‘resilient’ to ‘stressed’.  

Value Descriptor Zone Process impact 

1.00 Extreme resilience 

capacity 

P
ro

ce
ss re

silien
ce

 

Extremely over-capacity: the process has been over-dimensioned, and 

there is a substantial increase in operational costs. 

0.80 Significant resilience 

capacity 

Significant over-capacity: a significant increase in adaptive capacity 

and operational costs. 

0.60 Moderate resilience 

capacity 

Moderate over capacity: a moderate increase in adaptive capacity. 

0.40 Minor resilience 

capacity 

Minor over-capacity: a minor increase in a system's adaptive capacity. 

0.20 Negligible resilience 

capacity 

Negligible over-capacity: a possible temporary state leading to an 

increase in adaptive capacity. 

0.00 Neutral  Neutral Correct capacity: will vary over a diurnal profile. 

-0.20 Negligible process 

stress 

P
ro

ce
ss stre

ss 

Negligible under-capacity: possibly a temporary state leading to an 

increase in ‘process stress’. 

-0.40 Minor process stress Minor under-capacity: a minor reduction in a system's adaptive 

capacity. 

-0.60 Moderate process 

stress 

Moderate under-capacity: a moderate reduction in a system's 

performance and adaptive capacity. 

-0.80 Significant large 

process stress 

Significant under-capacity: a significant reduction in performance, 

elimination of adaptive capacity and the possibility of process failure. 

-1.00 Extreme process 

stress 

Extremely under-capacity: an extreme reduction in performance, no 

adaptive capacity, likened to complete process failure. 

Despite 𝑃𝑆𝐼̅̅ ̅̅ ̅ being a possible indicator of ‘process stress’, it is also crucial to evaluate the 

variability to understand the process stability, where processes become less stable when 

entering stressed conditions. Some authors have found that interventions such as chemical 

precipitation could improve the stability of a WRRF system (Ødegaard and Skrøvseth, 
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1997). However, this Chapter proposes a computational approach to analysing stability from 

CV and 𝐷𝑓 , where the unit process fluctuates between being stressed and resilient. Also, 

when considering 𝑃𝑆𝐼𝑝 variables can only be considered together when parameters such as 

BOD5 and TSS are correlated. As shown in Eq 5.3-9, a simple mean can then be taken for 

the 𝑃𝑆𝐼𝑝 for BOD5 and TSS, resulting in 𝑃𝑆𝐼̅̅ ̅̅ ̅
𝐶𝑂𝑀. 

Filled contour plots were selected to provide a simple, visual means of evaluating the stresses 

in wastewater treatment processes. This aligns with the studies of ‘dynamic resilience’ where 

temporal state phase diagrams are aggregated to provide a combined visualisation (see 

Section 2.2.2.5). Also, as the proposed ‘process stress’ occurs as a result of stressors from 

the incoming flow and load, all contour plots feature either parameter concentration or HRT 

on the x-axis, parameter concentration on the y-axis and 𝑃𝑆𝐼̅̅ ̅̅
�̅�−𝑛 or 𝑃𝑆𝐼̅̅ ̅̅ ̅

𝐶𝑂𝑀 on the z-axis. 

Processes can develop stress in response to many variations in flow and concentration, so a 

‘process stress’ heat map was plotted to display the distribution of stress based on flow and 

parameter concentration. Therefore, plant and operational managers can easily interpret 

stresses in discrete wastewater treatment processes by tracking the colours (heat map) using 

the descriptors listed in Table 5.3-1. 

5.4. Results of flow-linked process stress analysis for primary 

sedimentation 

The initial analysis of ‘process stress’, resilience capacity and reliability in PSPs uses two 

process variables (HRT and load); each computes the variance from a benchmarked 

condition and the scalar ‘process stress’ value. The first variable, BOD5 has a Rpsp, which is 

dependent on the processes HRT and is influenced by diurnal flow variations (Eq 5.3-2). 

Instead of the exhaustive detail of PWM, E-PWM and simulations based on ASM 
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methodologies as used by Dudley et al. (2002), outputs could be visualised as shown in Fig. 

5.4-1 to Fig. 5.4-4 to include ‘process stress’ and resilience. However, it should be noted 

that the methods presented here can only be applied to pre-existing unit process models, 

where simulation outputs can be scaled as the variance from a benchmarked condition.  

Table 5.4-1 shows the ‘process stress’ model inputs on the left-hand side and the model 

outputs on the right. The simulations in Table 5.4-1 show a minor to moderate resilience (1a, 

1b, 3a and 3b) and the transition between neutral and minor ‘process stress’ (2a, 2b, 4a and 

4b) for both BOD5 and TSS. The plotted variables from Table 5.4-1 are shown in Fig. 5.4-1 

to Fig. 5.4-4, along with the range of values shown as variables in columns. 
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Table 5.4-1 Flow linked ‘process stress’ and ‘resilience’ outputs based on flow through a PSP. 

Input parameters Process stress analysis outputs 

No Variable Reference HRT 

(h) 

Range (y) 

(mg L-1) 

Rpsp 𝑷𝑺𝑰̅̅ ̅̅ ̅ PSI 

(Median) 

PSI 

(SD) 

PSI 

(CV) 

pF Rel 𝑫𝒇 

1a HRTin (x) 

BODin (y) 

PSI (z) 

Fig. 5.4-1 2 - 3 110 - 350 0.29 0.64 0.64 

 

0.19 0.29 0.00 1.00 0.32 

1b HRTin (x) 

BODin (y) 

PSI (z) 

 1 - 2 110 - 350 0.29 0.25 0.33 0.40 1.21 0.25 0.75 0.13 

2a HRTin (x) 

BODin (y) 

PSI (z) 

Fig. 5.4-2 1 - 2 110 - 350 0.33 -0.11 -0.14 0.34 -2.42 0.73 

 

0.27 -0.06 

2b HRTin (x) 

BODin (y) 

PSI (z) 

 0.5 – 1 110 - 350 0.33 -0.34 -0.29 0.19 -0.55 1.00 0.00 -0.15 

3a HRTin (x) 

TSSin (y) 

PSI (z) 

Fig. 5.4-3 2 - 3 110 - 350 0.50 0.63 0.62 0.21 0.33 0.00 1.00 0.31 

3b HRTin (x) 

TSSin (y) 

PSI (z) 

 1 - 2 100 - 370 0.50 0.23 0.29 0.36 1.56 0.22 0.78 0.12 

4a HRTin (x) 

TSSin (y) 

PSI (z) 

Fig. 5.4-4 1 - 2 100 - 370 0.54 -0.13 -0.12 0.33 -2.53 0.74 0.26 -0.07 

4b HRTin (x) 

TSSin (y) 

PSI (z) 

 0.5 – 1 100 - 370 0.54 -0.32 -0.27 0.19 -0.59 1.00 0.00 -0.14 
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In addition to the contoured heat maps for ‘process stress’ and resilience capacity pF and 

Rel are also used as additional performance measures. Both computations are adapted from 

the approach of Hashimoto et al. (1982) and Kjeldsen and Rosbjerg (2004), who investigated 

the reliability of water resource system operation. Simulations 1a and 1b (BOD5) in Table 

5.4-1 shows how increasing HRT can improve the resilience of a process. For example, when 

the HRT increases from 1 – 2 to 2 – 3 h, the PSI also increases by 0.31, showing an increase 

in ‘resilience capacity’. Additionally, pF reduces from 0.25 to 0.00, and the process becomes 

100% reliable. 

Conversely, simulation 2a and 2b shows a reduction in HRT from 1 – 2 to 0.5 – 1 h but an 

increase in the mean ‘process stress’, pF from 0.73 to 1.00, and reduces Rel to 0%. This 

methodology was repeated for TSS to demonstrate high and low-stress conditions, yielding 

similar outcomes. These simulation outputs match the observations made on retention tanks 

by Maruejouls et al. (2012), where high flows can resuspend particles causing carbonaceous 

organic matter and solids to carry over. However, operational factors such as desludging are 

not easily identifiable from failure and reliability analyses. Nevertheless, the visualisation of 

stresses and resilience capacity offers the potential to identify the progression of events 

toward process failures. 

Similar to the way Lizarralde et al. (2019) visualised the effect of TSS concentration and 

temperature on struvite production, contour plots were used to display the scalar PSI data 

outputted from the MCS. This also agrees with the perception of ‘safety colours’ for 

industrial conventions and the work of Zielinska et al. (2017). Therefore, red is represented 

by -1 (the most extreme ‘process stress’) to provide a spectrum-based heat map, and blue is 

the most extreme resilience capacity at 1. The scaling of ‘process stress’ is performed for 

the ranges shown in the ‘range’ column of Table 5.4-1, which cover a selected operating 
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range for a typical PSP. Each of the MCS was then plotted, with HRT on the x-axis, BOD5 

at the inlet of the PSP on the y-axis and PSI on the z-axis. 

 

Fig. 5.4-1 Process stress contour plot, showing HRT between 2 and 3 h, based on influent flow (x-axis). BOD5 between 

110 and 350 mg L-1 (y-axis). Rpsp was used as the benchmarked condition at 0.29. PSI is shown on the z-axis, with contours 

showing changes in ‘process stress’ (-1 to 0) or ‘resilience capacity’ (0 to 1). 

The contour plot in Fig. 5.4-1, based on simulation 1a in Table 5.4-1 shows a moderate to 

extreme level of resilience capacity. This is evidenced in the model outputs of PSI at 0.64, 

pF of 0.00 and 100% Rel. Additionally, Fig. 5.4-1 shows that the PSP is most resilient when 

the BOD5 concentration is highest (330 – 350 mg L-1), and HRT is between 2.6 and 3.0 h. 

This observation agrees with Henze et al. (2008), where 60% of the influent BOD5 was found 

in the suspended matter (particulate). This means that, as the BOD5 concentration and HRT 

increase (2 – 3 h), so does particle interaction (aggregation). The opposite occurs at low 

BOD5 concentrations, where the PSP is less resilient across the HRT range (PSI <0.5). In 

this case, particulate BOD5, in low concentrations, experiences advection and is carried in 
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through the vessel. This notable reduction in process performance agrees with WEF (2005) 

on the engineering design of PSP.  

 

Fig. 5.4-2 Process stress contour plot, showing HRT between 1 and 2 h, based on influent flow (x-axis). BOD5 between 

110 and 350 mg L-1 (y-axis). Rpsp was used as the benchmarked condition at 0.33. PSI is shown on the z-axis, with contours 

showing changes in ‘process stress’ (-1 to 0) or resilience capacity (0 to 1). 

When the HRT is reduced (1 – 2 h), as shown in Fig. 5.4-2, the process dynamics change, 

displaying areas of concentrated ‘process stress’. These areas of ‘process stress’, where the 

highest concentration of PSI occurs (>0.9, significant to extreme), are seen at the highest 

BOD5 concentration and the lowest HRT. This observation agrees with the work on particle 

transport in chemical engineering processes by Coulson and Richardson (2011) and 

Richardson et al. (2007). They demonstrated numerically that a reduced HRT prevents floc 

aggregation and gravity sedimentation from occurring, leading to the dominance of 

advective mechanisms (Peclet number >1). However, the mean PSI is -0.11 (negligible 

‘process stress’), and pF is 0.73 (simulation 2a), indicating that the PSP will fail when the 
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process is highly loaded at a low HRT. This observation demonstrates the need for 

visualisation, where plant and operational managers could track the possibility of stressors 

resulting in process-related failures. 

 

Fig. 5.4-3 Process stress contour plot, showing HRT between 2 and 3 h, based on influent flow (x-axis). TSS between 100 

and 370 mg L-1 (y-axis). Rpsp was used as the benchmarked condition at 0.50. PSI is shown on the z-axis, with contours 

showing changes in ‘process stress’ (-1 to 0) or resilience capacity (0 to 1). 

The contour plot in Fig. 5.4-3 is based on simulation 3a (Table 5.4-1), which corresponds 

with Fig. 5.4-1, representing a moderate to extreme level of resilience capacity. This is 

evidenced in the model outputs for PSI at 0.63, pF of 0.00 and 100% Rel. Similar to Fig. 

5.4-1, lateral contour lines are present at approximately 200 mg L-1 (PSI = 0.5) and 280 mg 

L-1 (PSI = 0.7). This is thought to relate to mass transport mechanisms (dispersion and 

advection) and Stokes law which is dependent on the size and density of particles, as noted 

in studies of lamella clarifiers by McKean (2010). In addition, the highest resilience capacity 

was seen between a TSS of 350 – 370 mg L-1 and HRTs from 2.4 to 3 h. 
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Fig. 5.4-4 Process stress contour plot, showing HRT between 1 and 2 h, based on influent flow (x-axis). TSS between 100 

and 370 mg L-1 (y-axis). Rpsp was used as the benchmarked condition at 0.54. PSI is shown on the z-axis, with contours 

showing changes in ‘process stress’ (-1 to 0) or resilience capacity (0 to 1). 

When comparing Fig. 5.4-3 to Fig. 5.4-4, it can be observed that reducing the HRT of a PSP 

increases ‘process stress’. This is demonstrated by the PSI of -0.13 (negligible ‘process 

stress’), pF of 0.74 and a Rel of 26% (Table 5.4-1, simulation 4a). However, the PSP will 

fail when the process is most highly loaded and at a low HRT. One interesting observation 

is that despite sensitivity analyses not forming part of this Chapter's research, TSS appears 

more sensitive to changes in HRT, where ‘process stress’ occupies >50% of Fig. 5.4-4, but 

<25% in Fig. 5.4-2. As a result, and to reduce computational demand, BOD5 could be 

removed from the ‘process stress’ analysis, using only TSS. Also, if correlations between 

TSS, turbidity and COD occur, as Azimi et al. (2019) noted, it could enable live predictions 

of ‘process stress’, pF and Rel through the use of suitable monitoring instrumentation. 

Overall, the combined approach of using MCS methodologies to provide contour plots has 

demonstrated a robust approach for analysing stresses in wastewater treatment processes. 
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Therefore, this Chapter extends the GRA approach presented by Mugume et al. (2015), to 

propose a dynamic relationship between ‘process stress’ and ‘resilience capacity’ for 

discrete wastewater treatment processes. It is then possible to analyse the stresses and 

potential failure mechanisms in individual wastewater treatment processes. Also, the heat 

map generated aligns with international conventions for risk analysis, allowing it to be 

interpreted quickly by plant managers and operational staff. 

5.5. Results of load-based, two parameter, process stress 

analysis for primary sedimentation 

The second analysis of ‘process stress’ combines BOD5 and TSS to produce a  𝑃𝑆𝐼̅̅ ̅̅ ̅
𝐶𝑂𝑀, 

which is the mean stress of both parameters in a PSP. The correlation between BOD5 and 

TSS of 1.13 g BOD5 for each g TSS-1, noted by Puig et al. (2010), means the two parameters 

to be combined, where an increase in TSS will also increase the biologically active fraction. 

In other cases, the absence of inter-parameter correlations may not be possible, but here the 

mean stress of TSS and BOD5 can be used to explain the stresses in wastewater treatment 

processes. For simplification, it is acceptable to assume BOD5 and TSS have the same HRT, 

as flow and load vary proportionally in municipal treatment plants, as described by Butler et 

al. (1995). 
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Table 5.5-1 Combined analysis of ‘process stress’ in wastewater treatment processes when considering variations in BOD5 and TSS. 

Input parameters Process stress analysis outputs 

No Variable Reference HRT (h) Range (y) 

(mg L-1) 

Rpsp 𝑷𝑺𝑰̅̅ ̅̅ ̅
𝑪𝑶𝑴 PSI (median) PSI 

(SD) 

PSI (CV) pF Rel 𝑫𝒇 

1 TSSin (x) 

BODin (y) 

PSIave (z) 

Fig. 5.5-1 2 – 3 

2 – 3 

 

100 - 370 

110 - 350 

0.50 

0.29 

0.63 0.63 0.14 0.22 0.00 

 

1.00 

 

0.32 

2 TSSin (x) 

BODin (y) 

PSIave (z) 

Fig. 5.5-2 1 – 2 

1 – 2 

 

100 - 370 

110 - 350 

0.54 

0.33 

-0.04 -0.08 0.26 -6.50 0.69 0.31 -0.02 

3 TSSin (x) 

BODin (y) 

PSIave (z) 

Fig. 5.5-3 0.5 – 1 

0.5 – 1 

100 - 370 

110 - 350 

0.54 

0.33 

-0.33 -0.31 0.13 -0.39 1.00 0.00 -0.17 
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Each row in Table 5.5-1 represents simulations that aim to show the transition from 

resilience capacity to process stress where; (1) is low stress, (2) is neutral stress and (3) is 

low to moderate stress for both BOD5 and TSS. The input parameters (left of Table 5.5-1) 

are provided along with the related axis, variables and figure references. The outputted PSI 

parameters are shown on the right of Table 5.5-1, including parameters such as 𝑃𝑆𝐼̅̅ ̅̅ ̅
𝐶𝑂𝑀, CV, 

pF, Rel and 𝐷𝑓 . 

 

Fig. 5.5-1 Process stress contour plot, showing HRT between 2 and 3 h, based on influent flow. TSS between 100 and 370 

mg L-1 (x-axis). BOD5 between 100 and 350 mg L-1 (y-axis), Rpsp used as the benchmarked condition at 0.29 and 0.50 for 

BOD5 and TSS, respectively. 𝑃𝑆𝐼̅̅ ̅̅ ̅
𝐶𝑂𝑀 is shown on the z-axis, with contours showing changes in ‘process stress’ (-1 to 0) 

or resilience capacity (0 to 1), taken from input parameters shown in Table 5.5-1, simulation 1. 

The contour plot shown in Fig. 5.5-1 relates to simulation 1 in Table 5.5-1 and would be 

described as moderate to extreme resilience capacity. Unlike the predominantly horizontal 

contour lines seen in Fig. 5.4-3, the contours shown in Fig. 5.5-1 are diagonal when 

𝑃𝑆𝐼̅̅ ̅̅ ̅
𝐶𝑂𝑀 is computed. This changes the aportionment and concentration of resilience, with 

0.7

0.5

TSS   (mg.l   )

B
O

D
  

  
(m

g
.l 

  
)

350300250200150100

350

300

250

200

150

>  

–  

–  
–  

–  

–  

–  
–  

–  

–  
–  

<  

0.5 0.7

0.7 0.9

0.9

-0.9

-0.9 -0.7
-0.7 -0.5

-0.5 -0.3

-0.3 -0.1
-0.1 0.0

0.0 0.1

0.1 0.3

0.3 0.5

PSI

-1
in

5
in

-1



195 

 

the highest level of resilience capacity triangulated between 180 - 370 and 170 - 350 mg L-1 

for TSS and BOD5, respectively. As observed in Fig. 5.4-3 and Fig. 5.4-4, higher 

concentrations increase the possibility of particle interaction and aggregation, meaning a 

more significant proportion of the BOD5 and TSS can be removed. The least resilience 

capacity in Fig. 5.5-1 triangulates between 0 – 250 mg L-1 for both BOD5 and TSS, which 

again corresponds with Fig. 5.4-3 and Fig. 5.4-4 where advection is likely the dominant 

mechanism. Despite variations not causing a failure (pF = 0.0), it does reduce the efficiency 

of the PSP (Rel TSS = 0.5).  

 

Fig. 5.5-2 Process stress contour plot, showing HRT between 1 and 2 h, based on influent flow. TSS between 100 and 370 

mg L-1 (x-axis). BOD5 between 100 and 350 mg L-1 (y-axis), Rpsp used as the benchmarked condition at 0.33 and 0.54 for 

BOD5 and TSS, respectively. 𝑃𝑆𝐼̅̅ ̅̅ ̅
𝐶𝑂𝑀 is shown on the z-axis, with contours showing changes in ‘process stress’ (-1 to 0) 

or resilience capacity (0 to 1). Taken from input parameters shown in Table 5.5-1, simulation 2. 

The contour plot in Fig. 5.5-2 shows the transition from negligible resilience capacity to 

negligible/minor ‘process stress’. Therefore, as the HRT reduces from 2 – 3 h to 1 – 2 h, 
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stresses start to manifest, with Table 5.5-1 (simulation 2) displaying a PSI of -0.04 and pF 

of 0.69. Randomised fluctuations in ‘process stress’ can be seen in Fig. 5.5-2, where the PSI 

varies between 0.00 (neutral) and -0.3 (mild to moderate ‘process stress’). These randomised 

oscillations between neutral and moderate ‘process stress’ could indicate instability of the 

PSP. Therefore, it may be possible to evaluate process ‘stability’ by analysing the magnitude 

and frequency of perturbations evident in (simulation 2), where a CV of -6.5 shows a 

significantly larger negative value than other simulations in Table 5.5-1. It also indicates that 

a process can be stable when experiencing ‘process stress’ and also when it experiences 

resilience. 

 

Fig. 5.5-3 Process stress contour plot, showing HRT between 0.5 and 1 h, based on influent flow. TSS between 100 and 

370 mg L-1 (x-axis). BOD5 between 100 and 350 mg L-1 (y-axis), Rpsp used as the benchmarked condition at 0.33 and 0.54 

for BOD5 and TSS, respectively. 𝑃𝑆𝐼̅̅ ̅̅ ̅
𝐶𝑂𝑀 is shown on the z-axis, with contours showing changes in ‘process stress’ (-1 to 

0) or resilience capacity (0 to 1), taken from input parameters shown in Table 5.5-1, simulation 3. 
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Consequently, process instability could be observed from the characteristic variation of PSI 

between stress and resilience. This contributes to the broader field by providing a link 

between ‘process stress’, ‘resilience capacity’ and the ‘stability’ of wastewater treatment 

processes. However, this may not be feasible for WRRF systems in the UK, where unit 

processes vary significantly due to the retrofitting of supplementary equipment to achieve 

permitted discharge requirements (see Section 2.4.6). 

The contour plot shown in Fig. 5.5-3 shows a PSP suffering from mild to moderate stress 

due to the HRT changing from 1 – 2 h to 0.5 – 1 h, which is evident in the PSI of -0.33 and 

pF of 1.00. This plot is dominated by an area (>50% of the plot) between -0.30 and -0.5 PSI. 

This indicates that minor to moderate stresses are more prominent at HRTs between 0.5 and 

1.0 h. Additionally, SD and CV from Table 5.5-1 (simulation 3) were evaluated to assess the 

stability of the process, which gave values of 0.14 and 0.39. Therefore, indicating that, 

although the process is stressed, it is stable and will remain so until other parameters are 

changed. 

Overall, 𝑃𝑆𝐼̅̅ ̅̅ ̅
𝐶𝑂𝑀 could be used as a determinant for ‘process stress’ contour plots when 

parameters are correlated (BOD5 and TSS). Therefore, in future studies, it will be essential 

to consider the parameter correlations and inter-relationships before they are combined, as 

they may provide unwanted results. An interesting observation from the combined contoured 

plots was the characterisation of process stability. It may be possible to extend the analyses 

to estimate system stability by analysing the variances associated with SD and CV (Table 

5.5-1). However, further research is required to develop methods for analysing stability 

numerically, but this must consider that a wastewater treatment process can experience 

stability in both stressed and resilient conditions. 
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5.6. Summary of proposed dynamic resilience methods 

The potential use of a methodology for analysing stresses and resilience capacity in 

wastewater treatment processes builds on existing resilience computation approaches 

presented in the literature. This Chapter has developed the conceptual basis for the 

measurement of ‘process stress’ and ‘resilience capacity’ by; 1) defining the scale of 

‘process stress’ and resilience capacity (-1 to 1); 2) proposing methods for computation of 

pF, Rel and estimation of process stability and; 3) presenting the outputs visually as 

contoured plot heat maps of wastewater ‘process stress’ and resilience capacity. This is a 

novel concept and also gives operational staff the ability to observe the potential for ‘process 

stress’ or improve ‘resilience’ based on either a diagnostic chart such as that shown in Fig. 

5.4-1 to Fig. 5.5-3 or possibly automated, with a moving marker (X in Fig. 5.6-1). 

Overall, this Chapter's methods offer a step forward in understanding the dynamic 

interaction of ‘process stress’ and ‘resilience capacity’. However, the contoured heat maps 

are somewhat of a simplification and do not account for the numerous chemical and 

biochemical reactions observed in actual WRRF systems and processes. However, from the 

simulations presented in this Chapter, it may be possible to use simple projections to 

recognise how population growth and changing climatic conditions affect WRRF systems 

and processes. 
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Fig. 5.6-1 Automation and control chart exploration of ‘process stress’ for wastewater treatment processes, with high (300 

– 500 mg L-1) for both BOD5 and TSS, respectively. Where the HRT has been reduced to 0.1 to 0.2 h, with PSI of -0.52, 

pF of 1.00 and 0.00% Rel. The (X) marker shows a theoretical operational point when the process is subject to moderate 

to high levels of BOD5 and TSS. 

The ‘process stress’ and resilience methodology presented in this Chapter provides the 

conceptual basis of an analytical tool that accommodates industrial norms (the risk 

assessment matrix) while reducing the computational demand from proposed methodologies 

such as PWM and E-PWM, which require advanced knowledge to apply. The proposed 

methodology separates the ‘stressor’ from process stress/resilience capacity to simulate their 

dynamic interaction and diurnal variations. Nevertheless, it is unlikely that MCS could be 

used to simulate the numerous conditions observed in actual WRRF systems or processes 

without becoming computationally demanding. 
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5.7. Conclusions and future perspectives 

This Chapter presents a novel conceptual methodology for analysing stresses and resilience 

capacity for WRRF systems and processes. It first separates the ‘stressor’ from ‘process 

stress’ and resilience capacity to independently evaluate their characteristics. A simple 

contour plot visualisation has been used to visualise scaled MCS from variances and to 

compute the probability of wastewater treatment process failures. The same contour-based 

visualisations were used to propose the reliability and stability of discrete unit processes. 

These methods could assist in visualising the impact of climate change, population growth 

and consumer behaviour on stresses and resilience in wastewater treatment processes. 

The following are the conclusions from this Chapter: 

• Process stress and resilience capacity can be analysed by separating the ‘stressor’ 

(cause) and ‘process stress’ (effect). This, in turn, enables the analysis of dynamic 

variations in resilience as the oscillation between resilience capacity and ‘process 

stress’ (positive and negative benchmark variance). 

• It was possible to use MCS for pseudo-random simulations (within wastewater 

process operational ranges), from which outputs can be used to compute the 

probability of failure, process reliability and stability. 

• The variables used in the MCS can be scaled (-1 to 1), with negative values indicating 

‘process stress’ and positive values ‘resilience capacity’, which can then be plotted 

to produce contoured process stress/resilience capacity heat maps. 

• These simple process stress/resilience capacity contour plots can be easily interpreted 

by plant and operational managers to understand the level of stress occurring for 

discrete wastewater treatment processes. This can be performed for individual 

parameters or combined to understand correlated parameters, such as BOD5 and TSS. 
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• Process stability could also be used to evaluate the frequency and magnitude of 

oscillations between resilience capacity and ‘process stress’.  

The ‘process stress’ methodology presented extends existing resilience characterisation 

methods to understand the stresses in discrete wastewater treatment processes. Contour-

based stress plots have identified that informed decisions could be made using a simple 

visual prompt to understand the negative impacts of climate change, population growth and 

modifications to consumer behaviour. However, the main challenge for the analyses 

presented in this Chapter will be applying the methodology to complex biochemical and 

chemical processes where many kinetic and stoichiometric parameters are combined to 

generate wastewater process outputs. It will also be important to understand whether live 

instrument monitoring data could be incorporated to provide an instantaneous measure of 

‘process stress’ moving toward predictive analytics. This would ultimately shift towards a 

dynamic measure of ‘resilience’ or ‘dynamic resilience’, which incorporates the temporal 

interaction of stressors and ‘process stress’. 
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Chapter 6 
 

 

6. Case study 2: results of discrete dynamic 

resilience analyses using WRRF flow data 

The previous Chapter presented initial methods for visualising ‘process stress’ while 

incorporating the outcomes of the international survey presented in Chapter 4. Where 

Chapter 5 proposed the ‘process stress’ and the concept of ‘dynamic resilience’ via MCS, 

this Chapter expands methodologies to use actual WRRF flow data. Rather than using MCSs 

to simulate process states, this Chapter uses actual WRRF data via an IWA ASM1 

mechanistic model (heterotrophic growth and decay only) to simulate the interaction 

stressors, ‘process stresses’ and ‘resilience capacity’ as a SOW (a self-ordering window of 

stressors and process stresses). Therefore, this Chapter extends beyond Chapter 5 to address 

the requirement to evaluate ‘dynamic resilience’ as a SOW and in the context of actual 

WRRF process data. It also considers the complexities of using actual data and uses 

descriptive parameters (prominence, dominance and failure/reliability) to analyse process 

conditions. This Chapter contributes to the broader field by applying the ‘stressor’ and 

‘process stress’ indices developed in Chapter 5 actual WRRF data to produce SOW 

visualisations. 

6.1. Introduction 

Simulation methods, such as the MCS, are powerful tools for evaluating numerous process 

scenarios consecutively and have been used widely for differential equations (Eckhardt, 

1987). As the name suggests (Monte-Carlo), the computations have an element of 
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uncertainty (i.e. they can only reflect random or pseudo-random ranges). Therefore, it may 

not be possible to replicate the actual process conditions and physical nuances of WRRF 

assets or simulate the numerous parameters associated with WRRF. Furthermore, efforts to 

use MCS for all apparent mechanistic conversions and simulations would be exhaustive and 

computationally infeasible. Nevertheless, MCSs are helpful for numerical method 

development, such as the ‘process stress’ methods used in Chapter 5 as an initial stage before 

applying more sophisticated methods. 

The limitations in MCS methodologies for larger, more extensive simulations, such as AS 

processes, meant that a more complex simulation approach is required to incorporate 

differential equations associated with the growth and decline of microbes. Existing 

mechanistic simulations are, nevertheless, complex, even the IWA ASM1 model, which was 

the seminal model of the ASM series (currently at ASM3). However, the guidance provided 

by Henze et al. (2002) provides a standard approach for the first ASM1 model that covers a 

significant proportion of WRRF systems in the UK and Europe (heterotrophic and 

autotrophic conversions). As the core model for many commercial AS simulators such as 

BioWin®, GPS-X and SUMO®, ASM1 is well suited to dynamic modelling and is scalable 

for various applications (EnviroSIM, 2018b).  

However, the existing model has not been adapted to provide relevant insights on the 

dynamic effects of resilience (stressors and process stresses/resilience capacity) observed for 

a specific WRRF process. Therefore, simplifying ASM1 modelling and combining ‘dynamic 

resilience’ analyses with actual data with mechanistic modelling could 1) evaluate the 

possibility of investigating the actual temporal aspects of ‘dynamic resilience’ and 2) move 

away from the scenario-test theoretical basis for most simulations in the literature (see 

Chapter 2, Section 2.8.6).  
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This use of actual WRRF data is a crucial consideration, and if it were possible to identify 

an event and analyse its ‘dynamic resilience’ response would improve the knowledge of 

future events. Overall, this would then; 1) extend existing BSM and ASM studies, which 

rely on OCI, EQI and GHG, to include the application of novel ‘dynamic resilience’ indices 

presented in Chapter 5, 2) use actual WRRF data to characterise the ‘stressor’ and ‘process 

stress’ responses to events and, 3) extend contour-based visualisations presented in Chapter 

5 to include actual WRRF data.  

6.2. Aims and objectives 

This chapter aims to evaluate the possibility of applying the ‘dynamic resilience’ approach 

proposed in Chapter 5 to actual WRRF data. It extends the theoretical MCS simulations in 

Chapter 5 to address KG 1C to 1F in Table 2.10-1 and RQ 2C to 2G in Table 2.10-2 related 

to the application of ‘dynamic resilience’ to actual WRRF data. 

The objectives of this chapter are listed below: 

1. Acquire and analyse instrument data from an actual operational WRRF. 

2. Investigate strategies for extracting different operational conditions. 

3. Propose a modelling methodology for analysing the ‘dynamic resilience’ of actual 

WRRF processes. 

4. Develop an approach for isolating exceptional events from actual WRRF data. 
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6.3. Materials and methods 

The assessment of the proposed ‘dynamic resilience’ approach for biological wastewater 

treatment processes was undertaken in two evaluations. Initially, an IWA ASM1 model was 

developed for a hypothetical plant receiving 16,952 m3 d-1 with an MLSS of 1600 mg L-1 

under steady-state conditions. Two identical models were used concurrently for simulations. 

The first model was the ‘master’, which used a data time series (i.e. the test conditions as a 

time series). The second model was the ‘slave’ based on a SOC extracted from the WRRF 

data. Each model ran simulations concurrently for both evaluations, with the ‘slave’ used as 

a reference to the ‘master’. 

Evaluation 1 hypothetical shock influent conditions from 2,000 to 30,000 m3 d-1 as the 

‘master’ ASM model investigated the stressor and ‘process stress’ (‘discrete dynamic 

resilience’), then scaled it against the reference condition, or ‘slave’, model. This allowed 

the development of a time-based ‘discrete dynamic resilience’ plot, separating the ‘stressor’ 

(cause) from process stress/resilience capacity (effect). Evaluation 2 extended theoretical 

methods to actual WRRF flow data. Static and dynamic time series data were used to drive 

the ‘slave’ model and compute the divergence of the ’master’ model based on flow 

conditions extracted from ten years of monitoring data. 

6.3.1. Modelling strategy for the analysis if discrete dynamic resilience 

A modified STOWA (Dutch Foundation of Applied Water Research) protocol originally 

presented by Hulsbeek (2002) was selected for the dynamic modelling of AS processes. The 

protocol allows for a clear definition of modelling objectives (including complexity 

requirements) and has been vital for developing new modelling concepts used more recently 

by Bentancur et al. (2021). The STOWA objectives and studies by Regmi et al. (2018) 
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recommend that modelling practices should only provide the necessary level of complexity 

to demonstrate the outcomes. In this Chapter, the modelling strategy focuses on developing 

a robust methodology for ‘discrete dynamic resilience’, so a reasonable level of accuracy is 

required. This modelling strategy has been incorporated in the methodology presented in 

Fig. 6.3-1, which shows three stages, where: Stage 1 is the dynamic process model and SOC 

selection; Stage 2 iterates model outputs and computes data variances to evaluate event 

prominence and dominance; Stage 3, evaluates and scales the benchmark variation to 

generate a SOW. 

For the hypothetical shock conditions (Evaluation 1), modelling outputs present a partial 

time-based representation of ‘dynamic resilience’ (i.e. a time series of theoretical flow 

conditions). In Evaluation 2, all Stages in Fig. 6.3-1 were completed to generate a SOW for 

the ‘stressor’ and process stress/resilience capacity independently. This improved visual 

communication, presenting the transformed data in a format that considers international 

norms like the risk assessment matrix (HSE, 2019) and traffic light systems proposed by 

Guéguen & Tiganescu (2017) for the appraisal of building damage states. Additionally, both 

evaluations completed also computed descriptive parameters from Chapter 5, such as pF and 

Rel.  
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Fig. 6.3-1 Modified STOWA protocol for evaluating ‘dynamic resilience’ of wastewater treatment processes, showing the 

three stages and seven steps.Where stage 1 is the model selection and benchmarking, stage 2 is the computation and iteration 

of inputted process parameters, and stage 3 is the computation and visualisation of stresses in wastewater treatment 

processes. 
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Modelling was performed according to the IWA ASM1 modelling methodology. The model 

representation follows the notation in the guidelines presented by Rieger et al. (2013), where; 

1) heterotrophic or autotrophic growth and decay, represented by 𝑗(1−𝑁); 2) are components 

such as soluble substrate (Ss) (𝑖(1−𝑁)), incorporating the yield coefficients (𝑌); 3) are the 

process rates (𝜌𝑗), incorporating biomass concentration, maximum specific growth rate (�̂�), 

half velocity constant (𝐾) and specific decay coefficient (b); 4) is the observed conversion 

rates (𝑟𝑖), incorporating yield coefficients, and process rate equations in each component (𝑖). 

Eq 6.3-1 shows the heterotrophic biomass substrate consumption and the observed 

conversion rate, when considering all processes in Eq 6.3-2 (Alex et al., 2008). 

𝑟𝑆𝑠 =  −
1

𝑌𝐻
 

�̂� 𝑆𝑠

𝐾𝑠+ 𝑆𝑠
 𝑋𝐵𝐻       (Eq 6.3-1) 

𝑟𝑖=2 =  −
1

𝑌𝐻
 𝜌1 −

1

𝑌𝐻
𝜌2 + 𝜌7       (Eq 6.3-2) 

      (Eq 6.3-3) 

         (Eq 6.3-4) 

A simplified heterotrophic biomass model was used to demonstrate ‘discrete dynamic 

resilience’ in the context of the STOWA objectives, considering only growth and decay (Eq 

6.3-3 and Eq 6.3-4). This simplified model reduced the modelled process variables (1 and 

4) to demonstrate the dynamic, multivariate inputs for influent flow, recirculated flow, 

substrate concentration, solids concentration, process temperature (Arrhenius) and yield 

coefficients. 

1 =  �̂�𝐻 (
𝑆𝑆

𝐾𝑆 + 𝑆𝑆

) (
𝑆𝑂

𝐾𝑂.𝐻 + 𝑆𝑂

) 𝑋𝐵.𝐻 

4 = 𝑏𝐻𝑋𝐵𝐻 
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6.3.2. Simulation strategy for the analysis of discrete dynamic resilience 

MATLAB® (ver. 2020b) and Simulink were used for dynamic simulation and the IWA 

ASM1 model analysis. A dynamic model schematic was constructed, as described by Alex 

et al. (2008) and Lacopozzi et al. (2007), which generated simulation data for the ‘dynamic 

resilience’ analysis (Vrecko et al., 2006). Fig. 6.3-2 shows the three-stage, divergent 

simulation and analytical strategy for the investigation of ‘dynamic resilience’. Step 1 in Fig. 

6.3-2 incorporates the two simulation models, with model 1a the dynamic process (master) 

and model 1b, the constant or dynamic reference point (‘slave’). Step 2 outputs ‘dynamic 

resilience’ as the magnitude of the ‘stressor’ and ‘process stress’ variation about some 

standard condition (slave). Also, during Step 2, exploratory analysis for process related 

parameters are computed, such as event prominence (Pr), Df, and the upper/ lower-tier 

probability of process failure/reliability (pF, Rel). Step 3a computes ‘dynamic resilience’ by 

generating the Stressor (SI) and PSI. Finally, Step 3b visualises the knowledge discovered 

in the analytical element (Step 3a) as two SOW (SI, PSI); linking ASM modelling, actual 

biological process instrument data and resilience theory. 
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Fig. 6.3-2 Discrete dynamic resilience methodology for characterising stressors and process stresses in biological 

wastewater treatment processes. 

6.3.3. Theoretical basis for the evaluation of discrete dynamic resilience 

and SOW generation 

Process variables in dynamic wastewater treatment processes vary diurnally, weekly and 

seasonally. Stressors become prominent as flow and load change over a diurnal period, as 

described by Langergraber et al. (2008) and Langergraber (2018). These changes generate 

‘process stress’ with process rates (j) changing accordingly, causing a loss or gain of active 

biomass. Therefore, when applying the ‘dynamic resilience’ methods in Chapter 5, it is 

crucial to consider that biological wastewater systems experience both positive and negative 

magnitudes of ‘process stress’. Climatic conditions (and exceptional events) significantly 

contribute to process variations and are observed operationally from variations in Mixed 

Liquor Volatile and Suspended Solids (MLVSS/MLSS). 
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Additionally, these multivariate interactions relate to sludge retention/wastage, substrate and 

nutrient availability which either catalyses microbial growth or causes endogenous 

respiration, as described by Wang (2010) and Wojnarowicz et al. (2014). Due to the 

complexity of these interactions (Guanghao et al., 2020), previous ‘state-based’ Monte Carlo 

Simulations (MCS) used to capture physical ‘process stresses’ may be unsuitable for 

dynamic biological processes. Therefore, dynamic wastewater processes require a new 

approach that includes ‘process stress’ recovery time, which MCS may not be able to 

achieve without becoming computationally intensive. 

In addition to evaluating ‘dynamic resilience’, process failure should also be considered 

through the computation of pF. When using actual process instrument data for the 

computation of pF, limits must be applied from a SOC (‘slave’) as presented by Ebrahimi et 

al. (2017) but should also consider the operational appetite for process risk. The methods 

proposed in this Chapter consider heterotrophic biomass concentrations above and below the 

reference condition limits (‘slave’ using limits ±10%) process failures Eq 6.3-5). Due to the 

absence of research on the operational appetite for risk, the limits of ±10% were assumed 

appropriate (± 200 mg L-1 at average heterotrophic biomass concentrations of 2000 mg L-1). 

Despite this strategy being suitable for method development (used in this Chapter), further 

research is required to establish acceptable WRRF process and operational limits, which is 

outside the scope of this research.  

Further clarification on process failures (Eq 6.3-6) is identified from process failure data 

points in the upper (𝑝𝐹𝑈𝑇) and lower tier (𝑝𝐹𝐿𝑇) as shown in Eq 6.3-5. Also, the inverse of 

pF, Rel as described by Zhang et al. (2012), can be easily computed according to Eq 6.3-7 

for upper and lower tiers. 

𝑝𝐹 =  
(∑ 𝑈𝑡)+(∑ 𝐿𝑡)𝑁

𝑖=0
𝑁
𝑖=0

𝑁
        (Eq 6.3-5) 
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{

 𝐼𝐹 𝛿𝑦 > 𝑈𝑡 = 1
𝐼𝐹 𝛿𝑦 ≤  𝑈𝑡 AND >  𝐿𝑡 = 0

𝐼𝐹 𝛿𝑦 <  𝐿𝑡 =   1
  𝑥, 𝑦 {

lim
𝑡 →∞

𝑓(𝑡) × 1.10 = 𝑈𝑡

lim
𝑡 →∞

𝑓(𝑡) × 0.90 = 𝐿𝑡
   

𝑝𝐹𝑈𝑇 =  
(∑  𝑈𝑡)𝑁

𝑖=0

𝑁
    𝑝𝐹𝐿𝑇 =  

(∑  𝐿𝑡)𝑁
𝑖=0

𝑁
   (Eq 6.3-6) 

𝑅𝑒𝑙 = 1 − 𝑝𝐹         (Eq 6.3-7) 

{
𝑅𝑒𝑙 = 1 − 𝑝𝐹𝑈𝑇

𝑅𝑒𝑙 = 1 − 𝑝𝐹𝐿𝑇
 

The dominance of events relates to the magnitude of a ‘stressor’ (flow) relative to the 

‘process stress’ generated (divergence of ‘stressor’ from ‘process stress’). To evaluate event 

dominance (𝐷𝑓) over a diurnal period, and account for the difference in the combined 

‘stressor’ and ‘process stress’ scale, the simulated value must first be standardised according 

to Eq 6.3-8 (Johnson, 2017). The value of 𝑍 with respect to the y-axis (𝑍𝑦) is then computed 

for both the ‘stressor’ (flow) event (𝛿𝑦𝑞𝑠), and ‘process stress’, the magnitude of change in 

heterotrophic biomass concentration (𝛿𝑦𝑃𝑠). The dynamic variance of the stressor (𝛿𝑦𝑞𝑠 -

 𝛿𝑦𝑞𝑏) and ‘process stress’ (𝛿𝑦𝑝𝑠 −  𝛿𝑦ℎ𝑏) is computed using model 1a and 1b (Fig. 6.3-2). 

These are subtracted from the mean-variance and divided by the standard deviation (𝜎) to 

take 𝑍𝑦𝑠𝑡(𝑖−𝑁) for the exerted ‘stressor’, 𝑍𝑦𝑝𝑠(𝑖−𝑁) for the ‘process stress’ reaction and 

(𝑍𝑦𝑠𝑠) the stress scale (Eq 6.3-9). The dominance (𝐷𝑓) of events for the ‘stressor’ and 

‘process stress’ are substituted into Eq 6.3-10, where the numerator is the divergence of 

𝑍𝑦𝑠𝑡(𝑖−𝑁) from 𝑍𝑦𝑝𝑠(𝑖−𝑁) to the dataset stress scale (𝑍𝑦𝑠𝑠). Lastly the prominence (Pr), more 

commonly used for signal processing, and represents how prominent a peak is relative to 

other peaks within a dataset(MathWorks, 2022). 

𝑍𝑦𝑠𝑡(𝑖−𝑁) =
(𝛿𝑦𝑞𝑠−𝛿𝑦𝑞𝑏)−(𝛿𝑦𝑞𝑠−𝛿𝑦𝑞𝑏)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅

𝜎
 𝑍𝑦𝑝𝑠(𝑖−𝑁) =

(𝛿𝑦𝑝𝑠−𝛿𝑦ℎ𝑏)−(𝛿𝑦𝑝𝑠−𝛿𝑦ℎ𝑏)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅

𝜎
 (Eq 6.3-8) 
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𝑍𝑦𝑠𝑠 =  (𝑚𝑎𝑥(𝑍𝑦𝑠𝑡) −  𝑚𝑖𝑛(−𝑍𝑦𝑃𝑠))(𝑖−𝑁)     (Eq 6.3-9) 

𝐷𝑓 =  
𝑍𝑦𝑠𝑡−(−𝑍𝑦𝑝𝑠)

𝑍𝑦𝑠𝑠
   𝐷𝑓̅̅ ̅̅ =  

1

𝑁
 ∑ 𝐷𝑓

𝐷𝑓=𝑁
𝐷𝑓=1    (Eq 6.3-10) 

The ‘dynamic resilience’ indices for the ‘stressor’ and ‘process stress’ are then computed as 

𝑃𝑆𝐼𝑖−𝑁, and 𝑆𝐼𝑖−𝑁 (Eq 6.3-11 and Eq 6.3-13). The 𝑆𝐼𝑖−𝑁 considers the instantaneous 

magnitude of flow variation (𝛿𝑦𝑞𝑠 − 𝛿𝑦𝑞𝑏), using simulated hypothetical (Evaluation 1) and 

then actual instrument flow measurements according to Eq 6.3-11 (Evaluation 2). These 

values are then rescaled between 0 and 1 (Eq 6.3-12) to display ‘stressor’ magnitude based 

on the wastewater treatment process influent flow. Eq 6.3-12 uses standard notation, where 

(a) is the desired minimum value and (b) is the desired maximum value (0 to 1 for the 

‘stressor’ and 0 to -1 for the ‘process stress’). The (min) and (max) values in Eq 6.3-12 are 

the minimum and maximum values from the dynamic simulation dataset generated (master, 

model 1b). When considering process stresses, 𝑃𝑆𝑖, it is computed as the difference between 

the measured reference concentration of heterotrophic biomass 𝛿𝑦ℎ𝑏 (model 1b) and 

instantaneous dynamic concentration 𝛿𝑦𝑝𝑠 (model 1a) (Eq 6.3-13). This value is then 

rescaled (Eq 6.3-14) between 0 and -1 to compute the 𝑃𝑆𝐼𝑖−𝑁 for each measured variable. 

𝑆𝐼𝑖 = 𝛿𝑦𝑞𝑠 − 𝛿𝑦𝑞𝑏        (Eq 6.3-11) 

𝑆𝐼𝑖−𝑁 =   
(𝑏−𝑎)(𝑆𝐼𝑖−min (𝛿𝑦𝑞𝑠))

max(𝛿𝑦𝑞𝑠) − min (𝛿𝑦𝑞𝑠)
+ 𝑎  𝑆�̅� =  

1

𝑁
 ∑ 𝑆𝐼𝑆𝐼=𝑁

𝑆𝐼=1   (Eq 6.3-12) 

{
 

𝐼𝐹 𝑆𝐼 ≥ 0 = 𝑆𝑐𝑎𝑙𝑒 [0 𝑡𝑜 1] 
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𝑃𝑆𝑖 = 𝛿𝑦𝑝𝑠 − 𝛿𝑦ℎ𝑏        (Eq 6.3-13) 

𝑃𝑆𝐼𝑖−𝑁 =   
(𝑏−𝑎)(𝑃𝑆𝑖−min (𝛿𝑦𝑝𝑠))

max(𝛿𝑦𝑝𝑠) − min(𝛿𝑦𝑝𝑠)
+ 𝑎  𝑃𝑆𝐼̅̅ ̅̅ ̅ =  

1

𝑁
 ∑ 𝑃𝑆𝐼𝑃𝑆𝐼=𝑁

𝑃𝑆𝐼=1   (Eq 6.3-14) 

{
 𝐼𝐹 𝑃𝑆 ≤ 0 = 𝑆𝑐𝑎𝑙𝑒 [−1 𝑡𝑜 0]

𝐼𝐹 𝑃𝑆 > 0 = 𝑆𝑐𝑎𝑙𝑒 [−1 𝑡𝑜 0]
 

6.3.4. Process selection and process boundary 

The simplified CAS process, as shown in Fig. 6.3-3, was used for all simulations for 

Evaluation 1 and 2. The process model assumed that preliminary treatment and primary 

sedimentation had been performed and combined RAS/Wasted Activated Sludge (WAS) 

was by an internal recirculation loop that excludes final clarification. 

VT = 1440 m3

Qi = m3 h-1

XB.H = mg L-1

SS = mg L-1

So = mg L-1

QWAS = m3 h-1

XB.H = mg L-1

SS = mg L-1

RAS

W
A

S
R

A
S + W

A
S

Qe = m3 h-1

XB.H = mg L-1

SS = mg L-1

So = mg L-1

QRAS = m3 h-1

XB.H = mg L-1

SS = mg L-1

Influent Effluent

Conventional activated sludge process boundary

 

Fig. 6.3-3 CAS ASM1 model process boundary used for Evaluation 1 and 2. 
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6.3.5. Data selection and processing for the modelling and simulation of 

discrete dynamic resilience 

Model 1b in Fig. 6.3-2 is the reference condition for the AS process fed using fixed or 

dynamic flow and a homogenised feed stream. The study used ten years of actual instrument 

data recorded at a WRRF in the south of the UK to generate the SOC for the reference 

condition (‘slave’), as presented in Table 6.3-1. 

Table 6.3-1 Parameters from a WRRF in the south of the UK (November 2009 to November 2019). 

Acronym Parameter Value Units 

PE Population Equivalent 38,893 PE 

DWF Dry Weather Flow 10,204 m3.d-1 

FFT 

FFTP 

Full Flow to Treatment 

Full Flow to Treatment Permitted 

19,916 

21,474 

m3.d-1 

m3.d-1 

BOD5 Biochemical Oxygen Demand (5 day) crudea 337 mg L-1 

COD Chemical Oxygen Demand crudea 779 mg L-1 

NH4
+ Ammonium iona 34 mg L-1 

TSS Total Suspended Solidsa 335 mg L-1 

aMean concentration from available data 

Diurnal flow profiles (high, medium and low) in Fig. 6.3-4a were identified using 87,672 

Data Points (DP) (ten years at one-hour intervals) and squared Euclidean, k-means clustering 

with fifty replicates, similar to the methodology used by Borzooei et al. (2020) for 

characterisation of flows under different weather conditions. The silhouette plot in Fig. 

6.3-4b shows that cluster one describes the data well; however, due to persistent flowmeter 

variation and failures, >20% of data is misinterpreted in cluster three. For initial simulations 



216 

 

(1- 3), model 1b used a constant flow of 16,952 m3 d-1 (mean of medium flow). The diurnal 

reference condition for simulations 4 and 5 used a medium diurnal profile from Fig. 6.3-4a 

as it explained the SOC operation without misclassification. 

 

Fig. 6.3-4 K-means clustered outputs, showing high, medium (SOC) and low diurnal flow based on data from November 

2009 to November 2019. 

Peak detection was used to isolate high and low shock flow events for simulations for each 

consecutive year (2009 to 2019). Erroneous values, where instrument calibration caused a 

zero measurement, or a peak of more than three days, were excluded along with outliers. A 

72 h flow event duration was selected (high/low), centred at 36 h, to capture ascent and 

descent. Each yearly flow event was then vectorised to generate the continuous event profile 

(Gov.UK, 2020). This vector used alternating, high/low flow event profiles (see also 

Appendix article 11.15, Fig. 11.15-6) for consecutive years as the master condition (model 

1a), with later simulations using actual instrument data (Evaluation 2). 

 

 

a) b) 
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6.4. Results 

The results in this Section evaluate the potential of ‘discrete dynamic resilience’ as 1) a time-

based methodology (‘stressor’ and ‘process stress’ concerning time) and 2) as a visual 

knowledge base (SOW), presenting transformed process knowledge computed from actual 

instrument flow data. 

6.4.1. Evaluation 1: time-based discrete dynamic resilience under 

simulated shock conditions 

Evaluation 1 in Fig. 6.4-1a shows a hypothetical example with flows varying dynamically 

under simulated short-duration, high-intensity shock flows. Fig. 6.4-1b shows the flow event 

influence on the heterotrophic biomass, with low flows reducing dilution and causing a 

significant increase in concentration. To identify these characteristic variations (including 

exceptional), the prominence of ‘stressor’ events (brown) or ‘process stress’ (red) is 

proposed to identify extremes according to Fig. 6.4-1c. Also, Fig. 6.4-1d presents the 

dominance of events (i.e. the divergence of ‘stressor’ from ‘process stress’), with peaks 

relating to the event significance. Therefore, as shown in Fig. 6.4-1, it is then possible to 

compare the cause of the event (‘stressor’) and the effect (‘process stress’) to evaluate the 

prominence (Fig. 6.4-1c) and dominance (Fig. 6.4-1d) of events. 
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Fig. 6.4-1 Hypothetical shock flow simulation of heterotrophic biomass reaction, prominence and dominance. Where; a) is 

simulated diurnal shock flow; b) is the influence of shock flow on the heterotrophic biomass concentration; c) is the 

‘stressor’ (brown) and ‘process stress’ (red) ‘prominence’; and; d) the event ‘dominance’. 

As shown in Fig. 6.4-2, temporal measurement of ‘discrete dynamic resilience’ (‘stressor’ 

and ‘process stress’) can be related to the growth or decline of heterotrophic biomass. Fig. 

6.4-1 shows that stressors generate the most significant ‘process stress’ when influent flow 

reduces and heterotrophic biomass increases, but the opposite can also occur, as shown in 

Fig. 6.4-1b. This approach demonstrates that a time-based ‘dynamic resilience’ analysis 

could assist operational managers in identifying stressors and ‘process stress’ in dynamic 

biological processes. It has also shown that it may be possible to transform explicit 

knowledge (actual stored data) into tacit (experiential). 

 

a) b) 

c) d) 
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Fig. 6.4-2 Time-based ‘discrete dynamic resilience’ plot using shock flow conditions (‘stressor’) and the influence on 

heterotrophic biomass (‘process stress’). 
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6.4.2. Evaluation 2: discrete dynamic resilience for wastewater treatment 

processes using actual WRRF instrument data 

The second evaluation uses the simulation parameters in Table 6.4-1, actual instrument data, 

‘dynamic resilience’ theory and ASM model simulations to generate visual heat maps 

(knowledge base) of ‘discrete dynamic resilience’ (SOW). Five simulations are used and are 

based on the following and also included in Table 6.4-1: 

1. Normal AS process operation for 77.08 d (January 2019 onward) and constant slave 

(16,952 m3 d-1). 

2. Simulated shocks flow stressors over 3.38 d (as hypothetical simulation shown in 

Fig. 6.4-1) using the previous constant slave. 

3. Combined low, medium and high flow conditions from clustered values in Fig. 6.3-4 

as the master and a constant slave. 

4. Concatenated master and medium diurnal profile as the slave (dynamic reference). 

5. Dynamic slave (as 3) and multivariate divergence according to Table 6.4-1 (master). 

The five simulations were selected to demonstrate standard operation, hydraulic shocks and 

dynamic multivariate shock conditions. 
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Table 6.4-1 Five simulations used to test the conceptual basis for ‘discrete dynamic resilience’. 

No Simulation Duration (d) 

(DP) 

1Master *(C/D) 

Flow/range 

(m3 d-1) 

2Slave *(C/D) 

Flow/range 

(m3 d-1) 

SRT (d) Xbh influent 

(mg L-1) 

Xbh reactor 

(mg L-1) 

Ss 

(mg L-1) 

So 

(mg L-1) 

Temp 

(oC) 

1 WRRF standard operation: constant slave, dynamic 

master 

77.08 

(9,200) 

D 

6,867 – 28,345 

C 

16,952 

5.76 100 1400 100 2 1 20 

2 20 

2 Simulated short-duration shock: constant slave, 

simulated dynamic shock 

3.38 

(341) 

D 

2,000 – 30,000 

C 

16,952 

5.76 100 1400 100 2 1 3-25 

2 20 

3 WRRF short-duration dynamic variance: constant 

slave, dynamic master (low, medium and high) 

3.21 

(293) 

D 

6,935 – 25,979 

C 

16,952 

5.76 100 1400 100 2 1 20 

2 20 

4 WRRF dynamic shock variance, dynamic slave: 

dynamic slave (medium), dynamic master (as simulation 

3) 

66.00 

(6,483) 

D 

1,279 – 34,560 

D 

6,936-15,040 

5.76 100 1400 100 2 1 20 

2 20 

5 WRRF multivariate divergent dynamic shock: dynamic 

slave (medium), divergent multivariate master 

66.00 

(6,903) 

 

D 

1,279 – 34,560 

D 

6,936-15,040 

5.76 101 – 299 

1 100 

1 1002 – 1595 

2 1400 

100 1 2 - 8 

2 2 

1 3.89 – 

23.75 

2 20 

1Parameters specific to the master model 1a (Fig. 6.3-2) 

2Parameters specific to the slave model 1b (Fig. 6.3-2) 

*C constant, D dynamic variation 
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The visualisation of ‘discrete dynamic resilience’ as SOW starts with simulation 2 in Fig. 

6.4-3a (‘stressor’) and Fig. 6.4-3b (‘process stress’), with grey zones indicating missing data. 

Fig. 6.4-3a shows the ‘stressor’ as having the most influence at flows <10,000 m3 d-1 and the 

least at flows from 12,500 to 20,000 m3 d-1 with heterotrophic biomass concentrations <2,000 

mg L-1. Outside of this zone, dilution (D in h-1) is dominant, with the second-largest Df of all 

simulations (0.33). However, this event is dominant over short durations (1 to 2 h), evidenced 

by the 𝑆�̅� of 0.34 resulting in a 𝑃𝑆𝐼̅̅ ̅̅ ̅ of -0.07 and only 3% of values exceeding -0.50. Fig. 6.4-3b 

(‘process stress’) also captures the short duration ‘stressor’ influence on heterotrophic biomass 

from 2,500 to 15,000 m3 d-1, which is thought to originate from low dilution (incoming flow) 

and return of heterotrophic biomass, reducing the F:M ratio. However, the limited size of the 

dataset (3.38 d) prevents the characterisation of ‘process stress’ at flows >20,000 m3 d-1 when 

reactor contents could be diluted/or displaced, as described by Doran (2013). The pF at 0.20 

and Rel of 0.80 means the process fails for 20% of the hypothetical data used in the simulation, 

increasing 18% from standard operation (simulation 1). 

  

Fig. 6.4-3 Simulation 2: SOW for ‘process stress’ analysis with fixed slave and simulated dynamic shock flow. Where a) is 

the ‘stressor’ plot and b) ‘process stress’. 

Simulation 3 in Table 6.4-1 uses a constant ‘slave’ and alternating low, medium and high flow 

data, resulting in a 3.21 d dataset. This was done to explore the range of flows experienced 

a) b) 
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over the ten years. Fig. 6.4-4a shows improved resolution, possibly related to the increased 

range of data points used in the simulation and analysis. It also shows the ‘stressor’ having a 

significant influence at >20,000 m3 d-1, evident from a 𝑆�̅� of 0.58 and 57% of ‘stressor’ values 

>0.5. Nevertheless, poor characterisation occurred at <5,000 m3 d-1, as reflected in Fig. 6.3-4, 

where cluster three (low flow) showed a >20% misclassification. Process stresses in Fig. 6.4-4b 

propagate from an optimal centroid at 10,000 m3 d-1 and heterotrophic biomass concentration 

of 2,000 mg L-1. These stresses correspond with the highest 𝑃𝑆𝐼̅̅ ̅̅ ̅ at -0.52, 69% of values >0.50 

and pF of 0.92; also, the process was only 8% reliable due to simulation three only evaluating 

low and high flow events. 

   

Fig. 6.4-4 Simulation 3: SOW for ‘process stress’ analysis using a fixed slave and concatenated clustered flows (low, 

medium and high). Where a) is the ‘stressor’ and b) the ‘process stress’. 

 

a) b) 
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Table 6.4-2 Computed parameters for simulations 1 to 5 from Table 6.4-1. 

No Simulation  Ref 𝑺𝑰̅̅ ̅
𝒊−𝑵 

(>0.50) 

𝑷𝑺𝑰̅̅ ̅̅ ̅
𝒊−𝑵 

(<-0.50) 

pF 

(DP)1 

pFUT 

(DP)1 

pFLT 

(DP)1 

Rel CVQ CVH 𝑫𝒇
̅̅ ̅̅  

1 Constant slave, normal 

operation  

- 0.67 

(0.75) 

-0.09 

(0.01) 

 

0.02 

(163) 

 

0.02 

(163) 

0.00 

(0) 

0.98 0.16 0.06 0.12 

2 Constant slave, simulated shock 

master 

Fig. 6.4-3 0.34 

(0.16) 

 

-0.07 

(0.03) 

0.20 

(69) 

0.20 

(69) 

0.00 

(0) 

0.80 0.39 0.19 0.33 

3 Constant slave, dynamic master 

(low, med, high) 

Fig. 6.4-4 0.58 

(0.57) 

-0.52 

(0.69) 

 

0.92 

(269) 

0.07 

(20) 

0.85 

(249) 

0.08 0.32 0.16 0.25 

4 Dynamic slave and dynamic 

master (concatenated shocks) 

Fig. 6.4-5 0.14 

(0.46) 

-0.41 

(0.05) 

0.76 

(4,913) 

0.13 

(862) 

0.63 

(4051) 

0.24 0.41 0.42 0.26 

5 Dynamic slave, dynamic master 

(multivariate) 

Fig. 6.4-6 0.41 

(0.46) 

-0.28 

(0.17) 

0.80 

(5,162) 

0.10 

(658) 

0.70 

(4,842) 

0.20 0.41 0.29 0.35 

1DP is the number of simulation datapoints 
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Simulation 4 uses the medium flow dynamic slave (Fig. 6.4-5a) and alternating high/low 

shock flow conditions from 2009 to 2019, totalling 66.00 d. Fig. 6.4-5a exhibits improved 

‘stressor’ characterisation than simulation 3, with the most significant influence at high flow 

and low heterotrophic biomass concentrations (𝑆𝐼, 0.8 to 1.0). This can be explained by the 

second lowest value of 𝑆�̅� at 0.14 and 𝐷𝑓̅̅ ̅̅  of 0.26, where the ‘stressor’ is less dominant over 

heterotrophic biomass and pF reduces to 0.76. The most minor ‘stressor’ influence is 

observed from 10,000 to 17,000 m3 d-1 and heterotrophic biomass concentrations from 1,400 

to 3,200 mg L-1.  

   

Fig. 6.4-5 Simulation 4: SOW for ‘process stress’ analysis using a medium dynamic slave. Where a) is the ‘stressor’ plot 

and b) ‘process stress’. 

A key observation when only using extreme high and low flow events (Fig. 6.4-5a) is that 

resolution over mid-range stressors is reduced, as demonstrated by the neutral green area (SI 

= 0 to 0.1). Data availability in the upper tier is also low, with only 13% of data points, 

meaning additional flow data points would have improved the definition. Fig. 6.4-5b shows 

‘process stress’ as most concentrated in the low to mid-range (5,000 to 20,000 m3 d-1) caused 

by an increase in heterotrophic biomass to >3,200 mg L-1. This would likely result in sludge 

accumulation in final clarification, increase the final effluent solids, and potentially cause 

serious pollution incidents. The minor ‘process stress’ in Fig. 6.4-5b is seen between flows 

a) b) 
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from 7,000 to 22,500 m3 d-1 and heterotrophic biomass concentrations from 1,500 to 2,500 

mg L-1, although an additional acceptable zone occurs up to 2,800 mg L-1.  

Simulation 5 again uses medium dynamic slave but uses the master (model 1b) multivariate 

conditions in Table 6.4-1 to reflect the dynamic variations in actual wastewater treatment 

processes. The SOW resolution is further improved in Fig. 6.4-6 due to the dynamic, 

multivariate variation of influent Xbh, reactor Xbh, So and fluid temperature. As in previous 

simulations, the ‘stressor’ in Fig. 6.4-6a displays the most significant influence from 20,000 

to 35,000 m3 d-1 and heterotrophic biomass concentrations <2800 mg L-1. The ‘stressor’ (0.5 

to 1.0) also occupies approximately 50% of the populated area, with 𝑆�̅� over twice that of 

simulation 4 and 41% of values are >0.50 meaning the ‘stressor’ is more concentrated, and 

characterisation has improved. 

At flows >30,000 m3 d-1, ‘process stress’ in Fig. 6.4-6b shows improved resolution of the 

reaction of biological wastewater treatment processes to stressors. Concentrated process 

stresses now emerge from 20,000 to 25,000 m3 d-1 and heterotrophic biomass concentrations 

>2,400 mg L-1. However, some process stresses now emerge at flows >15,000 m3 d-1 and 

heterotrophic biomass concentrations <1,200 mg L-1. This observation better reflects an 

actual WRRF, with influent flow inversely proportional to heterotrophic biomass 

concentrations and Ss availability. Despite resolution improving in Fig. 6.4-6a and Fig. 

6.4-6b, pF remains similar at 0.78, with a slight increase in pFLT from 0.63 (simulation 4) to 

0.70, meaning more failures occur in the lower tier. In addition, 𝐷𝑓
̅̅ ̅ shows the largest value 

of all simulations at 0.34, indicating multivariate events exert greater dominance over the 

process events.  
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Fig. 6.4-6 Simulation 5: multivariate, divergent SOW for ‘process stress’ analysis using a medium dynamic slave. Where 

a) is the ‘stressor’ plot and b) ‘process stress’, c) the event prominence with respect to time and d) is event dominance. 

The Pr from Fig. 6.4-6c and 𝐷𝑓 in Fig. 6.4-6d shows how the prominence and dominance of 

events vary with time. Pr (brown line in Fig. 6.4-6c) demonstrates how frequent, short-

duration stressors have little impact on process stresses (red line). Contrariwise, consistent 

‘stressor’ influence between 200 and 300 min in Fig. 6.4-6c displays more considerable Pr 

(-0.4 to -1.0) and is captured by event Df for the same period in Fig. 6.4-6d. Consequently, 

Pr density assists event identification, and Df can be used to estimate its impact (dominance) 

on a particular wastewater treatment process. 

a) b) 

c) d) 
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6.5. Discussion 

Since adapting systems resilience analyses to wastewater infrastructure and assets, a key 

research focus has been GRA methodologies (Diao et al., 2016). These methods combine 

the influence (‘stressor’) and its effect on a whole wastewater treatment system (‘process 

stress’). This Chapter contributes to the broader field by presenting and evaluating methods 

developed that have been proposed as ‘dynamic resilience’. The methods developed to 

investigate, through ASM modelling and actual WRRF instrument data, the separation of 

‘stressors’ from ‘process stresses’ to investigate their dynamic interaction in discrete 

biological wastewater treatment processes. The methodology evaluated also demonstrates 

the possibility of utilising Evaluation 1 as a diagnostic tool for identifying time-based 

‘dynamic resilience’ and, Evaluation 2 as visualising large datasets as a SOW.  

Evaluation 1 (hypothetical shock flow), shown in Fig. 6.4-1 and Fig. 6.4-2, investigated the 

possibility of using theoretical shock events to represent the temporal variation of ‘dynamic 

resilience’. However, as Newhart et al. (2019) concluded, when a time-based model is used 

on stochastic flow data at frequent intervals, the data noise can make it difficult to interpret. 

Therefore, Evaluation 1 would only be suitable for short-term event identification and 

localised investigation of ‘dynamic resilience’. This observation narrows the application to 

exceptional event diagnostics, but the prominence and dominance plots in Fig. 6.4-1c and 

Fig. 6.4-1d offer valuable insights into event severity for large datasets. 

Evaluation 2 combined 1) conventional ASM modelling with 2) real instrument data to 

present, and 3) a resilience-based visual output (SOW). The five simulations ranged from 

normal operation to divergent multivariate shock conditions using ten years of flow data. 

SOWs were generated for each simulation, including performance and failure characteristics 

(event prominence/dominance and CV). The first simulation used a fixed reference condition 



229 

 

for normal operation, which excluded significant flow-related events, evidenced in pF of 

0.02, and low event 𝐷𝑓
̅̅ ̅ at 0.12. The 𝑆�̅� (0.67) showed stressors dominating, but their 

influence over the 𝑃𝑆𝐼̅̅ ̅̅ ̅ (-0.09) was limited and also reflected in SOW for the ‘stressor’ and 

‘process stress’. Therefore, the main challenge for SOW is the reliance on data availability, 

with small datasets or a limited range of data points restricting the visual response. This is 

also evident in simulation 2, which used very few data points (341 DP), oscillating between 

high and low flow conditions. These observations raised something rarely considered in the 

literature, ‘data richness’, and how the range of instrument process data influences visual 

outputs. Simulation 3 demonstrates this, with insufficient detail/range for characterising the 

numerous eventualities encountered in an actual wastewater treatment process.  

As expected, the alternating low, medium and high flow conditions and a fixed reference 

condition (‘slave’) in Evaluation 2 showed an equal balance of stressors to process stresses 

with a 𝑆�̅� (0.58), 𝑃𝑆𝐼̅̅ ̅̅ ̅ (-0.52) resulting in a high process failure probability (pF = 0.92). 

Another consideration from Evaluation 2 was the parameterisation of the ‘stressor’. The 

problem is what to parameterise the ‘stressor’ as, where monitoring at the entrance of a 

WRRF system may only include the flow to treatment. Therefore, additional parameters may 

need to be included to characterise stressors in SOW visualisations fully. 

Simulations 4 and 5 in Evaluation 2 used the dynamic ‘slave’ and ‘master’ conditions to 

reflect an actual biological wastewater process. In simulation 4, the master condition related 

to all high and low flow events over the ten-year investigation period, showing a reduction 

in ‘stressor’ influence (𝑆�̅� = 0.14), greater ‘process stress’ (𝑃𝑆𝐼̅̅ ̅̅ ̅ = -0.41) and CV, capturing 

the dynamic variation (CVQ = 0.41, CVH = 0.42). However, few data points occurred at low 

and high flows, reducing the resolution of the SOW in these locations. Simulation 5 included 

the anticipated multivariate divergence present in actual shock flow conditions by 
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incorporating variations in heterotrophic biomass, So and temperature. Results showed 𝑆�̅� as 

more dominant at 0.41 and 𝑃𝑆𝐼̅̅ ̅̅ ̅ reducing to -0.28, along with the highest 𝐷𝑓
̅̅ ̅ of all studies at 

0.35. This indicates that the characterisation of ‘dynamic resilience’ and event dominance 

increased. The SOW also exhibited improved resolution at the extremes (high and low flow), 

making it possible to anticipate various extreme events. Additionally, Fig. 6.4-6c identified 

that localised event prominence densities could identify severe events and their dominance 

in Fig. 6.4-6d to predict the potential process impact.  

Overall, this Chapter's results have extended the theoretical ‘state-based’ methods in Chapter 

5 to incorporate actual WRRF data. It has also demonstrated the possibility of presenting 

‘dynamic resilience’ as temporal and visual knowledge bases (SOW), with the potential to 

refine modelled outputs continuously. The SOW methodology extends GRA and 

conventional knowledge bases proposed for CBR to adapt actual process instrument data to 

simulate the ‘dynamic resilience’ of discrete unit processes by visualising independent heat 

maps of stressors and process stresses. Therefore, as shown in Fig. 6.5-1, the methods 

presented could assist capture of process knowledge in a communicable format, which was 

noted as necessary by Sirkiä et al. (2017) when evaluating data utilisation in Finnish water 

utilities. Furthermore, it could improve the management of process data, a requirement 

identified in a survey of wastewater professionals and operational staff performed in Chapter 

4. 
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Fig. 6.5-1 Interaction diagram for ‘dynamic resilience’, WRRF data and modelling of process outcomes. 

The two conceptual methodologies for analysing ‘discrete dynamic resilience’ have shown 

some apparent limitations. Firstly, Evaluation 1 used a time-based evaluation, which is more 

suitable for evaluating isolated flow events than large datasets, where time-based ‘stressors’ 

and ‘process stress’ resolution can be reduced due to dataset noise. Secondly, Evaluation 

two suffered from data restrictions in the size and range of data presented to simulation 

models. To reduce the impact of these limitations, a combination of Evaluation 1 and 2 could 

be used to 1) identify the most significant ‘stressor’ and ‘process stress’ events, then 2) 

present the observations in the context of the SOW to investigate the event relative to 

historical data/knowledge. Aside from this, practical process instrument considerations are 

also relevant, such as mounting position, calibration, cleaning, and maintenance, to avoid 

producing undesirable data generation (Grievson, 2020). This is particularly relevant to the 

success of SOW, which depends on ‘data richness’ and capturing a broad range of 

operational conditions. This Chapter has also identified that data restrictions can also be 
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imposed from data scarcity which has also been noted by Borzooei et al. (2019). Despite 

these challenges, with further adaptation (or robust data generation), resilience capacity 

events in large datasets could be identified while anticipating new stressors generated by 

climate change, population growth, and changes in consumer behaviour (COVID-19) 

(Meteorological Office, 2018). 

6.6. Conclusions 

This Chapter has evaluated two methodologies for the investigation of ‘discrete dynamic 

resilience’, one time-based and another incorporating a visual knowledge base (SOW). The 

first methodology used a hypothetical example of shock flow conditions to predict the time-

based stressors and process stresses in biological wastewater treatment processes. Although 

this method accurately identified time-based stressors and process stresses, along with the 

prominence and dominance of events, its use for large datasets is not possible due to a loss 

of clarity in modelled outputs. The second methodology extended ‘dynamic resilience’ to 

incorporate ten years of actual WRRF data as a SOW (visual knowledge base). It showed 

that two SOW (‘stressor’ and ‘process stress’) could present knowledge associated with 

‘dynamic resilience’ as a heat map, which has the potential for continuous refinement. 

However, one of the primary considerations should be the parameterisation of the ‘stressor’, 

where many WRRF systems only monitor flow to primary treatment. Therefore, further 

studies are required for possible parameterisations of stressors, particularly in wastewater 

networks, which are starting to become ‘smart’ with the Internet of Things (IoT) approaches 

(Edmondson et al., 2018). 

Additionally, it was found that SOWs for ‘stressors’ and ‘process stress’ rely on ‘data 

richness’, as the range and depth of the data presented to the modelled biological process 

simulations. However, as monitoring instrumentation becomes inexpensive and more 
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reliable, the real-time interpretation of ‘dynamic resilience’ could soon be possible (Harrou 

et al., 2018; Hvala & Kocijan, 2020; Vanrolleghem & Sung Lee, 2003). Therefore, further 

research is required to investigate the application of ‘dynamic resilience’ to distributed 

WRRF sensor networks, where instruments log data in different temporal and spatial 

dimensions. This could extend resilience studies towards real-time simulations, where the 

manifestation of stressors in WRRF systems could be visualised, but also provide 

forewarning for applying interventions. These interventions should also consider the 

stressors that manifest in WRRF systems resulting from climate change, population growth, 

and modifications to consumer behaviour. 
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Chapter 7 
 

 

7. Case study 3: results of discrete and global 

dynamic resilience analyses using multiple 

variables from WRRF instrument data 

The previous Chapter applied the proposed state-based, theoretical methodologies from 

Chapter 5 to actual WRRF data using a simplified heterotrophic mechanistic model, although 

the methodology was restricted to evaluating one ‘discrete’ WRRF process. This Chapter 

expands ‘dynamic resilience’ beyond the ‘discrete’ methods developed in Chapter 6 to 

include a unified GDRA approach for evaluating the ‘dynamic resilience’ of WRRF 

processes. Therefore, this Chapter extends beyond existing methods to 1) propose an 

approach for ‘dynamic resilience’ analyses based on two process boundaries, ‘discrete’ and 

‘global’, 2) use actual data from monitoring parameters used for process control and 

compliance, then 3) to provide a SOW for process stress/resilience capacity for each 

significant unit process (discrete) and at the process boundary (global). This Chapter 

combines all proposed methodologies developed from the outcomes of the international 

survey in Chapter 4, initial methods developed in Chapter 5, and then the application to 

actual data on a discrete WRRF process in Chapter 6. It contributes to the broader field by 

combining the novel indices (SI and PSI) to visualise the ‘dynamic resilience’ response of a 

WRRF to exceptional environmental conditions (environmental stressors). 
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7.1. Introduction 

The discrete ‘dynamic resilience’ methods presented in Chapter 6 proposed a novel means 

of characterising ‘stressors’, ‘process stress’ and ‘resilience capacity’ using actual WRRF 

data. The simplified ASM1 model (heterotrophic kinetics only) applied in Chapter 6 used 

actual data but was limited (i.e. only representing one of the mechanistic processes) and only 

one unit process. Therefore, it could only represent the AS process for the consumption of 

Ss and how it influenced the modelled growth and decline of heterotrophic biomass. 

However, it was possible in Chapter 6 to develop a methodology that provided SOW 

visualisations, although there were some challenges associated with the parameterisation of 

SOWs related to stressors. Nevertheless, discrete ‘dynamic resilience’ methods in Chapter 6 

extended the existing theoretical, scenario-test methodologies towards using actual WRRF 

data to evaluate the dynamic changes resulting from ‘stressors’ to understand the interaction 

of ‘process stress’ and ‘resilience capacity’. 

When considering multiple variables for water quality and operational control, data-related 

challenges are likely associated with inconsistencies and erroneous values. This has been 

described previously by (Newhart et al., 2019) in studies on data-driven performance 

analyses of WRRF systems. Therefore, to generate insights from actual data, it may require 

cleaning before use for the following: 

1. Isolation of SOCs for each actual measured WRRF parameter. 

2. Identification and validation of possible environmental ‘stressor’ events. 

3. Mechanistic modelling to investigate changes in process stresses/resilience capacity. 

4. Visualisation of aggregated process stresses/resilience capacity as a SOW. 
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WRRF systems are comprised of numerous unit processes, which as in the UK, have 

experienced extensive upgrades to meet stringent discharge permits (GHK Consulting & 

DEFRA, 2009). Therefore, a single mechanistic process model via the IWA ASM1 

methodology (as presented in Chapter 6) does not investigate the numerous possible 

monitored parameters that could be acquired from WRRF instrumentation. Extending the 

methodologies developed in Chapter 6 to spatially distributed networks of sensors 

throughout a WRRF, combined with more comprehensive modelling, could provide clues 

on the temporal manifestation of ‘stressor’ events and resulting ‘process stress’. Therefore 

it is relevant to investigate whether instruments mounted, both ‘globally’ and ‘discretely’, 

could be used for ‘dynamic resilience’ analyses. This goes beyond existing mechanistic 

simulators and academic literature on WRRF system resilience to propose 1) the use of 

actual WRRF data to drive a data-driven model to analyse ‘dynamic resilience’ and 2) 

provide heat map visualisations (SOW) to analyse the ‘stressors’, ‘process stress’ and 

‘resilience capacity’. 

7.2. Aims and objectives 

This chapter aims to extend the discrete ‘dynamic resilience’ methodologies toward the 

global approach for WRRF systems, using data from instruments mounted in various 

locations. This builds on the ‘dynamic resilience’ methodology presented in Chapter 6 to 

satisfy KG 1B to 1F in Table 2.10-1 and RQ 2C to 2G in Table 2.10-2 related to the temporal 

and topographical visualisation of ‘dynamic resilience’ and incorporates Chapters 4 to 6 as 

the main contribution to knowledge. 
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The objectives of this chapter are listed below: 

1. Acquire and analyse instrument data from multiple locations of an actual operational 

WRRF. 

2. Adapt the modelling methodology proposed in Chapter 6 toward analysing ‘dynamic 

resilience’ to two levels of instrument data, 1) commonly used for process control 

instrumentation and 2) data used for compliance monitoring. 

3. Further, adapt event identification strategies to include validation. 

4. Investigate the limitations of proposed methodologies and develop a strategy for 

further research. 

7.3. Materials and methods 

7.3.1. Combined discrete and global dynamic resilience analysis strategy 

Dynamic resilience measures differences from a SOC, which first requires characterising. 

This differs from BSM methods, which use a theoretical baseline model to investigate 

control strategies. The alternative approach explored in this Chapter extracts a SOC from 

actual data making it specific to a particular unit process or complete WRRF. Then, variances 

are scaled as PSI between 0 and -1, where 0 is the SOC and -1 is the most significant ‘process 

stress’. The opposite indicates ‘resilience capacity’ when the PSI ranges from 0 (SOC) to 1 

(see Section 5.3.3 for numeric and colour scalars). The cases identified with the most 

significant magnitude (positive and negative) in the five-year dataset are considered the high 

or low-flow environmental ‘stressor’ events.  

In this Chapter, two simulation boundaries are used to investigate the ‘discrete’ and ‘global 

dynamic resilience’ of biological WRRF systems and processes (DDRA and GDRA). The 
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DDRA investigates unit processes and GDRA at the WRRF boundary. For individual unit 

processes (DDRA), process control variables are used to compute the magnitude of variation 

from the extracted SOC. At the WRRF boundary (GDRA), compliance-based monitored 

variables variations from the SOC apply to the ‘dynamic resilience’ at the WRRF process 

boundary. To visually represent the outputs of DDRA and GDRA, the SOW approach 

presented in Chapter 6 has been used with adaptions in models to accept multiple monitored 

variables. These use instrument data-driven mechanistic models and then analyse dynamic 

stressors and process stresses/resilience capacity as individual heat maps covering 48 h event 

duration. 

7.3.2. WRRF system description 

An operational Modified Ludzack Ettinger (MLE) process located in the south of the UK 

was selected to investigate the application of the DDRA and GDRA. The MLE system serves 

a largely rural population of 53,050 and experienced a significant increase in median flow 

from 226 to 356 L s-1 between 2015 and 2020 (see Fig. 11.18-1 in Appendix 11.18). The 

system consists of screening and degritting, followed by primary sedimentation. The settled 

flows are combined with RAS and pumped to the anoxic and aerobic zones before SS.  

Long-term instrument data (2015 to 2021) was selected from two process boundaries, 1) the 

GDRA process boundary and 2) the DDRA process boundary, which includes primary 

sedimentation, AS, and SS (Fig. 7.3-1). Process boundary 1 used compliance-based 

instrument data from the periphery of the WRRF. The GDRA parameters monitored include 

influent flow (L s-1), NH4
+, (mg L-1), TN (mg L-1) and turbidity (NTU). This instrument data 

was validated and clustered to generate a SOC according to Table 7.3-1.  
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Fig. 7.3-1 Process boundary for ‘global dynamic resilience’ analysis. 

Process boundary 2 is the DDRA investigation of ‘dynamic resilience’ for each major unit 

process with sampling data used to estimate the BOD5 and TSS concentrations during events. 

Instrument data from process boundary 2 included MLSS for each aeration lane, RAS (as 

MLSS), DO and temperature. Operational management commonly uses this data level to 

perform empirical performance-based interventions using control charts (Corominas et al., 

2018). 

7.3.3. The proposed approach for the analysis of discrete and global 

dynamic resilience 

DDRA and GDRA start with the computation of process performance parameters such as 

pF and Rel. The SOW for DDRA and GDRA present scalar process stresses and/or resilience 

capacity as a contoured heat map using PSI as the magnitude of ‘process stress’ over a 48 h. 
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event duration. These two boundaries (discrete and global) allow the evaluation of ‘dynamic 

resilience’ with the concept of scale, from discrete unit processes to an entire WRRF.  

Duration of known data

Knowledge (historical data) Event window (present)

Future: unknown-known and unknown unknowns

Dynamic resilience timeline

2c) Visual knowledge base

2a) Master model

2b) Slave model

Standard 
operating 
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Store event

Future events

1) Raw knowledge base 2) Present

Data store

 

Fig. 7.3-2 Time-based schematic diagram for DDRA and GDRA. 

The proposed GDRA and DDRA approach, shown in Fig. 7.3-2 uses historical data from a 

datastore to extract a twenty-four-hour dynamic SOC (see clustering methods in Section 

6.3.5) as a diurnal profile. This data drove a ‘slave’ SOC model and was compared to the 

‘master’ model to evaluate the magnitude of ‘process stress’ or ‘resilience capacity’. Event 

manifestation and decline were captured by the 48 h event window (centred at 24 h) and 

used to drive ‘slave’ and ‘master’ models. The simulation outputs generated scalar matrices 

(SI and PSI) from model simulation and were used to visualise the SOW and, finally, 

descriptive parameters (𝑝𝐹 and 𝑅𝑒𝑙). 
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7.3.4. Data validation and standard operating condition 

For data-driven simulations, all WRRF instrument data were processed using MATLAB 

verR2020b and Simulink. The selected instrument data covered five years from 2015 to 

2021, logged either hourly or at 15 min intervals. A heuristic data validation was performed 

according to levels 0 to 3 as presented by Cugueró-Escofet et al. (2016) and interpreted from 

AENOR-UNE-EN norm 500540. As shown in Table 7.3-1, outliers were removed from the 

possible wastewater flow range (<100 and >390 L s-1). This covered erroneous values, where 

flows fell to zero during instrument calibration, and impossible conditions (e.g. flows above 

the storm diversion threshold of 390 L s-1). After data cleaning, linear interpolations were 

performed to reconstruct missing data. 

Flow data was clustered to identify different operating conditions and has previously been 

applied to a WRRF in Italy, finding k ≤7 clusters to be optimum (Borzooei et al., 2020). A 

possible reason for the difference in cluster number is related to climatic differences between 

the UK and Italy. Using the same clustering method used in Chapter 6 (k-means squared 

Euclidean clustering), it was again possible to accurately separate three flow clusters (low, 

SOC and high flow). A SOC was created between two conditions for parameters where it 

was only possible to identify only two clustered conditions accurately. 

High and low flow dynamic environmental stressors were identified by analysing the 

prominence of events (positive and negative) and then aligning measured variables 

(‘master’) with the SOC. Classification of the selected events used the scaled ‘prominence’ 

of positive and negative, where 0 to 1 represents high flow events (0 = SOC, 1 = high flow 

event) and 0 to -1 the low flow event (0 = SOC, -1 = low flow event). This eliminated less 

significant events, selecting only those with the most significant magnitude in the five years 

investigated. After event selection, the normality of the isolated 48 h dataset was tested using 
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the Anderson-Darling normality test and then validated against the SOC using a Kruskal-

Wallis test. To ensure verification of ASM1 models was comparable Normalised Root Mean 

Squared of Error (NRMSE, Eq 7.3-1) was used with the Mean Absolute Percentage Error 

(MAPE, Eq 7.3-2) as demonstrated by Wang et al. (2022) when evaluating model accuracy. 

Table 7.3-1 Selection of SOC, data validation, identification of events or operating conditions and verification 

methodologies. 

Event Data validation SOC classification Event validation Model 

verification 

SOC 1. Heuristic evaluation 

2. Remove variables <100 

and >390 

3. Linear interpolation of 

outliers and missing values 

k-means squared 

Euclidean 100 

replicates 

(Clusters = 3) 

Identification and 

verification combined 

N/A 

Hydraulic 

shock (high 

and low) 

1. Heuristic evaluation 

2. Remove variables <100 

and >390 

3. Linear interpolation of 

outliers and missing values 

Standardised 

prominence + peak 

detection 

1. Scaled 

prominence for 

event selection 

2. Andeson-Darling 

normality test 

3. Kruskal-Wallis 

ANOVA 

NRMSE 

MAPE 

 

𝑁𝑅𝑀𝑆𝐸 =
 
√∑ (𝑦𝑝− 𝑦𝑚)2

𝑁

𝑖=1
𝑁

𝑦𝑚̅̅ ̅̅̅
      (Eq 7.3-1) 

𝑀𝐴𝑃𝐸 =  
1

𝑁
∑

(𝑦𝑝− 𝑦𝑚)

𝑦𝑚

𝑁

𝑖=1
 × 100     (Eq 7.3-2) 

Where 𝑦𝑝 is the predicted model outcome and 𝑦𝑚 the measured variable. 
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7.3.5. Data-driven discrete and global dynamic resilience analysis 

approach 

The high and low flow 48 h event window was used as a time series to compute the DDRA 

(magnitude of variation from SOC) for primary sedimentation, AS, and SS. Three stages 

were used to compute the dynamic Stressor and Process Stress, Indices (𝑆𝐼𝑖 and 𝑃𝑆𝑖) using 

𝑆𝑂𝐶1…𝑛 as a reference condition. First, the discrete variation occurring in the verified 48 h 

event window (𝐸𝑠𝑖1…𝑛) was computed from the 𝑆𝑂𝐶1…𝑛 according to Eq 7.3-3 and Eq 7.3-

4. Then, the variation (𝜕𝑦) was standardised (𝑍𝑃𝑆1…𝑛
) according to Eq7.3-5 before rescaling 

(Eq 7.3-6 and Eq 7.3-7) to the required range (0 to 1 or -1 to 1) for the dynamic ‘stressor’ 

(𝑆𝐼𝑖−𝑛) and ‘process stress’ (𝑃𝑆𝐼𝑖−𝑛) indexing. These 𝑆𝐼𝑖 and 𝑃𝑆𝑖 indices, are presented as a 

matrix of scalar values, were then plotted as a contoured heat map or SOW. 

𝑆𝐼𝑖  = [𝑆𝑂𝐶𝑡=1 … 𝑆𝑂𝐶𝑡=𝑛] − [
𝐸𝑠𝑖𝑡=1

…
𝐸𝑠𝑖𝑡=𝑛

] =  [

𝑆𝐼𝑖1=1 … 𝑆𝐼𝑖1=𝑛

𝑆𝐼𝑖2=1 … 𝑆𝐼𝑖2=𝑛

𝑆𝐼𝑖3=1 … 𝑆𝐼𝑖3=𝑛

] (Eq 7.3-3) 

𝑃𝑆𝑖  = [𝑆𝑂𝐶𝑡=1 … 𝑆𝑂𝐶𝑖=𝑛] − [
𝐸𝑝𝑠𝑡=1

…
𝐸𝑝𝑠𝑡=𝑛

] =  [

𝑃𝑆𝑖1=1 … 𝑃𝑆𝑖1=𝑛

𝑃𝑆𝑖2=1 … 𝑃𝑆𝑖2=𝑛

𝑃𝑆𝑖3=1 … 𝑃𝑆𝑖3=𝑛

] (Eq 7.3-4) 

𝑍𝑆𝐼1…𝑛
=

𝑆𝐼𝑖− 𝑆𝐼𝑖̅̅ ̅̅

𝜎
  𝑍𝑃𝑆1…𝑛

=
𝑃𝑆𝑖− 𝑃𝑆𝑖̅̅ ̅̅ ̅

𝜎
    (Eq 7.3-5) 

𝑆𝐼𝑖−𝑛  =    
(1−0)(𝑍𝑆𝐼1…𝑛−min (𝑍𝑆𝐼1…𝑛)

max(𝑍𝑆𝐼1…𝑛) − min(𝑍𝑆𝐼1…𝑛)
+ 0         (Eq 7.3-6) 

𝑃𝑆𝐼𝑖−𝑛  =    
(1+1)(𝑍𝑃𝑆1…𝑛−min (𝑍𝑃𝑆1…𝑛))

max(𝑍𝑃𝑆1…𝑛) − min(𝑍𝑃𝑆1…𝑛)
− 1     (Eq 7.3-7) 

To evaluate the magnitude of ‘process stress’ (𝑝𝐹), the sum of variance from SOC was 

computed discretely and globally. As shown in Eq 7.3-8, physical processes (sedimentation) 

were considered ‘stressed’ when the monitored parameter exceeds the SOC (probability of 



244 

 

process failure in the upper tier (𝑝𝐹𝑈𝑇)) and resilient below the SOC (probability of process 

failure in the lower tier 𝑝𝐹𝐿𝑇). However, biological processes (Eq 7.3-9) experience constant 

‘stress’ (positive and negative SOC variation); an example of this was provided by Wang 

and Zhang (2010) when investigating the effect of microbial stress during microbial 

starvation in AS (also see Chapter 2 Section 2.6). Therefore, upper and lower-tier failures, 

and their magnitude, should be considered together (𝑝𝐹𝑈𝑇 + 𝑝𝐹𝐿𝑇). Eq 7.3-10 represents the 

𝑅𝑒𝑙 of the process used to compute the output from either Eq 7.3-8 or Eq 7.3-9, depending 

on the process type (physical or biological). 

𝑝𝐹𝑆𝐸 =  
∑ 𝑝𝐹𝑈𝑇

𝑁
𝑖=0

𝑁
        (Eq 7.3-8) 

𝑝𝐹𝐴𝑆 =  
∑ 𝑝𝐹𝑈𝑇

𝑁
𝑖=0  + ∑ 𝑝𝐹𝐿𝑇

𝑁
𝑖=0

𝑁
       (Eq 7.3-9) 

𝑅𝑒𝑙 = 1 − 𝑝𝑓         (Eq 7.3-10) 

Process-related equations start with Eq 7.3-11 for the PSP, adapted from Tchobanoglous et 

al. (2013, p. 391) for a differential form. The 𝑅𝐵𝑂𝐷,𝑇𝑆𝑆 is PSP removal efficiency with respect 

to time (𝑡), 𝑉𝑃𝑆𝑃 is the volume of the PSP, 𝑄𝑖𝑛 is the influent flowrate as a function of time 

(𝑡), with 𝑎 and 𝑏 empirical constants for BOD5 (𝑎 = 0.018, 𝑏 = 0.020) and TSS (𝑎 = 0.0075, 

𝑏 = 0.014). The sludge generated from the PSP was assumed to be approximately 3% dry 

solids according to Andreoli et al. (2007) (Eq 7.3-12) and computed from the settleable 

solids removal in Eq 7.3-11. 

𝜕𝑅𝐵𝑂𝐷,𝑇𝑆𝑆

𝜕𝑡
=  

(
𝑉𝑃𝑆𝑃

𝑄𝑖𝑛
)

𝑎+𝑏(
𝑉𝑃𝑆𝑃

𝑄𝑖𝑛
)
        (Eq 7.3-11) 

𝜕𝑉𝑠𝑙𝑑

𝜕𝑡
=  

𝑅𝐵𝑂𝐷,𝑇𝑆𝑆 . 𝑇𝑆𝑆,𝐵𝑂𝐷 . 𝑄𝑖𝑛 

0.03
       (Eq 7.3-12) 
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𝑟𝑖 = ∑ 𝑉𝑖,𝑗  𝜌𝑗

𝑛

𝑗=1
        (Eq 7.3-13) 

𝐽 =  
𝑇𝑆𝑆

(𝐴,𝑡)
  𝑆𝑂𝑅 =  

𝑄𝐻𝑆

𝐴
  𝑅𝑅𝑇 =  

𝑉𝐻𝑆𝑇

𝑄𝐻𝑆
   (Eq 7.3-14) 

IWA ASM1 (Eq 7.3-13) modelling methods were adapted from Chapter 6 and extended to 

include all processes presented by Henze et al. (2002). The STOWA protocol (Hulsbeek et 

al., 2002) was modified for a data-driven model calibration based on the measured 

concentration of MLSS. The calibration of data-driven models included validation stages, 

resulting in a MAPE of 3.64 × 10-5 and 3.12 × 10-5 % and NRMSE of 5.44 and 8.56 for the 

anoxic and aerated AS zones, respectively. This provided the required accuracy of modelled 

outputs to demonstrate the DDRA and GDRA methodology. Secondary sedimentation was 

relative to measured flow and evaluated on three parameters, 1) the solids flux (J), 2) the 

Surface Overflow Rate (SOR), and 3) the Relative Retention Time (RRT) according to Eq 

7.3-14. It is important to note that all SS parameters are time-based; as such, there is a time 

delay related to the retention of PSP and AS, which includes all recirculated flows and 

upstream sludge extractions. 
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7.4. Results 

7.4.1. Discrete dynamic resilience analysis of a WRRF to dynamic 

environmental stressors 

Table 7.4-1 shows that k-means clustering accurately identified the SOC as a diurnal profile, 

using three clusters, which accounted for 63% of data points (low, medium (SOC) and high). 

The low flow ‘stressor’ was selected to reflect the highly concentrated sewage presented to 

WRRF during prolonged dry periods, which are predicted to become more common with 

climate change (Sterk et al., 2016). Conversely, the high flow ‘stressor’ is the peak five year-

event that 1) fills storm tanks when the flow exceeds 390 L s-1 and 2) returns the contents of 

storm tanks within 24 h of the high flow event. The isolated events were neither normal nor 

log-normal but were verified as having a significant difference (p <0.05) from the SOC 

(Table 7.4-1). High flow showed a more considerable divergence from the SOC when 

compared to low flow dynamic environmental ‘stressor’ events (chi-square = 268.53). This 

indicates restrictions in the upper flow range, possibly related to storm diversion (390 L s-1), 

but the low flow event had a smaller range closer to the SOC. 
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Table 7.4-1 Verification of high and low flow events: results of normality tests, condition-based clustering efficiency, classification verification using Kruskal-Wallis ANOVA and evaluation of 

model accuracy. 

Condition Normality test Classification and verification 

Variable Units P-value Anderson 

Darling 

statistic 

Coefficient of 

variance 

Normality Clustering 

efficiency 

Chi-sq P-value Sig-diff SOC 

Standard 

Operating 

Condition 

L S-1 <0.05 3.75 0.75 non-normal or 

lognormal 

63% of data 

explained, cluster 2 

loss >0.2 

- - - 

Low flow event L S-1 <0.05 1.54 0.75 non-normal or 

lognormal 

- 126.36 < 0.05 Y sig-diff <SOC 

 

High flow 

event 

L S-1 <0.05 3.35 0.75 non-normal or 

lognormal 

- 268.53 < 0.05 Y sig-diff>SOC 
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Fig. 7.4-1 shows the discrete process stress/resilience capacity response of the operational 

MLE system to a low flow dynamic environmental ‘stressor’, verified according to Table 

7.3-1. The low-flow dynamic environmental ‘stressor’ is shown on the left, displaying event 

prominence as a negative scalar. The first DDRA process is primary sedimentation, which 

shows similar characterisation for TSS and BOD5 due to the empirical performance 

equations applied (Eq 7.3-11 and Chapter 5). The PSP displays resilience under low flow 

conditions, provided sludge extraction is managed appropriately. Therefore, the SOW for 

TSS and BOD5 showed moderate to extreme resilience capacity (𝑃𝑆𝐼 1 to 0.5) at low 

flow/concentrations and moderate to neutral (𝑃𝑆𝐼 0.5 to 0) at the upper flow/concentration 

quadrant. This observation corresponds with Table 7.4-2, where pF is 0.0 for the low flow 

dynamic environmental ‘stressor’ event, indicating that the PSP is 100% reliable. Primary 

sludge generation in Fig. 7.4-1g is somewhat different, where resilience capacity relates to 

the quantity of sludge generated. Therefore, the most resilient conditions occur when the 

dilution rate is highest, i.e. the least sludge generated per m3 of wastewater treated (800 to 

1000 m3 h-1). 
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Fig. 7.4-1 Low flow dynamic ‘stressor’ selected using the negative scalar for prominence, showing process stress/resilience capacity response plots for PSP, AS and SS. 

    Dynamic stressor (Low flow)         Primary Sedimentation      Activated Sludge      Secondary Sedimentation 

 

     

                    

               

Process Stress/Resilience Index 

a) b) c) 

d) e) f) 

g) h) i) 

Process Stress/Resilience Index Process Stress/Resilience Index 
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The ASM1 MLE data-driven model generated three ‘process stress’ simulations for low 

flow dynamic environmental ‘stressor’ conditions shown in Fig. 7.4-1. The first SOW is 

MLSS, the second is heterotrophic biomass (Fig. 7.4-1e), and the third is autotrophic 

biomass (Fig. 7.4-1h). Each SOW visualises bi-directional changes in bacterial populations 

using a ‘process stress’ scalar of -1 to 0. Process stresses for MLSS in Fig. 7.4-1b mainly 

occurred at the lowest concentration and highest flow. Heterotrophic biomass had similar 

characteristics, although heterotrophic process stresses extended across the upper periphery 

of the SOW. The autotrophic bacteria SOW in Fig. 7.4-1h shows minor ‘process stress’ but 

becomes more concentrated at the lowest flow and highest NH4
+ concentration. This 

indicates that slow-growing autotrophs (approximately 7.5 x slower than heterotrophs) 

cannot rapidly increase microbial populations enough to reduce high NH4
+ concentrations. 

It also corresponds with the failure characteristics for autotrophic bacteria in Table 7.4-2, 

displaying a mean pF of 0.46 and 54% Rel.  

As observed for the PSP in Fig. 7.4-1c, the SS shows ‘resilience’ and neutral ‘stress’ at all 

flow and J ranges, approaching neutral ‘process stress’ at flows >800 m3 h-1. It is also 

evidenced in Table 7.4-2 by the pF of 0.05 and Rel increase to 95%. Process stresses related 

to SOR in Fig. 7.4-1f are comparable to TSS, and BOD5 for the PSP varies between 

resilience and neutral process stresses (pF 0.11 and 89% reliable). The RRT of SS, according 

to Fig. 7.4-1i, shows the process with moderate resilience to the low flow dynamic 

environmental ‘stressor’, although Table 7.4-2 has a slightly higher pF at 0.15, possibly 

related to the neutral stresses observed at 400 m3 h-1 and RRT of 2.3 h. 
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Table 7.4-2 Failure characteristics of ‘discrete dynamic resilience’ resulting from high and low flow environmental stressors. 

1. Discrete evaluation of process failure characteristics 

 

 

 

Dynamic environmental 

stressor 

Probability of failure for upper 

(pF). Reliability of process (Rel) 

Primary sedimentation 

probability of failure and 

reliability for TSS, BOD5 and 

sludge volume. 

Activated sludge probability of 

failure and reliability for MLSS, 

heterotrophic biomass (XH) and 

autotrophic biomass (XA). 

Secondary sedimentation 

probability of failure and 

reliability for solids flux (J), 

Surface Overflow Rate (SOR) 

and Relative Retention Time 

(RRT) 

pFQUT 

RelUT 

pFQLT 

RelLT 

pFT 

RelT 

pFTSS 

RelTSS 

pFBOD 

RelBOD 

pFVSLD 

RelVSLD 

pFMLSS 

RelMLSS 

pFXH 

RelXH 

pFXA 

RelXA 

pFJ 

RelJ 

pFSOR 

RelSOR 

pFRRT 

RelRRT 

1a. Discrete low flow 

dynamic environmental 

stressor event 

(0) 0.00 

0.00 

(0) 0.00 

(193) 1.00 

(0) 0.00 

(193) 1.00 

(0) 0.00 

(193) 1.00 

(0) 0.00 

(193) 1.00 

(0) 0.00 

(193) 1.00 

(85) 0.44 

(108) 0.56 

(91) 0.47 

(102) 0.53 

(93) 0.48 

(100) 0.52 

(10) 0.05 

(183) 0.95 

(20) 0.11 

(173) 0.89 

(29) 0.15 

(164) 0.85 

Mean pF by process 

Mean Rel by process  

0.00 

1.00 

0.00 

1.00 

0.46 

0.54 

0.10 

0.90 

1b. Discrete high flow 

dynamic environmental 

stressor event 

(88) 0.46 

0.46 

(76) 0.39 

0.61 

(164) 0.85 

0.15 

(80) 0.41 

(113) 0.59 

(108) 0.56 

(85) 0.44 

(80) 0.41 

(113) 0.59 

(69) 0.36 

(124) 0.64 

(53) 0.27 

(140) 0.73 

(94) 0.49 

(99) 0.51 

(0) 0.00 

(193) 1.00 

(49) 0.25 

(144) 0.75 

(54) 0.28 

(139) 0.72 

Mean pF by process 

Mean Rel by process 

0.56 

0.44 

0.46 

0.54 

0.37 

0.63 

0.17 

0.83 

Numbers in parentheses are the number of data points in the pF or Rel group. 
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Fig. 7.4-2 shows the ‘process stress’ response of the operational MLE system to a high flow 

dynamic environmental ‘stressor’, verified according to Table 7.3-1. The dynamic ‘stressor’ 

event is shown on the left of Fig. 7.4-2 and includes event prominence as a positive scalar. 

The SOW for TSS and BOD5 in Fig. 7.4-2 again display process stresses and resilience on 

the same plot due to bi-directional data points generated at high flow conditions. TSS in Fig. 

7.4-2a shows a large area of ‘process stress’ above 40 mg TSS L-1 across the entire flow 

range, most concentrated at upper flow/concentration (PSI <-0.6), which is also captured in 

Table 7.4-2 with a pF of 0.41 and 59% Rel. TSS shows resilience and neutral stresses 

occurring at the lowest flow/concentration; therefore, the PSP is resilient and stressed during 

the dynamic high-flow environmental ‘stressor’ event. The BOD5 in Fig. 7.4-2d shows a 

larger resilient/neutral zone approaching the centre of the flow range, although this is not 

reflected in Table 7.4-2 with a pF of 0.56 due to a higher density of data points in the upper 

tier. The primary sludge generation in Fig. 7.4-2g shows a wide resilient/neutral range from 

1.5 to 3.5 m3 h-1 and flows up to 1250 m3 h-1, again with a highly concentrated stress zone at 

the highest flow/concentration. 
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Fig. 7.4-2 High flow dynamic ‘stressor’ selected using the positive scalar for prominence, showing process stress/resilience capacity plots for PSP, AS and SS. 

        Dynamic stressor (High flow)  Primary Sedimentation     Activated Sludge               Secondary Sedimentation 

 

  

      

             

Process Stress/Resilience Index Process Stress/Resilience Index Process Stress/Resilience Index 

a) b) c) 

d) e) f) 

g) h) i) 
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The ASM1 MLE data-driven model for high flow dynamic environmental ‘stressor’ 

conditions again generated three ‘process stress’ simulations (MLSS, heterotrophic and 

autotrophic bacteria), as shown in Fig. 7.4-2. It displays the most concentrated stresses 

between 500 to 700 m3 h-1 and the upper range of concentrations. However, the 

concentrations of MLSS, heterotrophs and autotrophs show a narrow range with variations 

of 40, 200 and 10 mg L-1, respectively, highlighting the requirement for further scaling. 

Neutral ‘process stress’ occurs for MLSS (Fig. 7.4-2b) as a general linear decline over the 

narrow concentration range, whereas heterotrophic bacteria (Fig. 7.4-2e) experience this at 

1600 mg L-1 and autotrophic fractions (Fig. 7.4-2h) at 168 mg L-1 exhibit this from 800 m3 

h-1. This indicates that, although MLSS has a relatively wide operational range relative to 

flow, heterotrophic and autotrophic populations have a narrow neutral stress range due to 

their restricted concentrations. It is also evident from case 1b in Table 7.4-2 that the diversion 

of excess flow to storm tanks reduces the impact of the high flow dynamic environmental 

‘stressor’ events with a mean pF of 0.37 and Rel of 63%. 

The SS in Fig. 7.4-2 for J shows a large, resilient/neutral zone across the flow range up to 

4.5 kg m3 h-1, with a small zone of concentrated ‘process stress’ above. However, the process 

remained resilient with pF of 0.00 and 100 % Rel. SOR in Fig. 7.4-2f shows a similar result 

but a larger concentrated stress zone propagating from the highest flow/concentration by the 

reduction of pF to 0.25 in Table 7.4-2. RRT in Fig. 7.4-2i is generally proportional to process 

efficiency for physical sedimentation processes, resulting in a large, resilient/neutral zone 

spanning the SOW between 2.5 and 3.3 h, whereas concentrated process stresses occurred 

at the highest flows and lowest RRT. 
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7.4.2. Global dynamic resilience analysis of a WRRF to dynamic 

environmental stressors 

The GDRA investigated the response of the MLE process to dynamic environmental 

stressors over 48 h. The GDRA data was provided from instruments monitoring final effluent 

for NH4
+, TN and turbidity (Fig. 7.4-3), defined as process boundary 1 in Fig. 7.3-1. In 

addition, the SOW generation for each parameter and the failure characteristics were 

computed and presented in Table 7.4-3. 

Starting with NH4
+ and comparing the reaction to low (Fig. 7.4-3a) and high flow (Fig. 

7.4-3d) dynamic environmental ‘stressor’ events, each SOW shows resilient conditions with 

sharp peaks up to 5 mg NH4
+ L-1. These spikes mainly occur for the high flow dynamic 

environmental ‘stressor’ and are possibly related to storm conditions, and can be explained 

by the four failure data points shown for case 2b in Table 7.4-3. The TN SOW in Fig. 7.4-3b 

for the low flow dynamic environmental ‘stressor’ shows a large, resilient zone below 6 mg 

TN L-1 and concentrated process stresses above this value, corresponding with a pF of 0.37 

and 63 % Rel. Both zones show angular boundaries, reflecting the data variation frequency 

over the limited range.  
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Fig. 7.4-3 Global dynamic resilience of low and high flow dynamic ‘stressor’ SOW, showing process stress/resilience capacity plots for NH4
+, TN and turbidity. The top row (a to c) represents 

‘dynamic resilience’ to the low flow ‘stressor’, and the lower row (d to f) the high flow ‘stressor’. 

NH4
+     Total Nitrogen    Turbidity 

 

 

  
 

Process Stress/Resilience Index Process Stress/Resilience Index Process Stress/Resilience Index 

a) b) c) 

d) e) f) 
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The high flow dynamic ‘stressor’ SOW for TN in Fig. 7.4-3a, a zone of ‘process stress’ that 

occurs above 6 mg TN L-1, is most concentrated at flows <500 m3 h-1, where the dilution 

effect is minimised. This large area of ‘process stress’ also corresponds with case 2b in Table 

7.4-3, showing a pF of 0.78 and 22% Rel. Therefore, the MLE suffers from decreased 

denitrification efficiency during high flow conditions, possibly related to oxic conditions 

caused by sewer turbulence and dilute organic carbon entering the anoxic zones. 

The SOW for turbidity in Fig. 7.4-3c shows resilience across all flows and concentrations 

for cases 2a and 2b in Table 7.4-3. This possibly relates to the restricted SOC range between 

10 and 25 NTU and that only one data point occurred in the upper tier, as shown for case 2a 

in Table 7.4-3. 

Table 7.4-3 Failure characteristics of ‘global dynamic resilience’ resulting from high and low flow dynamic 

environmental stressors. 

2. Global evaluation of process failure characteristics (compliance instrument data) 

 

Dynamic environmental 

stressor 

NH4
+ Total Nitrogen Turbidity 

pFNH 

RelT 

pFTN 

RelT 

pFTU 

RelT 

2a. Global low flow dynamic 

environmental stressor event 

(0) 0.00 

(193) 1.00 

(71) 0.37 

(122) 0.63 

(1) 0.01 

(192) 0.99 

Mean pF by process 0.12 

2b. Global high flow dynamic 

environmental stressor event 

(4) 0.02 

(189) 0.98 

(151) 0.78 

(6) 0.22 

(4) 0.02 

(187) 0.98 

Mean pF by process 0.27 
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7.5. Discussion 

The data cleaning and clustering methods extracted a robust SOC from long-term operational 

flow data (2015 to 2021) and were used to drive the ‘slave’ models for PSP, AS, and SS. 

The extreme high and low flow dynamic environmental ‘stressor’ events were selected using 

prominence as the scaled magnitude of variation from the SOC. The normality of event data 

was successfully checked using the Anderson-Darling test and verified (Kruskal Wallis) to 

demonstrate statistically significant differences from the SOC. The SOC time series were 

used to drive the slave model and the master model with dynamic environmental ‘stressor’ 

data. However, although the methodology demonstrated the potential for event identification 

in continuous measurement systems, some challenges were encountered. One of the main 

limitations was parameter scaling. When transforming actual data obtained during high flow 

stressors MLSS, heterotrophic and autotrophic populations had a small and restricted 

concentration range. Therefore, additional scaling would be required to ensure that the 

conditions represented in SOW visualisations are process relevant. 

The SOW generated by DDRA and GDRA visualised the AS response to dynamic 

environmental stressors for PSP, AS and SS. The SOW populated zones of ‘resilience’ and 

‘process stress’ show varying magnitudes, with the SOW for the low flow dynamic 

environmental ‘stressor’ displaying mainly ‘resilience’ to neutral ‘process stress’ in both 

sedimentation processes (pF <0.1). This is mainly related to simulation outputs occurring 

below the SOC when BOD5 and TSS concentrations are based on the dilution rates. 

However, both sedimentation processes exhibited the most concentrated ‘process stress’ 

during the high-flow environmental ‘stressor’ and were particularly evident in the PSP with 

a pF of 0.46. 
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As a process protection mechanism, storm flow diversion limited influent flow to 390 L s-1, 

creating a disproportionate data range. Although, the transfer of storm flows can be a 

dynamic environmental ‘stressor’ (untreated river discharge) when storm storage capacity 

is exceeded. Reflecting on Abily et al. (2021) and the influence of WRRF on SWBs, future 

‘dynamic resilience’ studies should also consider volumetric storm flow storage. However, 

knowledge generation requires the classification of historical events and the evaluation of 

numerous eventualities and magnitudes. 

The AS process presented a particular challenge during dynamic environmental ‘stressor’ 

events, with process stresses and resilience capacity originating from numerous independent 

variables within the data-driven models. Despite previous studies investigating ASM kinetic 

parameter sensitivities, theoretical changes often used in the literature do not reflect actual 

operational conditions. For water companies, learning or generating knowledge from unit 

processes and WRRF data has great value, where the source of operational changes is often 

unknown due to inadequate transactional record-keeping previously identified in Chapter 4. 

Additionally, although the data range in some SOW may not be representative of severe 

process-related problems, visualising neutral and concentrated zones of ‘process stress’ 

could develop a consensus for optimum WRRF operation while generating knowledge of 

dynamic ‘stressor’ events.  

Temporal changes for parameters such as temperature and nutrient/carbon availability are 

crucial considerations when applying timely mitigations and interventions where dynamic 

environmental stressors disrupt bacterial growth and decay rates (Ramin et al., 2014). A 

drawback of the ‘dynamic resilience’ approach is that WRRF operational data can be 

infrequent or limited to the requirements of environmental permits (Newhart et al., 2019). 

Therefore, the challenge for DDRA and GDRA is ‘data richness’ (quality, quantity and 
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range). An example of this was the SOC misclassifications for turbidity in GDRA due to 

significant data variation, narrow data ranges, instrument reliability issues and calibration 

errors. 

Interestingly the SOW for TN in GDRA showed the most significant propensity for ‘process 

stress’ of all GDRA, possibly resulting from variations in autotrophic and heterotrophic 

microbial populations within anoxic and aerobic zones (nitrification/denitrification). 

Therefore, accurate time-based TN measurement is essential if N removal is a crucial 

treatment objective. Also, fractionations of heterotrophs and autotrophs in the DDRA SOW 

and any correlations must be considered for model dimension reduction (also see Chapter 

5). Therefore, from an applied standpoint, and for GDRA to be accurate, the emphasis should 

be on improved instrument and data management to generate accurate insights that make 

informed decisions based on the ‘dynamic resilience’ of WRRF systems and processes. 

7.6. Significance of discrete and global dynamic resilience 

analyses 

This Chapter has proposed a data-driven modelling methodology, extending beyond the 

internal resilience studies presented by Juan-García et al. (2021), to demonstrate the 

‘dynamic resilience’ of WRRF in response to external environmental stressors. The 

methodology has established a protocol for identifying and characterising dynamic SOC, 

classifying dynamic environmental ‘stressor’ events, and then simulating and visualising 

process stresses or resilience. However, further research is required to ensure that scaling for 

AS processes, particularly in response to dynamic high-flow stressors, better reflects 

process-related effects. Nevertheless, these DDRA and GDRA methods could be applied 

alongside benchmark simulations (Alex et al., 2018), where actual WRRF instrument data 
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can be used to visualise the dynamics of resilience. Moreover, it may avoid the 

computational demand associated with simulating numerous operational scenarios to reflect 

those occurring at an operational WRRF. 

Additionally, a knowledge base of PSI event cases (similar to CBR) could generate new 

knowledge of unknown-known and known-unknown events (Sweetapple et al., 2018). 

However, further research is required to classify the start and end of events from actual data, 

where this research used 48 h events centred at the most significant peak magnitude. A 

possible classification technique could involve characterising dynamic stressors from 

normalised parameter sensitivities (Demi̇r & Atçi, 2021). These methods could group 

multivariate divergences to classify the dynamic ‘stressor’ type and then predict the resultant 

‘process stress’ or ‘resilience capacity’. 

Previously research on resilience (Sweetapple et al., 2017) has relied on the IWA operational 

cost and effluent quality indices to measure resilience, generating possible solutions to 

theoretical scenarios (Ebrahimi et al., 2017). However, as regulatory requirements increase 

and data from instruments becomes more reliable, it may be possible to extend SI and PSI 

indices to consider actual events extracted from WRRF instrument data to evaluate the real-

time impact of ‘dynamic resilience’. This resilience paradigm is becoming increasingly 

relevant to water companies (Resilience Task & Finish Group, 2015), who struggle to 

manage process performance due to the growing severity of dynamic environmental 

stressors and water infrastructure deterioration. Overall, this research has made the first step 

in extracting SOC from actual WRRF, operating beyond its original process design 

parameters. It has also demonstrated the possibility of analysing the constantly changing 

magnitude of ‘process stress’ and ‘resilience capacity’ under the precept of ‘dynamic 

resilience’. In turn, this has generated an indexing system (SI and PSI) from actual WRRF 
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instrument data to generate SOW visualisations that communicate the dynamics of 

resilience.  

7.7. Conclusions 

From the simulation of DDRA and GDRA completed for high and low-flow dynamic 

environmental stressors, the following conclusions and future implications can be drawn: 

• The extraction, classification and verification methodologies were sufficient to 1) 

generate a robust SOC from long-term flow data (2015 to 2021) and 2) verify 

statistically significant differences between dynamic environmental ‘stressor’ events 

and the SOC. 

• SOW accuracy depended on three factors, 1) whether the data range is sufficient to 

characterise the event and SOC, 2) the extent of data cleaning required, and 3) the 

suitability of data for clustering methods. They can otherwise be described as the 

overall ‘data richness’ within WRRF datasets. 

• Limitations were encountered for AS processes, mostly under high-flow dynamic 

stressors, where further scaling is required to ensure the PSI range is representative 

of threats to process performance. 

• Identifying potential optimised operating conditions from the DDRA in the AS 

process was possible, with the neutral process stresses corresponding with SOW for 

MLSS, heterotrophic and autotrophic biomass concentrations. 

• TN was most sensitive to dynamic environmental ‘stressor’ events, possibly related 

to nitrification (autotrophs) and heterotrophic denitrification. Therefore, 

interventions should consider the numerous bacterial growth rates and how they 

influence functional groups. 
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• Some undesirable SOW outputs were encountered for GDRA, particularly for 

turbidity, which underestimated event impacts due to a narrow data range and high 

variation frequency. 

Overall, the simulations presented in this Chapter could be applied to other infrastructures 

in the urban water cycle, including storm flow management, combined sewer discharges and 

process emissions. However, this is only realistic where reliable data (knowledge) exists and 

can be understood temporally and spatially, such as in distributed sensor networks. If this is 

possible dynamic stressors and process stresses could be tracked above and below ground 

before discharge into SWBs. Therefore, moving towards a real-time approach to managing 

the ‘dynamic resilience’ of complex wastewater infrastructure and WRRF systems. 
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Chapter 8 
 

 

8. General discussion 

The previous chapter explored the use of DDRA and GDRA in the context of a whole WRRF 

process to characterise ‘dynamic resilience’. It demonstrated the possibility of generating 

SOWs for multiple variables and unit processes; however, some challenges were 

encountered with parameter scaling. This Chapter provides a brief overview of the research 

conducted in this Thesis before moving to a general discussion of the research completed. 

The discussion also includes the outcomes of an international survey performed between 

September 2021 and June 2022. 

8.1. General discussion on the research completed 

Overall, this research presented in this Thesis has 1) developed the conceptual basis for 

‘dynamic resilience’ and 2) demonstrated the potential for using actual WRRF instrument 

data to visualise ‘dynamic resilience’ as SOWs (a window of process stress/resilience 

capacity that re-orders dependent on the event). These unique SOWs communicate process 

stress/ resilience capacity as contoured heat maps for WRRF unit processes and 

monitored/simulated process-related parameters. The novel methodology aggregates states 

or planes inspired by Holling (1973) and adaptations for ‘dynamic resilience’ by Simonovic 

and Peck (2013) to provide a window or SOW. Despite challenges associated with parameter 

scaling, the ‘dynamic resilience’ methodology has been demonstrated through the two 

sequential approaches (one in Chapter 5 and two in Chapters 6 and 7). The first approach 

used MCS to simulate numerous WRRF process states as theoretical iterations to explore 

the feasibility of a ‘dynamic resilience’ methodology. The second approach used actual 
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WRRF data to evaluate DDRA and GDRA methods to visualise dynamic changes in 

resilience.  

8.1.1. Discussion on the terminology of resilience 

The literature review in Chapter 2 identified numerous authors in various disciplines that 

have adapted ‘resilience’ theories to design metrics for specific studies. These authors have 

reconciled these differences in their niche; however, this has sparked debate with Clédel et 

al. (2020) questioning ‘how far have we gone with resilience metrics?’. Therefore, although 

the notion of resilience is broadly similar across studies, adaptions to the properties and 

metrics of resilience are required for specific applications. However, the vast number of 

adaptations can often lead to significant confusion due to numerous studies proposing niche 

methodologies. Therefore, moving away from the theoretical studies presented in the 

literature toward actual WRRF system instrument data (Chapters 6 and 7) could expand 

resilience analyses toward real-time resilience monitoring using methods proposed in 

Chapter 7. 

A crucial consideration often excluded from ‘resilience’ studies provided in the literature 

(see Chapter 2, Section 2.2) is that standard operation (WRRF systems and processes) and 

‘resilience’ are not static but dynamic, as identified in Chapter 6. Recent studies on ‘dynamic 

resilience’ in transportation systems have accepted this notion of resilience and that it also 

varies dynamically within a healthy zone described as a ‘robustness’ range (Chen et al., 

2022). However, these studies focus on system resilience, excluding the ‘stressor’ (cause of 

the event), which is responsible for the process stresses/resilience (effect of the event). This 

restricts resilience analyses to the effects of an event rather than analysing the cause (the 

process of rebounding). Therefore, reducing the possibility of anticipating changes 

(difference between ‘stressor’ and ‘process stress’ peaks) and gaining a reaction time for 
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applying interventions. Analysing stressors outside of the possible impacts, as demonstrated 

in Chapters 6 and 7, introduces the possibility of a combined approach for evaluating the 

magnitude of stressors and process stress/resilience, and has not been attempted previously. 

Also, where sensors are now becoming more common with the development of ‘smart 

sewers’, it may be possible to investigate the multi-variate response of a ‘stressor’ in various 

geographical locations (Edmondson et al., 2018; Li et al., 2017); although, these systems are 

not widely deployed currently.  

Recent studies on ‘dynamic resilience’ have applied instrument data from utility gas tunnels 

to analyse human (health risk) and economic resilience (Bai et al., 2022). Therefore, research 

on ‘dynamic resilience’ is now shifting towards manufacturing and chemical engineering 

processes. It is hoped that the ‘dynamic resilience’ studies presented on WRRF systems in 

Chapters 6 and 7 of this Thesis could also be applied to these processing industries' (chemical 

engineering and manufacturing process engineering). However, adaptations may be required 

to accommodate the specific nuances and variables associated with such systems. 

8.1.2. Engineered ecology and dynamic resilience 

This research has proposed extending existing ‘resilience’ and ‘dynamic resilience’ 

approaches to include the process-related ‘stress’ and characterise the interchangeable 

relationship with ‘resilience’ (Chapter 5). The survey results in Chapter 4 confirmed that 

experts viewed ‘process stress’ as the negative variance from a benchmarked condition, 

agreeing with the early definition provided by Harrison (1979) (i.e. environmental factors 

display negative feedback in the generation of environmental stress). However, 

environmental systems encounter stress in response to stressful conditions (e.g. the decline 

of microbes in response to substrate limitations). Consequently, modifications were required 

to differentiate between stresses occurring in biological wastewater systems and the 



267 

 

stress/strain perception, which is more common in water management systems (Butler et al., 

2014). Unlike previous urban water/wastewater management studies, this research applies 

the concept of ‘engineered ecology’ (i.e. the control of ecology (microbes) using engineered 

components). This ‘engineered ecology’ is unique to systems where system microbes 

experience ‘stress’ in response to external factors and can be measured as positive or 

negative variations in microbial populations or activity (Chapters 6 and 7). The concept of 

‘engineered ecology’ is not well covered in the literature, although, more recently, authors 

such as Yuan et al. (2021) have attempted to characterise biological biofilm reactors as 

discrete engineered ecosystems, embracing the precept of ‘engineered ecology’. 

The dynamic resilience studies presented in Chapters 6 and 7 identified that the expanding 

use of online instrumentation could be used to provide feedback from engineered ecological 

systems. The instruments mounted in existing WRRF systems, as used in Chapters 6 and 7, 

broadly demonstrated changes in microbial density (using MLSS monitors as a proxy) and 

characterising resultant ‘process stress’. However, the main limitation is that 

instrumentation cannot (currently) provide an instantaneous measurement of microbial 

populations or associated stress indicators such as soluble microbial products. Therefore, 

stresses resulting from heterotrophic and autotrophic microbial fractionations could only be 

modelled based on kinetics with Arrhenius equations for associated related temperature 

growth compensation. However, with the accelerated growth of field-mounted technologies 

and instrumentation associated with WRRF systems, particularly microbial electron transfer 

(Sentry, 2021) for biological systems, it may soon be possible to perform real-time process 

stress/resilience analyses and suggest strategic interventions (Hach Lange, 2022a). 

Furthermore, these interventions could be weighted based on their failure magnitude and 

response over multiple measured variables similar to that proposed by Sweetapple et al. 

(2022a). 
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8.1.3. Indices for the application of dynamic resilience 

This Thesis proposes the separation of ‘stressors’ and ‘process stress’ to capture the cause 

and effect of events. This resulted in the development of novel Stressor and Process Stress 

Indices (PSI and SI) in Chapter 5, with further adaptations to incorporate actual data in 

Chapters 6 and 7 to characterise the interaction of ‘process stress’ and ‘resilience’. Chapter 

5 developed the conceptual basis by expanding the widely applied bathtub curve Mugume 

et al. (2015) presented to include an additional ‘stressor’ curve on the positive y-axis. This 

allowed the dynamic variation in stressors and process stress/resilience to be analysed 

theoretically before progressing to actual WRRF instrument data, as demonstrated in 

Chapters 6 and 7. Similarly, resilience and stress have been investigated in water distribution 

systems by authors such as Diao et al. (2016), although ‘stress’ is considered a theoretical 

failure mode based on scenarios that exert a strain (increased demand). 

Previously AS systems were considered by Sweetapple et al. (2016), who developed 

‘resilience’ performance measures for operational control strategies using a resilience deficit 

to identify possible solutions. These included plotting OCI (cost of operation, excluding 

labour) vs GHG emissions (threat to the environment) and then the resilience deficit as 

coloured scalar data points based on its variation from a base case. This approach focused 

on the effects (resulting from a ‘stressor’) of hypothetical ‘stressor’ cases rather than actual 

data. However, in this Thesis, the colour scalar approach has been applied to actual WRRF 

data, as demonstrated in Chapters 6 and 7. This raised a further research question, 'can 

theoretical simulations be representative of actual WRRF operation?’, and is addressed in 

Chapters 6 and 7 by using actual WRRF data. Historically instrument limitations, reliability, 

or the cost (including maintenance and consumables) of integrating available monitoring 

technologies may have reduced the benefit of their application (Campisano et al., 2013; 
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Vanrolleghem & Sung Lee, 2003). However, it is believed that future development, as 

industry moves toward an industry 5.0 paradigm (sustainable, human-centric and resilient), 

the development of novel technologies and measurement techniques will accelerate as it did 

through the COVID-19 pandemic (Cotta, 2021; Poch et al., 2020). This will also improve 

the development of novel real-time analytical methodologies for evaluating WRRF 

resilience.  

The research presented in Chapter 7 has provided the foundations for using ‘technologies’ 

(WRRF instruments) to characterise the actual ‘dynamic resilience’ of WRRF systems and 

processes. The methods presented also align with the ‘compliance focused’, often risk-averse 

approach adopted by UK water companies, where the ‘dynamic resilience’ (SI and PSI) 

parameters are combined with monitored compliance-based variables. This is demonstrated 

in Chapters 6 and 7, where SOWs were generated from a time series of actual WRRF 

monitoring data and used to drive ASM1 model analyses. Additionally, the methods 

presented could shift the measurement of stressors and process stress/resilience toward 

‘resilient autonomy’, which provides online insight generation for dynamic systems (i.e. 

analysing through monitoring). This moves the resilience of complex systems towards real-

time resilience measurement, which could be followed by strategic interventions based on 

past knowledge. Therefore, ‘resilient autonomy’ for WRRF systems presents the possibility 

of improving resilience in real-time through live digital systems rather than hypothetical 

cases often presented in the literature. This research stands alone from previous WRRF 

studies by setting the fundamental principles for ‘resilient autonomy’ and the possibility of 

using actual instrument data to provide ‘dynamic resilience’ insights. 
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8.1.4. The role of data for dynamic resilience simulations 

This research proposes methods to take raw WRRF data, generate information, and then 

convert this information into knowledge. The process of converting data into intelligence 

has been well captured in the data-to-intelligence pipeline proposed by Therrien et al. (2020), 

as shown in Fig. 8.1-1. Except for some sub-processes in Fig. 8.1-1, such as ‘data mining’ 

and ‘modelling’ being application specific, the diagram represents the data management 

pipeline for WRRF systems and how intelligence can be generated. Despite ‘intelligence’ 

being beyond the scope of this research, it is anticipated that knowledge generation (SOC 

and SOWs), such as that demonstrated in Chapters 6 and 7, could provide the basis for 

generating intelligence. 

 

Fig. 8.1-1 The Data to intelligence pipeline: schematic diagram taken from Therrien et al. (2020). 

In Chapters 6 and 7, the transformation of data to information, as shown in Fig. 8.1-1, proved 

challenging due to data ‘noise’. The data provided had been collected for operational use, so 

missing values and other inconsistencies were common in all datasets. Therefore, a data 

cleansing methodology was developed in Chapter 7 and performed according to levels 1 to 
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3 of the AENOR-UNE-EN norm 500540 (based on weather station data). This norm ensured 

that data analysis staff: 

1. Check the physical data range relative to the instrument. 

2. Check whether the data trend was representative (i.e. not oscillating rapidly between 

unrealistic data ranges). 

3. Checked if the system state was representative of the data (i.e. if a valve condition 

represents the estimated aeration flowrate).  

Typically for ‘dynamic resilience’ studies in this Thesis, the data cleaning involved 

removing outliers and applying linear interpolation to missing data points, similar to 

Pedersen et al. (2020). 

Overall the data cleaning methodology was successful; however, the main concern with the 

three AENOR 500540 levels is that they are based on heuristics and the experiences of the 

data analyst. Therefore, without a systematic approach or standard for data cleaning, the 

heuristic data cleaning WRRF methods could remove valuable patterns or relationships. 

Also, without an industrial code of practice for WRRF data logging frequencies, the data 

provided for Chapters 6 and 7 was logged at fifteen-minute intervals or hourly. The data 

logging frequency can pose a unique challenge with high logging frequencies (≤ 15 min), 

requiring additional data storage but also capturing unnecessary variation, and low logging 

frequencies (≥ 1 h), often excluding temporary trends or short-term events. Evidence of this 

was present in the WRRF data used in Chapters 6 and 7; it was found that a data logging 

frequency of 15 min improved resolution over short periods (24 to 48 h) but also captured 

temporary states and incidences where instruments were calibrated. Therefore, it is believed 

that shorter time intervals increased the probability of capturing data noise which is a 

significant challenge and can be based on the instrument type. However, the instrument type 
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may mean that it is impossible to log data at 15 min intervals due to the automated analytical 

method used. For example, some instruments have an active signal (e.g. electromagnetic 

flowmeters and Ion Selective Electrodes (ISE)) that can continuously log data (Pedersen et 

al., 2020). Comparatively, photometric analysers (wet chemistry) rely on the chemical 

reaction kinetics (Hach Lange, 2022b) and reagent consumption costs to define the data 

logging interval. Therefore, there are also operational cost considerations, where if the 

analytical has an associated reagent cost, it is likely to be logged at a cost-effective 

frequency. 

In Chapter 6, the concept of ‘data richness’ was introduced to explain whether the data has 

the range, scale, and volume to generate a suitable resolution for SOW data visualisations. 

The term ‘rich’ refers to whether the data captures the inherent variation of a specific WRRF 

system or process (i.e. whether the data reflects the unique response of the asset to a variety 

of different conditions or states). It was also found in Chapter 7 that engineered safeguards, 

such as the diversion of storm flow, could create a disproportionate data range, which can 

skew clustered observations in upper flow ranges. Therefore, future ‘dynamic resilience’ 

studies should include storm storage capacity to complement the identification of severe high 

and low-flow environmental ‘stressor’ events. 

8.1.5. Monte-Carlo methodologies for resilience insights 

In Chapter 5, fundamental ‘stressor’ and process stress/resilience characterisation methods 

were developed. For conceptual method testing, starting with a simple PSP model was 

necessary. To avoid computationally intensive methods, Chapter 5 used a simple empirical 

model with pseudo-random MCSs (within an empirically derived range) to simulate a 

thousand different PSP states. Simulations then demonstrated that outputs could populate a 

contoured heat map which successfully depicted concentrated zones of process 
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stress/resilience. However, methodologies were somewhat restricted by the theoretical limits 

created in MCS, and only hypothetical process conditions could be simulated. Nevertheless, 

MCSs were found to be a powerful tool for investigating various theoretical conditions, but 

the main limitation of MCS studies is whether a random or pseudo-random range of 

simulations can reflect an actual WRRF system. 

Recent studies by Ramin et al. (2022) used MCS to analyse influent uncertainty and 

sensitivity for AS process control scenarios. The study used AS GHG emission control 

strategies based on three Monte-Carlo simulations for uncertainty, sensitivity, and scenario 

analyses requiring parallel computing (use of multiple processor cores) server. This seems 

to be a significant barrier where, although computing advances have allowed the creation of 

increasingly sophisticated and complex models, there is a further research question for future 

studies. That is, ‘what is the acceptable level of modelling and simulation required to 

demonstrate the desired outcomes?’. Despite studies suggesting that the level of 

sophistication is dependent on the desired modelling accuracy, it is essential to consider 

whether MCS is computationally feasible for complex modelling studies (i.e. mechanistic 

assessment of uncertainty, sensitivity, and generating scenarios) and whether MCSs can 

capture the unique process variation associated with specific WRRF processes. However, 

from the MCS studies completed in Chapter 5, it is believed that MCS may be more 

appropriate for method development than multi-variate mechanistic modelling, which is 

computationally demanding. 
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8.1.6. A hybrid approach for modelling dynamic resilience 

In Chapter 7, a complete ASM1 model was developed from first principles to investigate the 

feasibility of combining existing modelling strategies with an actual data time series to 

investigate ‘dynamic resilience’. This was successfully tested using MATLAB and Simulink 

in Chapters 6 and 7 but found to be cumbersome, mainly when accounting for microbial 

growth, decline and the resulting changes in mass fractions. Also, analysing process-related 

stresses via ASM1 models was found to be rigid (many kinetic constants), with only 

temperature (Arrhenius corrections) and substrate availability as determinants. Despite these 

limitations, it was possible to use actual WRRF data to calibrate an ASM1 model to a 

reasonable level of accuracy without using the rigorous methodologies proposed by (Rieger 

et al., 2013, p. 72). Therefore, it may now be possible to calibrate models to a reasonable 

level of accuracy from actual WRRF data, which could be automated with Pryce et al. (2022) 

proposing fixed-film systems methods. Also, incorporating more sophisticated instrument 

error monitoring, such as drift detection (Chowdhury et al., 2021), could assist in creating a 

robust dataset and improve the potential for model calibration. 

The strategy used for modelling in Chapters 6 and 7 could be considered a hybrid, where 

three stages have been used in the ‘dynamic resilience’ approach: 

1. ML from k-means clustering for the extraction of low, medium and high flows. 

2. Selection of exceptional events using prominence. 

3. Statistical evaluation of significant events (Anderson-Darling and Kruskal Wallis 

tests). 

4. Data-driven mechanistic modelling using ASM1 to generate knowledge or 

resilience-based insights from modelled outputs.  
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The need for hybrid models is also apparent from the WRRF modelling community, where 

there has been significant debate on whether IWA ASM models are appropriate given the 

growth of analytical techniques and advantages posed by ML and deep learning (DL) (Sin 

& Al, 2021). Historically, simulators such as BioWin®, SUMO® and GPS-X have been the 

choice of WRRF modellers, but now the focus is on whether ML can be combined with 

mechanistic models as a hybrid to improve accuracy. Presently, two trains of thought appear 

on hybrid systems; the first is at ‘micro’ scale and aligns with Liu et al. (2022) as the 

possibility of integrating discrete with continuous or stochastic with deterministic 

(mechanistic). This is essentially the same as running a continuous mechanistic model and 

then simulating events outside of standard operation (similar to the methods proposed in this 

Thesis). The other ‘macro’ scale approach has gained significant interest in the WRRF 

modelling community (Schneider et al., 2022), combining mechanistic methods with 

statistical (described as data-driven) methods. Both approaches will likely extend 

understanding of 1) fundamental biochemical reactions underpinning mechanistic models, 

2) improve mechanistic model accuracy and 3) generate mechanistic insights and possible 

strategies for interventions that improve resilience.  

8.1.7. Standard operation as specific WRRF parameter 

Transitioning from ‘state-based’ MCS in Chapter 5 to data-driven hybrid methods in 

Chapters 6 and 7 shifted the focus from understanding a ‘benchmark’ to extracting what 

would be considered WRRF standard operation (SOC). The international survey in Chapter 

4 identified experts as understanding WRRF process-related stresses as a negative variance 

from a ‘benchmark’;. However, often in the literature, a benchmark represents a fixed point 

of reference or a mechanistic model (BSM series of models) that uses the specific flow and 

load scenarios to replicate actual operational variation (Alex et al., 2008; Gernaey et al., 
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2014; Jeppsson et al., 2007; Nopens et al., 2010). Although appropriate for a single WRRF 

system scenario, these methods were not appropriate for specific WRRF systems that 

encounter standard operation from diurnal variations related to external changes from a 

wastewater catchment. Additionally, many WRRF systems have been modified or retrofitted 

beyond their original design capabilities, and process design information is often 

unavailable. Therefore, performing simulations based on ‘standard operation’ rather than a 

‘benchmark’ as proposed in this research was fundamental to understanding how a broad 

range of systems react to novel stressors, such as those associated with climate change and 

COVID-19 (Bruce et al., 2020; Ramos & Hynes, 2020). It is also anticipated that the concept 

of ‘standard operation’ would significantly benefit the many long-established WRRF 

systems in the UK, which have been repeatedly updated or retrofitted with additional process 

equipment. 

This led to the development of a SOC, which has been central to evaluating ‘dynamic 

resilience’ in Chapters 6 and 7. These SOCs can be dynamic and are specific to the standard 

operation of a WRRF or associated process. However, an accurate WRRF SOC can only be 

generated where temporal process conditions can be investigated to provide an accurate 

representation of standard operation (i.e. where intensive sampling is performed or online 

monitoring). In Chapters 6 and 7, k-means methods were applied via MATLAB to separate 

three flow conditions; 1) low, 2) medium (SOC), and 3) high flow based on cluster data point 

density. However, the effects of seasonality were not considered for this research and would 

need to be addressed for larger-scale practical applications. In addition, international and 

regional variations in climactic conditions or regions that suffer a more significant influence 

from climate change (equatorial countries) could impact clustering. There is some evidence 

of regional differences in the literature by Borzooei et al. (2020), showing seven possible 

clusters, but the study covered only Italy. Despite possible extraneous geographical 



277 

 

differences, this research has proved that simple clustering methodologies can be applied to 

large datasets (five to ten years of flow data logged at 15 min to 1 h intervals). These methods 

could also be expanded to classify additional sub-criteria relating to minor and more 

significant flow events and possible warning systems. However, shared data points and 

cluster densities must be considered to avoid possible event misclassifications. 

Outside of flow-based clustering (Chapter 7), SOCs were more challenging to characterise 

for compliance-based monitoring instruments for NH4
+, TN and Turbidity (global 

compliance-based instruments), which required the generation of an artificial SOC 

constructed between two clustered diurnal patterns rather than three identified during flow 

investigations. One possible cause was their calibrated operating range or the limited 

understanding of operators (logging during calibration exercises). For example, NH4
+ during 

low flow ‘stressor’ conditions in Chapter 7 had a restricted range of 0 to 2.5 mg L-1; 

therefore, there was an improvement in signal resolution, which increased the possibility of 

low-magnitude oscillation. This also affected the generation of the SOC via k-means 

clustering, where data points oscillate within a narrow range, making the characterisation of 

three cluster boundaries inefficient (via silhouette plots). Also, as described in Section 8.1.4, 

combining electrochemical and photometric measurement instrument types may prove 

challenging, particularly at low concentrations where signal resolution is most significant. 

This was also evident from the SOWs generated in Chapter 7, which displayed angular 

boundaries when characterising process stresses/resilience. Therefore, future studies using 

actual data should consider the sensitivity of signals prior to investigations, mainly when 

visualisations are required. 
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8.1.8. SOW visualisations for analysing the dynamic resilience of WRRF 

systems and processes 

The SOWs visualise the scalar outputs of ‘dynamic resilience’ analyses as demonstrated in 

Chapters 6 and 7, using actual WRRF data to construct a window of stressors and process 

stress/resilience. Similar to the stability landscapes proposed by Walker et al. (2004), SOW 

represents aggregated states, defined as stressors and process stresses during an event; 

however, ‘stability’ can only be assumed from the concentration of stressors and process 

stresses/resilience.  

The response of an entire WRRF to an environmental ‘stressor’ event in Chapter 7 was 

presented on two levels, 1) SOWs generated discretely (unit processes) and 2) SOWs 

generated discretely (global boundary). At both scales, methods successfully identified 

concentrated zones of ‘process stress’ and ‘resilience’ in response to environmental stressors 

(storm flow). However, using actual WRRF data highlighted some potential challenges with 

scaling when operating in controlled ranges. This raises the research question, ‘what is the 

maximum reference scale of observations for process stress when considering different 

parameters?’. Parameter scaling can significantly affect the clarity of visualisations where 

WRRF processes can have a seemingly stable operation but are influenced by many 

interrelated process factors (biological acclimatisation, diurnal and seasonal variation). This 

led to some unrealistic results in Chapter 7, specifically for SOWs presented for MLSS and 

autotrophic biomass based on high and low flow stressors (varying by a maximum of 40 mg 

L-1). Therefore, to ensure SOW observations are process-specific, further research is 

required to understand the process-relevant ranges and the multi-variate parameter 

interactions from which scaling is performed. 
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Another challenge occurred with the spatial and temporal distribution of WRRF instruments 

as a distributed network (e.g. influent flow and effluent flow measure changes at different 

times). An example was the time difference between influent flowmeters and compliance-

based instruments mounted at the WRRF effluent in Chapter 7. When an event starts, the 

influent flowmeter acts as a reference location, and its impact (instrument variation) was not 

observed at the compliance-based instruments until some hours after the start due to WRRF 

buffering capacity, vessel residence times and returned flows. This provides time-based 

dynamic SOW visualisation of events ‘dynamic resilience’ in multiple locations, where 

reactions in systems and subsystems can be delayed. To resolve this, flowmeters could be 

installed at all unit process intersections; however, the cost and practicalities of doing so in 

existing WRRFs may be prohibitive, as described by Jeppsson et al. (2002). In Chapter 7 

this was considered by starting simulations 24 h before an event occurred (i.e. 48 h event 

window to capture the effect of internal buffering), which required the generation of an RRT 

for the observations. The RRT is required to ensure that; although simulations start from the 

influent flowmeter, all other instrument data is relative, and simulations start simultaneously. 

Therefore, ensuring that instruments capture only ‘relative’ changes in resilience as 

‘stressor’ generates ‘process stress’ within a WRRF. This means that events progressively 

unfold through WRRFs and that different unit processes experience stress at different times 

and in different ways. However, enhanced instrumentation could consider this in greater 

detail generating further insights on shared variance and how interventions could provide 

the most significant improvements in resilience. Furthermore, classifying SOWs related to 

process stress/resilience will enable the creation of new knowledge on the relative ‘dynamic 

resilience’ of events using actual WRRF data. 

Aside from SOWs generated for process stress/resilience, ‘stressors’ can be challenging to 

characterise outside concentration (y) time (x) plots, as encountered in Chapter 6. This is 
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particularly relevant to the parameterisation of ‘stressors’. For example, a flow-based 

‘stressor’ could be detected at the entrance of a WRRF, but it cannot be plotted against TSS 

as the concentration may be unknown. However, instruments are now available for 

estimating high concentrations of solids (Endress+Hauser, 2022; Hach Lange, 2022c; 

Xylem, 2022). Despite commercially available instruments, they were not installed at either 

of the sites in the south of the UK, so SOWs for ‘stressor’ parameters in Chapter 7 were 

replaced with a concentration/time plot using prominence analyses for event identification. 

Therefore, extensions to the presented methods in Chapter 6 may also be necessary to 

parameterise the growth and decline of ‘stressors’ fully. Furthermore, shifting flow 

monitoring and other suitable instrumentation further into a sewerage catchment (as is 

happening with smart sewers) would improve the accuracy of predictions and increase the 

reaction time to mitigate the effects of an incoming ‘stressor’. 

Additionally, combining the data storage of SOW event cases on a cloud-based knowledge 

base, similar to CBR (Castillo et al., 2016), could expand methodologies toward DL by 

generating an external training dataset set. It may then be possible to identify and 

automatically classify events based on past knowledge to automate interventions or give 

operators time to provide suitable reaction times to reduce or eliminate possible process 

stresses or catastrophic pollution events (Stentoft et al., 2021). It is also believed that further 

adaptions could be made to investigate other parameters and the possibilities of clustering 

outputs to predict possible multi-variate ‘stressor’ events based on parameter sensitivities; 

however, further research is required to investigate its potential.  

8.1.9. Possible barriers to the communication of dynamic resilience 

The visual communication of modelling outcomes has been addressed by creating a 

‘dynamic resilience’ SOW (Chapters 5 to 7) focused on those operating and maintaining 
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WRRF. This requires further refinement in presentation and how this informs WRRF 

operator decision-making, which has only been considered in a few studies. However, in 

studies of operators in industrial wastewater treatment (Cornelissen et al., 2018), the lack of 

operator training (as is the case in the UK) has been linked to scepticism of new technologies 

and limited awareness of instrument maintenance requirements. This was also found in the 

survey results presented in Chapter 4. The survey offered unique insights on how WRRF 

operational staff manage information, with 63 respondents (25 % of the total and mainly 

from the USA where operator accreditation schemes are used) providing responses. The 

responses indicate a general reliance on spreadsheets, written notes and some evidence of 

simulation/EDSS use. The difficulty with relying on spreadsheets and written notes are how 

operational insights are generated and how knowledge is managed. However, some basic 

formatting and operational data entry could create explicit knowledge and extend the studies 

presented in Chapters 5 to 7 to include coded empirical observations. This data could provide 

valuable insights into the practical implications of internal WRRF interventions, generating 

empirical knowledge on the response to failure modes. 

Despite all the possible adaptations to existing methods, the lack of literature on WRRF 

operational decision-making is somewhat concerning. The international survey findings in 

Chapter 4 indicated that operational decision-making is primarily empirical and visual, but 

further research is required to validate this claim. The methods in Chapters 5 to 7 can only 

provide the first iteration of an operational communication methodology for resilience-based 

studies. However, the engagement between those operating and maintaining WRRF systems 

and complex modelling analyses proposed in the literature should be improved. Operational 

maintenance staff significantly influence the internal ‘dynamic resilience’ of WRRF systems 

(i.e. the restoration of facilities after an event or repairing mechanical/electrical equipment) 

and is undoubtedly an area for further research using focus groups, interviews and surveys. 
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Without this operational engagement, it is unlikely that many of the theoretical 

methodologies presented in the literature could be applied to an actual WRRF and accepted 

by operators. Therefore, future methodologies should raise awareness of ‘resilience’ for 

those operating and maintaining WRRF processes and improve the internal human/machine 

understanding of external stressors (climate and societal change). 

8.2. General discussion based on the comments of international 

experts 

An additional survey was performed between September 2021 to June 2022, aimed to 

validate the methodology developed and evaluated in Chapters 5 to 7 and to confirm the 

definition/methodology associated with ‘dynamic resilience’ proposed in this Thesis. 

Despite the survey following the same recruitment strategy as Chapter 4, the number of 

respondents completing the second survey fell by 38%, and the completion rate was 

approximately half at 42%. This reduction in response rate is possibly related to the initial 

survey in Chapter 4 having a broader appeal and based on a conceptualisation of ‘process 

stress’ rather than complex ‘modelled’ dynamic visualisations, which have not previously 

been presented to the wastewater industry. However, this is close to the average online 

survey response rate reported by Wu et al. (2022) of 44%; therefore, the response would be 

considered acceptable. Furthermore, the total number of respondents in the survey (n = 75) 

was similar to an exploratory survey on ASM modelling practice (Hauduc et al., 2009) with 

n = 95 respondents (completion rate not specified). If the sample size for the second 

international survey were similar to Hauduc et al. (2009) (3000 to 5000), the confidence 

level could be estimated at >90%. 
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The results of the second international survey confirmed the requirement for an analytical 

system that considers stressors and process stresses, with 71% of respondents stating that 

stressors and process stresses should be separated to understand each independently (Table 

11.12-1, Appendix 11.12). It was also confirmed that combining dynamic modelling with 

‘dynamic resilience’ could improve understanding of wastewater systems or processes (96% 

of respondents selected ‘Yes’), and additionally; that the methods presented in this research 

could be applied to understand the severity of climate change, consumer behavioural changes 

(e.g. COVID-19) and growing global populations (92% of respondents selected ‘Yes’). 

Overall, there is general agreement that simplifications to the SOW visualisations (i.e. a 

traffic light system) could improve the communication of ‘dynamic resilience’ to operators 

(92% of respondents selected ‘Yes’). Also, expanding themes from comments on all 

questions in (Table 11.12-1, Appendix 11.12), the answers indicate that the answers are 

based on the respondent's role and level of seniority. One of the common hierarchical themes 

from the comments in (Table 11.12-1, Appendix 11.12) is whether operational staff could 

understand SOW due to their cognitive ability, which is extremely difficult to determine 

without further research. However, the insightful comments provided at the end of the survey 

(6 in Table 11.12-1, Appendix 11.12) offer some potential expansions for future research, 

the first being ‘bringing the model to life’ which pre-empts the next phase of this research, 

which is investigating the feasibility of actual applications. Additionally, some comments 

relate to novel applications for the research outside of WRRF systems; but the broad range 

of disciplines completing the survey makes it difficult to identify a specific application niche. 

Nevertheless, it does indicate that there may be more than one future application for 

‘dynamic resilience’, and methods could be expanded for use in many disciplines, such as 

water supply and Wastewater Based Epidemiology (WBE). 
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8.3. Overarching discussion on the concept of dynamic 

resilience 

Overall, the methods presented in Chapters 6 and 7 have successfully generated valuable 

analytical methodologies on the concept of ‘dynamic resilience’ and its influence on WRRF 

systems and associated processes. However, as shown in Fig. 8.3-1, the current methodology 

is top-heavy, with data storage and mining requiring significant effort. Even though the 

computational processes for data processing are not overly demanding, specialist expertise 

is required to clean data, provide accurate clusters of different flow conditions, and identify 

events. Many of the errors present in the data are typically anthropogenic, ranging from 

meta-data errors, calibration errors and possible instrument fouling (Aguado et al., 2021). 

Therefore, water companies should focus on generating a unified standard or code of practice 

to ensure high-quality data is created for use outside of operational transactions toward 

robust insight generation using ML and DL. Therefore, data generation resilience (‘how to 

minimise data disruptions to ensure accuracy’) is crucial for water companies and will be 

increasingly important when making informed operational decisions and applying 

interventions. If accurate datasets can be achieved, it may lead to novel analytical tools such 

as that presented in this Thesis, not to replace wastewater operational staff but to complement 

their existing skills. 
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Fig. 8.3-1 Sequential diagram showing the overarching methodology proposed in this research. 

Modelling during the research in this Thesis (Chapters 6 and 7) was computationally and 

intellectually demanding, requiring specific mechanistic knowledge to complete. The 

mechanistic modelling simulations required significant computational power, which led the 

author of this Thesis to construct a powerful computer to 1) run mechanistic simulations and 

2) perform the graphical processing required for computing SOW outputs (Appendix 11.9 

for the specification). This is a significant barrier to ‘dynamic resilience’ mainly when using 

complete IWA ASM mechanistic models, as demonstrated in Chapter 7. Future mechanistic 

modelling efforts should consider effective dimension-reduction methods to reduce 

computational demand, which other authors have applied (Wan et al., 2011). This also 

applies to the adapted hybrid ‘dynamic resilience’ modelling approach presented in Chapter 

7 to use the necessary modelling complexity to accurately select events and apply historical 

knowledge to understand their possible impact. 
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This research has also increased the possibility of exploiting actual data generated by UK 

water companies to analyse the ‘dynamic resilience’ of a WRRF to various operational 

conditions, including exceptional ones. The next stage would be to generate a historical 

knowledge base of events to characterise, as shown in Fig. 8.3-2, and then use more 

sophisticated methods such as DL to predict the possible impacts. Reflecting on the research 

in this Thesis, the benefits of DL would supplement ‘dynamic resilience’ analyses to identify 

correlations between similar events and move toward event prediction through image 

recognition. Despite the apparent benefits of DL for the ‘dynamic resilience’ methodology, 

there are significant barriers requiring targeted studies outside of pilot or investigative 

analyses, as described by Fu et al. (2022). However, specific expertise and knowledge will 

be required of neural networks to ensure the computational demand is minimised and the 

dimensionality (reduction in parameters based on sensitivity) is iteratively reduced and 

refined. 

Duration of known data

Knowledge (historical data) Event window (present) Future: unknown-known and unknown unknowns

Dynamic resilience timeline
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Fig. 8.3-2 Proposed approach for classifying, managing knowledge, and predicting pre-classified events. 
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Visualising simulation outputs as a SOW for all available WRRF processes and monitored 

parameters provided a means of communicating ‘dynamic resilience’ (based on the risk 

assessment matrix) to WRRF operational staff based on a RRT. The development of an RRT 

meant that internal AS process buffering could be considered, and an event could be captured 

from progression to decline. However, event selection methods should be further refined to 

investigate what combination of changes in variables constitutes an ‘event’, including when 

and where it starts. The parameterisation of stressors also requires refinement based on 

developing novel parameters based on the effects of multiple measured variables. 

8.4. Contributions to knowledge 

This research has demonstrated a methodology that analyses the ‘dynamic resilience’ of 

WRRF processes using actual instrument data. The conceptual basis for ‘dynamic resilience’ 

was first developed as a methodology that separated stressors from process-related stresses 

to evaluate each independently and was tested via MCS simulations. The concept of 

‘engineered ecology’ has been introduced and applied to account for the ecological diversity 

of biological wastewater systems, which experience ‘stress’ according to external factors. 

This first involved the generation of novel scalar parameters defined as the Stressor and 

Process Stress Index (SI, PSI). These indices, and methodologies, were then combined with 

actual data acquired from Southern Water Services Limited to demonstrate a hybrid 

approach, which combined ML (clustering), mechanistic modelling (IWA ASM1) and data 

analytics to generate SOW visualisations of ‘dynamic resilience’. 
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The following are the specific contributions to knowledge presented in this Thesis: 

1. The conceptualisation of process-related stresses and their interaction with stressors 

in WRRF systems and processes (Chapters 2, 4 and 5). This addresses KG 1A, 1B, 

1C and RQ 2A, 2B, 2C, 2F. 

2. The creation of novel scalar indices for the characterisation of ‘dynamic resilience’ 

for WRRF (Chapter 5). This addresses KG 1B and RQ 2C, 2F. 

3. The development of a conceptual methodology to evaluate the ‘dynamic resilience’ 

of WRRF systems and processes (Chapters 5 to 7). This addresses KG 1B, 1D, 1F 

and RQ 2C, 2E, 2F. 

4. The SOW visualisation methods used to communicate stressors and ‘process stress’ 

as ‘dynamic resilience’ (Chapters 5 to 7). This addresses KG 1C, 1F and RQ 2F, 2G. 

5. The use of actual WRRF instrument data to characterise ‘dynamic resilience’ 

(Chapters 6 and 7). This addresses KG 1C, 1D, 1E and RQ 2C, 2D, 2E. 

6. Event identification, classification and validation based on their prominence and 

dominance in actual WRRF instrument data (Chapter 7). This addresses KG 1D, 1E 

and RQ 2C, 2D, 2F. 
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8.5. Research originality 

The research presented in this Thesis has combined the seminal paradigms from authors such 

as Holling and Walker (stability landscapes and phase/state planes) with more recent studies 

on ‘dynamic resilience’. This has allowed the development of an approach that embraces the 

challenge of using actual data from large interconnected infrastructure systems. The 

approach developed in this Thesis had not previously been applied to WRRF systems. 

The originality of this Thesis extends beyond the primarily theoretical studies presented in 

the literature on the resilience of WRRF systems. Here novel scalable metrics have been 

developed for interpreting the interaction of ‘stressors’, ‘process stresses’ and ‘resilience 

capacity’. This new interpretation has led to the development of unique event identification 

methodologies, using ‘prominence’ as a measure of event magnitude and ‘dominance’ as the 

magnitude of the ‘stressor’ relative to the WRRF process-related impacts. 

Visualisation of ‘dynamic resilience’ analyses also contributed to the originality of this 

Thesis, where a SOW provided a heat map of ‘stressors’, ‘process stresses’ and ‘resilience 

capacity’. This approach visualised how WRRF processes and systems react to an 

exceptional event, both temporally and spatially. Therefore, offering a ‘window’ that can be 

ordered to analyse events affecting WRRF systems and processes to reflect better the 

‘process stresses’ and ‘resilience capacity’ response of the system. Furthermore, the SOWs, 

which followed international conventions for assessing risk, could communicate system 

states and interventions that may improve ‘resilience capacity’. 

Overall the investigation of ‘dynamic resilience’ under exceptional conditions (stressors) 

and how they manifest within WRRF systems spatially and temporally has been achieved 

using actual WRRF data. 
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Chapter 9 
 

 

9. Conclusions and recommendations 

9.1. Specific conclusions from the research completed 

A novel ‘dynamic resilience’ approach has been demonstrated in this Thesis, using actual 

data from a WRRF in the south of the UK. The proposed methodology has combined basic 

ML and IWA ASM1 modelling practices to simulate and analyse ‘dynamic resilience’ before 

visualising process stress/resilience as a SOW. The SOW outputs are contoured heat maps 

of ‘process stress’, which aim to communicate changes in ‘dynamic resilience’ to 

operational staff. 

The following are the conclusions from the research completed in this Thesis: 

1. The ‘dynamic resilience’ approach introduced the possibility of analysing the 

dynamic influence of stressors and ‘process stress’ in WRRF systems. 

2. It has been possible to aggregate numerous ‘stressor’ and process stress/resilience 

states or phases to present outputs as a contoured heat map or SOW. 

3. Data proved to be the most significant challenge, with data from both operational 

WRRFs showing many outliers and inconsistencies related to operational practices 

such as calibration or cleaning exercises. Also, there was frequently missing data, 

requiring effective cleaning via outlier removal and linear interpolation before it 

could be used for basic ML approaches (k-means clustering). 

4. Simple k-means clustering methodologies accurately separated three flow conditions 

from two large WRRF datasets, representing standard operation (SOC) as having the 



291 

 

most significant density of data points. However, this may not be appropriate for 

systems in different geographical locations due to differences in climactic conditions 

and societal norms. 

5. MCS was found to be more appropriate for ‘dynamic resilience’ method 

development but was somewhat restricted to hypothetical states or ranges, which do 

not reflect the actual operation of a WRRF. 

6. The WRRF instrument type and calibration range significantly impacted the SOW 

visualisations. This was most evident for compliance-based instruments, which 

operated at a low concentration range (up to 20 NTU/mg L-1), causing an angular 

SOW due to capturing higher frequency variations. 

7. Stressor events were successfully isolated from large datasets by using the 

prominence (positive and negative scalars) of events. It was then possible to isolate 

high and low flow events to evaluate the process stress/resilience response (SOW). 

However, stressors proved to be more difficult to characterise (and parameterise) due 

to only influent flow being monitored for WRRF influent flow for both case studies 

using actual data. 

8. SOW outputs depicted zones of ‘process stress’ and ‘resilience’; however, their 

scaling proved inaccurate for some parameters (mainly for AS) in Chapter 7 and was 

not process-relevant (may not cause ‘process stress’), with only minor concentration 

changes seen for some parameters (e.g. 40 mg L-1 for MLSS). 

9. Simulations were found to be computationally demanding, requiring a purpose-built 

computer, which included a separate graphics processing unit to generate SOWs. 

This observation has also been noted in the literature, mainly where MCS simulations 

have been used to simulate multiple states of uncertainty. 
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10. There is a knowledge gap on the decision bias and capabilities of those operating and 

maintaining WRRF processes. Comments in the final international survey indicated 

a perception from management staff that wastewater operators preferred simple 

information because they may be unable to understand complex model outputs. 

However, this was speculated and thought to be a hierarchal response. 

11. The final international survey confirmed that SOWs were generally accepted means 

of communicating the ‘dynamic resilience’ of WRRF systems (96% of respondents 

stated ‘yes’ to ‘combining dynamic modelling with real instrument data to 

understand dynamic resilience could improve understanding of WRRF systems and 

processes’). However, 92 % of respondents agreed that additional simplifications, 

such as a traffic light system, would improve operational communication. 

Overall, the main challenge identified during this research was the actual WRRF data which 

showed inconsistencies, requiring significant cleaning before use in ‘dynamic resilience’ 

methodologies. This is well covered in the literature and requires future research to generate 

a code of practice or standard to guarantee high-quality data and move toward more 

sophisticated methods (ML and DL). Nevertheless, the iterative methodology presented in 

this Thesis has 1) conceptualised ‘dynamic resilience’ (the interaction of stressors and 

process stress/resilience), 2) used actual WRRF instrument data to produce hybrid 

simulations using ‘master’ and ‘slave’ models and 3) proposed a communication 

methodology (SOW) via a contoured heat map. Therefore, this research has contributed to 

understanding how ‘dynamic resilience’ could be applied to characterise the response of 

WRRF systems to novel and emerging stressors. 
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9.2. Recommendations and future perspectives 

Principally, this Thesis has identified a niche that could lead to real-time analysis of 

‘dynamic resilience’. However, several challenges must be overcome before methods can be 

applied to live instrument signals. 

9.2.1. Future perspectives on dynamic resilience methodologies 

1. One of the most significant weaknesses of dynamic resilience is the analytical scaling 

(PSI and SI) and whether the SOW generated is process relevant. Further studies 

should be performed to consider process-relevant ranges SOWs and ensure it is 

relevant to a broader range of AS processes. Additionally, this would allow for the 

characterisation of many WRRF systems across geographical regions rather than 

considering each independently. Prioritisation could then be performed for a strategic 

(identify worst cases) response to the application of interventions, a common 

challenge for the regional UK water companies. 

2. As identified in the second international survey, 92% of respondents agreed that 

‘dynamic resilience’ could be extended to evaluate the influence of climate change, 

consumer behavioural change (COVID-19) and increasing global populations. 

However, methods may encounter difficulties characterising standard operation 

(SOC) where systems inside and outside WRRF systems behave differently. This 

may extend to the requirement for unique classification methods for broader 

environmental or mechanical systems. 

3. WRRF inflow is the only currently routinely monitored parameter that could be used 

to identify stressors at the entrance to a WRRF and is validated by M-Certs 

compliance. Therefore, additional parameters or the installation of supplementary 
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instruments in the challenging environment of raw sewage will be required to 

develop specific parameters to identify and classify stressors. These should be unique 

and use a representative scale which considers relevant and measurable variables (via 

instrumentation). However, the economic and practical feasibility of extending 

analyses into wastewater networks should also be evaluated on how it contributes to 

an interconnected infrastructure. 

4. An interesting comment from the final international survey was ‘bringing the model 

to life’, which is the next stage for the research presented in this Thesis. This would 

involve using live instrument signals/data streams and potential noise filters to 

attenuate significant data variation. Additionally, live interpolation methods should 

be considered to populate missing data points and automatically generate an accurate 

dataset. However, it may be impossible to avoid data noise and missing data 

altogether due to the necessary human interactions with instrumentation. 

5. Knowledge bases of cases using SOW outputs could assist the classification of events 

and could use DL to characterise events (knowledge generated from SOW). 

The success of ‘dynamic resilience’ in future studies will require the expertise of many 

disciplines to transfer the methods proposed into a viable analytical system. During the 

research in this Thesis, it was realised that specific expertise would be required to engineer 

software for an applied system based on ‘dynamic resilience’. 
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9.2.2. Data quality recommendations 

1. From reviewing industrial and academic literature, there seems to be little evidence 

of a working standard, strategy, or code of practice for water company data 

management. Therefore, water companies should focus on ‘data resilience’ before 

more sophisticated methodologies, such as ML and DL, can be applied to WRRF or 

associated processes. 

2. The logging frequency of instrumentation should also be included in any working 

standard, strategy, or code of practice. For instance, if it is possible to do so, a 

standard, suitably long data logging frequency should be considered that captures 

sufficient ‘data richness’. This would reduce the data storage requirements, simplify 

the data format, and retain the same dimensionality between variables contained in 

matrices (i.e. designing data for analysis). Additionally, it would reduce the time 

taken to re-format data; however, the logging frequency may be defined type of 

instrument used and the measurement methodology (e.g. photometric or 

electrochemical). 

3. Water companies offering ‘open data’ for hackathons on anonymised data could 

significantly accelerate knowledge generation and the development of targeted tools 

for refining datasets and insight generation. Furthermore, extending existing studies, 

which have been primarily theoretical, to existing systems could give greater clarity 

of dynamic changes in resilience (i.e. moving advance in the field of resilience 

toward existing systems). Also, using specific expertise (software engineers) could 

extend the methods presented in this Thesis beyond the author's knowledge. 

However, additional funding would be required to attract the right expertise and test 

‘dynamic resilience’ tools in the domain of a live system. 
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9.2.3. Instrumentation recommendations 

1. The reliability, deterioration and accuracy of instruments used for monitoring over 

time should be considered towards self-diagnostics to detect drift and possible failure 

(Chowdhury et al., 2021). This would also vastly improve the quality of raw data 

provided by instrumentation and lead to a more proactive approach to 

instrumentation maintenance and management. 

2. It is hoped that rather than sophisticated automated monitoring systems, the growth 

of inexpensive sensors associated with the Internet of Things (IoT) approaches could 

increase the adoption of essential systems for monitoring WRRF dynamic systems 

resilience. However, such systems may be limited to available sensors such as 

temperature, colour (sensitive to lighting differences), light, pressure and motion. 

This approach would expand the opportunities for monitoring ‘dynamic resilience’, 

making it accessible and taking advantage of open-source coding, possibly leading 

to accelerated development of resilience-based strategies (Torfs et al., 2022). 

However, for such systems' cyber security must be considered to avoid malicious 

software being generated or used. 

9.2.4. Modelling recommendations 

1. Methodologies such as k-means clustering should continue to be used as a 

classification method; however, further refinements and normalisations to yield 

novel insights from standard monitored parameters outside of influent flow. This 

may not involve generating new data but extracting new knowledge from pre-

existing data. 

2. Future WRRF modelling practices should consider the computing power required to 

run simulations. Previously research has focussed on extensive calibrations to 



297 

 

improve predictions; however, there must be a middle ground that provides the 

‘necessary’ accuracy for model predictions. Alternatively, it may be possible to avoid 

mechanistic models entirely in the future, with ANNs trained on actual data to 

provide accurate performance predictions. Alternatively, both approaches could be 

combined to expand modelling toward a physical connection to a WRRF (digital 

twin), providing data-based calibration and real-time insight generation. However, 

this is somewhat aspirational, with each approach dependent on the quality and 

reliability of the data generated. 

3. Automating modelling and analytical approaches presented in this Thesis could 

avoid the numerous steps required to generate a SOW. For example, live data could 

drive a model which automatically refines the WRRF model, analyses outputs and 

generates a SOW.  

9.2.5. Communication of dynamic resilience recommendations 

1. The communication and decision-making bias of WRRF operational staff is rarely 

covered in the literature. Many of the simulation and modelling systems developed 

in the literature require WRRF operators to engage with and rigorously maintain 

instruments and associated equipment. Therefore, it will be critical that future studies 

engage with operational staff to improve the quality of the data produced, developing 

strategies for mitigating erroneous values. 

2. Although the SOW visualisation method was generally accepted as communicable, 

simplifications such as a traffic light system should be provided. However, on its 

own, the traffic light would not provide the necessary information to apply 

interventions. Therefore, additional information should be provided to locate the 

position and significance of the process stresses to supplement a traffic light system. 



298 

 

It should also combine knowledge bases of SOWs to define interventions that could 

then be selected that 1) minimise ‘process stresses’ and 2) avoids possible pollution 

incidents.  

9.3. Societal and environmental challenges encountered during 

this research 

Reflecting on the factors that have emerged during this research project, some have emerged 

rapidly, and some existing factors/stressors have increased their dominance (Climate Change 

Committee, 2022). For example, few would argue that the emergence of the COVID-19 

pandemic was anything but rapid, causing dramatic changes to human behaviour (Alda-

Vidal et al., 2020; Office for National Statistics, 2020). Additionally, the projected 

acceleration of pre-existing factors such as climate change has led to high confidence in 

flooding and damage to infrastructure, as evidenced in the latest IPCC report (Pörtner et al., 

2022). Moreover, unforeseen political challenges, such as the Russian invasion of Ukraine, 

have caused a humanitarian crisis, with migration stressing existing WRRF processes in 

neighbouring countries and ultimately pushing back sustainable development goals (Pereira, 

Zhao, et al., 2022; Rawtani et al., 2022; Zaliska et al., 2022). These novel stressors show the 

increasing need to understand the ‘process stress’ and resilience of WRRF systems, 

particularly in times of uncertainty. 
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9.4. Final remarks 

Resilience has recently been described from an industry perspective as part of a trilemma of 

1) Resilience, 2) Sustainability and 3) Affordability (Utility Week, 2022). Even with such 

initiatives and the H2Open (encouraging open data in the water industry), proposed 

approaches have been generally focused outside of WRRF systems and processes (Ofwat, 

2021). This indicates a gap where resilience is often assumed through the application of new 

or novel systems, with only one of the H2Open studies (Yorkshire Water) citing resilience 

despite Ofwat claiming ‘resilience in the round’ in Ofwat (2017). Thankfully the recent 

Water Industry, Strategic, Environmental Requirements (WISER) has set out a policy for 

Ofwat to take a holistic view of resilience and regulate water companies accordingly 

(including WRRF assets and infrastructure). It is hoped that this research has gone some way 

to meeting these objectives by evaluating the analysis of ‘dynamic resilience’ for WRRF and 

associated processes. 

Where resilience was once the last resort, it has now become an international buzzword, used 

as leverage toward the ability to ‘cope’, described by Butler et al. (2016) as ‘top down’. 

However, currently, there is a significant need to ‘learn’ from our wastewater systems and 

processes, which embrace ‘circular’ approaches (similar to the knowledge generated from 

actual data in this Thesis). This ability to ‘learn’ is also something Hollnagel (2015) 

describes as essential but also recommends that system operators separate what is ‘easy’ to 

learn from what is ‘meaningful’ to learn. This means that they should shift the focus from 

quantifying the number of failures to learning about the ‘cause’ and ‘effect’ of an event, 

which is the approach in this Thesis (i.e. ‘stressors’ and ‘process stress’). It is hoped that 

future studies on ‘dynamic resilience’ will expand the methods developed to characterise 

‘how’ the events associated with climate change and consumer behaviour have occurred to 

understand the ‘stress’ generated. 



300 

 

10. References 

Abily, M., Vicenç, A., Gernjak, W., Rodríguez-Roda, I., Poch, M., & Corominas, L. 

(2021). Climate change impact on EU rivers’ dilution capacity and ecological status. 

Water Research, 199, 117166. https://doi.org/10.1016/j.watres.2021.117166 

Abubakar, A. M., Elrehail, H., Alatailat, M. A., & Elçi, A. (2019). Knowledge 

management, decision-making style and organizational performance. Journal of 

Innovation & Knowledge, 4(2), 104–114. https://doi.org/10.1016/j.jik.2017.07.003 

Aguado, D., Blumensaat, F., Antonio Baeza, J., Villez, K., Ruano Victoria, M., 

Samuelsson, O., & Plana, Q. (2021). The value of meta-data for water resource 

recovery facilities. IWA Digital Water White Paper Series, 1, 15. https://iwa-

network.org/publications/digital-water-the-value-of-meta-data-for-water-resource-

recovery-facilities/ 

Ahnert, M., & Krebs, P. (2021). Growth of science in activated sludge modelling – a 

critical bibliometric review. Water Science and Technology, 83(12), 2841–2862. 

https://doi.org/10.2166/wst.2021.191 

Alda-Vidal, C., Smith, R., Lawson, R., & Browne, A. . (2020). Understanding changes in 

domestic water consumption associated with COVID-19 in England and Wales. 

https://www.research.manchester.ac.uk/portal/files/185015131/Understanding_change

s_in_domestic_water_consumption_associated_with_COVID_19_in_England_and_

Wales.pdf 

Alex, J., Benedetti, L., Copp, J., Gernaey, K. V, Jeppsson, U., Nopens, I., Pons, M. N., 

Rieger, L., Rosen, C., Steyer, J. P., Vanrolleghem, P. A., & Winkler, S. (2008). 

Benchmark Simulation Model no. 1 (BSM1). 

https://www.iea.lth.se/publications/Reports/LTH-IEA-7229.pdf 



301 

 

Alex, J., Benedetti, L., Copp, J., Gernaey, K. V, Jeppsson, U., Nopens, I., Pons, M. N., 

Rosen, C., Steyer, J. P., & Vanrolleghem, P. A. (2018). Benchmark Simulation Model 

no. 2 (BSM2). http://iwa-mia.org/wp-

content/uploads/2019/04/BSM_TG_Tech_Report_no_3_BSM2_General_Description.

pdf 

Ali, O. M., Mohammad, K., & Raziyeh, F. (2018). Framework for Assessing Flood 

Reliability and Resilience of Wastewater Treatment Plants. Journal of Environmental 

Engineering, 144(9), 4018081. https://doi.org/10.1061/(ASCE)EE.1943-

7870.0001422 

Alvarez-Pereira, C., Bardi, U., Bateson, N., Bologna, G., Cheng, Y.-H., Dieren,  van W., 

Dixson-Declève, S., Heinonen, S., Herrington, G., Kim, J., Künkel, P., Lovins, H., 

Meadows, D., Nair, C., Nnoli-Edozien, N., Pezheski, C., Ramphele, M., Randers, J., 

Sayamov, Y., … Zabelin, S. (2022). Limits and beyond: 50 years on from the limits to 

growth, what did we learn and what is next? (Club of Rome (ed.); 1st ed.). Exapt 

Press. https://www.clubofrome.org/publication/limits-and-beyond/ 

Alygizakis, N., Galani, A., Rousis, N. I., Aalizadeh, R., Dimopoulos, M.-A., & Thomaidis, 

N. S. (2021). Change in the chemical content of untreated wastewater of Athens, 

Greece under COVID-19 pandemic. Science of The Total Environment, 799, 149230. 

https://doi.org/10.1016/j.scitotenv.2021.149230 

AminShokravi, A., & Heravi, G. (2020). Developing the framework for evaluation of the 

inherent static resilience of the access to care network. Journal of Cleaner 

Production, 267, 122123. https://doi.org/10.1016/j.jclepro.2020.122123 

Andreoli, C. V., von Sperling, M., & Fernandes, F. (2007). Sludge Treatment and Disposal 

(IWA (ed.)). IWA Publishing. https://doi.org/10.2166/9781780402130 

Aqua-tools. (2008). Use of Total Control Biological (TCB) kits for operating the biological 



302 

 

activity in Waste Water Treatment Plants. http://www.aqua-

tools.com/uk/textes/AN3_Eaux_Usees_UK.pdf 

Ardern, E., & Lockett, W. . (1914). Experiments on the Oxidation of Sewage without the 

Aid of Filters: Part 1. Journal of the Society of Chemical Industry, 33(523). 

https://doi.org/10.1002/jctb.5000331005 

Armitage, S. (2012). Demand for dividends: the case of the UK water companies. Journal 

of Business Finance & Accounting, 39(3), 464–499. https://doi.org/10.1111/j.1468-

5957.2011.02277.x 

Atinkpahoun, C. N. H., Le, N. D., Pontvianne, S., Poirot, H., Leclerc, J. P., Pons, M. N., & 

Soclo, H. H. (2018). Population mobility and urban wastewater dynamics. Science of 

The Total Environment, 622, 1431–1437. 

https://doi.org/10.1016/j.scitotenv.2017.12.087 

Ba-Alawi, A. H., Ifaei, P., Li, Q., Nam, K., Djeddou, M., & Yoo, C. (2020). Process 

assessment of a full-scale wastewater treatment plant using reliability, resilience, and 

Econo-Socio-Environmental analyses (R2ESE). Process Safety and Environmental 

Protection, 133, 259–274. https://doi.org/https://doi.org/10.1016/j.psep.2019.11.018 

Bachis, G., Maruéjouls, T., Tik, S., Amerlinck, Y., Melcer, H., Nopens, I., Lessard, P., & 

Vanrolleghem, P. (2015). Modelling and characterization of primary settlers in view 

of whole plant and resource recovery modelling. Water Science and Technology, 

72(12), 2251–2261. https://doi.org/10.2166/wst.2015.455 

Bagheri, M., Mirbagheri, S. A., Bagheri, Z., & Kamarkhani, A. M. (2015). Modeling and 

optimization of activated sludge bulking for a real wastewater treatment plant using 

hybrid artificial neural networks-genetic algorithm approach. Process Safety and 

Environmental Protection, 95, 12–25. https://doi.org/10.1016/j.psep.2015.02.008 

Bai, Y., Wu, J., Yuan, S., Reniers, G., Yang, M., & Cai, J. (2022). Dynamic resilience 



303 

 

assessment and emergency strategy optimization of natural gas compartments in 

utility tunnels. Process Safety and Environmental Protection, 165, 114–125. 

https://doi.org/10.1016/j.psep.2022.07.008 

Bazely, P. (2018). Integrating analyses in mixed methods research (Sage Publications inc 

(ed.); 1st ed.). Sage Publications inc. https://doi.org/10.4135/9781526417190 

BBC News. (2008, October 13). Raw sewage threat to booming Dubai. News Article, 2. 

http://news.bbc.co.uk/1/hi/world/middle_east/7663883.stm 

BBC News. (2017). “Monster” fatberg found blocking east London sewer. Web Article, 3. 

https://www.bbc.co.uk/news/uk-england-london-41238272 

Beisner, B. E., Haydon, D. T., & Cuddington, K. (2003). Alternative Stable States in 

Ecology. Frontiers in Ecology and the Environment, 1(7), 376–382. 

https://doi.org/10.2307/3868190 

Belia, E., & Johnson, B. (2013). Uncertainty evaluations in model-based WRRF design for 

high level nutrient removal (p. 54). WERF. 

https://modeleau.fsg.ulaval.ca/fileadmin/modeleau/documents/Publications/pvr1116.p

df 

Bellwood, D. R., Hughes, T. P., Folke, C., & Nyström, M. (2004). Confronting the coral 

reef crisis. Nature, 429(6994), 827–833. https://doi.org/10.1038/nature02691 

Benedetti, L., Claeys, F., Nopens, I., & Vanrolleghem, P. A. (2011). Assessing the 

convergence of LHS Monte-Carlo simulations of wastewater treatment models. Water 

Science and Technology, 63(10), 2219–2224. https://doi.org/10.2166/wst.2011.453 

Bentancur, S., López-Vázquez, C. M., García, H. A., Duarte, M., Travers, D., & 

Brdjanovic, D. (2021). Modelling of a pulp mill wastewater treatment plant for 

improving its performance on phosphorus removal. Process Safety and Environmental 

Protection, 146, 208–219. https://doi.org/10.1016/j.psep.2020.08.029 



304 

 

Biddle, C., & Schafft, K. A. (2015). Axiology and Anomaly in the Practice of Mixed 

Methods Work: Pragmatism, Valuation, and the Transformative Paradigm. Journal of 

Mixed Methods Research, 9(4), 320–334. https://doi.org/10.1177/1558689814533157 

Bolin, B., Houghton, J. T., Filho, G. M., Watson, R. T., Zinyowera, C., Bruce, J., Lee, H., 

Callander, B., Moss, R., Haites, E., Moreno, R. A., Banuri, T., Dadi, Z., Gardner, B., 

Goldemburg, J., Hourcade, J. C., Jefferson, M., Melillo, J., Mintzer, I., … 

Sundararaman, N. (1995). IPCC second assessment: climate change 1995. 

https://www.ipcc.ch/site/assets/uploads/2018/05/2nd-assessment-en-1.pdf 

Bonastre, A., Ors, R., Capella, J. V, Fabra, M. J., & Peris, M. (2005). In-line chemical 

analysis of wastewater: present and future trends. TrAC Trends in Analytical 

Chemistry, 24(2), 128–137. https://doi.org/10.1016/j.trac.2004.09.008 

Boretti, A., & Rosa, L. (2019). Reassessing the projections of the World Water 

Development Report. Npj Clean Water, 2(1), 15. https://doi.org/10.1038/s41545-019-

0039-9 

Borzooei, S., Amerlinck, Y., Abolfathi, S., Panepinto, D., Nopens, I., Lorenzi, E., Meucci, 

L., & Zanetti, M. C. (2019). Data scarcity in modelling and simulation of a large-scale 

WWTP: Stop sign or a challenge. Journal of Water Process Engineering, 28, 10–20. 

https://doi.org/10.1016/j.jwpe.2018.12.010 

Borzooei, S., Miranda, G. H. B., Abolfathi, S., Scibilia, G., Meucci, L., & Zanetti, M. C. 

(2020). Application of unsupervised learning and process simulation for energy 

optimization of a WWTP under various weather conditions. Water Science and 

Technology, 81(8), 1541–1551. https://doi.org/10.2166/wst.2020.220 

Bréthaut, C., Ezbakhe, F., McCracken, M., Wolf, A., & Dalton, J. (2022). Exploring 

discursive hydropolitics: a conceptual framework and research agenda. International 

Journal of Water Resources Development, 38(3), 464–479. 



305 

 

https://doi.org/10.1080/07900627.2021.1944845 

British Water. (2013). Flows and loads 4 - sizing criteria, treatment capacity for sewage 

treatment systems. British Water. 

https://www.britishwater.co.uk/page/Publications#wastewater treatment plant 

publications 

Bruce, A., Brown, C., Avello, P., Beane, G., Bristow, J., Ellis, L., Fisher, S., St. George 

Freeman, S., Jiménez, A., Leten, J., Matthews, N., Romano, O., Ruiz-Apilanez, I., 

Saikia, P., Shouler, M., & Simkins, P. (2020). Human dimensions of urban water 

resilience: Perspectives from Cape Town, Kingston upon Hull, Mexico City and 

Miami. Water Security, 9, 100060. https://doi.org/10.1016/j.wasec.2020.100060 

Butler, D., Farmani, R., Fu, G., Ward, S., Diao, K., & Astaraie-Imani, M. (2014). A new 

approach to urban water management: safe and sure. Procedia Engineering, 89, 347–

354. https://doi.org/10.1016/j.proeng.2014.11.198 

Butler, D., Friedler, E., & Gatt, K. (1995). Characterising the quantity and quality of 

domestic wastewater inflows. Water Science and Technology, 31(7), 13–24. 

https://doi.org/10.1016/0273-1223(95)00318-H 

Butler, D., Ward, S., Sweetapple, C., Astaraie-Imani, M., Diao, K., Farmani, R., & Fu, G. 

(2016). Reliable, resilient and sustainable water management: the safe & sure 

approach. Global Challenges, 1(1), 63–77. https://doi.org/10.1002/gch2.1010 

Campisano, A., Ple, J. C., Muschalla, D., Pleau, M., & Vanrolleghem, P. A. (2013). 

Potential and limitations of modern equipment for real time control of urban 

wastewater systems. Urban Water Journal, 10(5), 300–311. 

https://doi.org/10.1080/1573062X.2013.763996 

Campos, L. C., & Darch, G. (2015). Adaptation of UK wastewater infrastructure to climate 

change. Infrastructure Asset Management, 2(3), 97–106. 



306 

 

https://doi.org/10.1680/jinam.14.00037 

Capizzi, G., & Masarotto, G. (2017). Phase I Distribution-Free Analysis of Multivariate 

Data. Technometrics, 59(4), 484–495. 

https://doi.org/10.1080/00401706.2016.1272494 

Casal-Campos, A., Sadr, S. M. K., Fu, G., & Butler, D. (2018). Reliable, Resilient and 

Sustainable Urban Drainage Systems: An Analysis of Robustness under Deep 

Uncertainty. Environmental Science & Technology, 52(16), 9008–9021. 

https://doi.org/10.1021/acs.est.8b01193 

Castillo, A., Porro, J., Garrido-Baserba, M., Rosso, D., Renzi, D., Fatone, F., Gómez, V., 

Comas, J., & Poch, M. (2016). Validation of a decision support tool for wastewater 

treatment selection. Journal of Environmental Management, 184, 409–418. 

https://doi.org/10.1016/j.jenvman.2016.09.087 

Challis, B. (2021). Organised pollution’: Sewage dumped into England’s waters 400,000 

times in 2020. Web Article. https://www.endsreport.com/article/1711657/organised-

pollution-sewage-dumped-englands-waters-400000-times-2020 

Chapman, M. G., Underwood, A. J., & Browne, M. A. (2018). An assessment of the 

current usage of ecological engineering and reconciliation ecology in managing 

alterations to habitats in urban estuaries. Ecological Engineering, 120, 560–573. 

https://doi.org/10.1016/j.ecoleng.2017.06.050 

Chen, H., Zhou, R., Chen, H., & Lau, A. (2022). Static and dynamic resilience assessment 

for sustainable urban transportation systems: A case study of Xi ’an, China. Journal 

of Cleaner Production, 368, 133237. https://doi.org/10.1016/j.jclepro.2022.133237 

Chowdhury, D., Melin, A., & Villez, K. (2021). Automatic Drift Correction through 

Nonlinear Sensing. 2021 Resilience Week (RWS), 1–6. 

https://doi.org/10.1109/RWS52686.2021.9611798 



307 

 

Clédel, T., Cuppens, N., Cuppens, F., & Dagnas, R. (2020). Resilience properties and 

metrics: how far have we gone? Journal of Surveillance, Security and Safety, 1(2), 

119–139. https://doi.org/10.20517/jsss.2020.08 

Climate Change Committee. (2022). Progress in reducing emissions: 2022 report to 

parliament. https://www.theccc.org.uk/publication/2022-progress-report-to-

parliament/ 

Comas, J., Rodríguez-Roda, I., Dzeroski, S., Gilbert, K., & Sanchez-Marre, M. (2001). 

Knowledge discovery by means of inductive methods in wastewater treatment plant 

data. AI Communications, 14, 45–62. 

https://www.researchgate.net/publication/220309004_Knowledge_discovery_by_mea

ns_of_inductive_methods_in_wastewater_treatment_plant_data 

Comas, J., Rodriguez-Roda, I., Poch, M., Gernaey, K. V, & Jeppsson, U. (2006). 

Demonstration of a tool for automatic learning and re-use of knowledge in the 

activated sludge process. Water Science and Technology, 53(4–5), 303–311. 

https://doi.org/10.2166/wst.2006.135 

Copp, J. (2000). The COST Simulation Benchmark: Description and simulator manual (a 

product of COST Action 624 & COST Action 682). 

https://www.cs.mcgill.ca/~hv/articles/WWTP/sim_manual.pdf 

Cornelissen, R., Van Dyck, T., Dries, J., Ockier, P., Smets, I., Van den Broeck, R., Van 

Hulle, S., & Feyaerts, M. (2018). Application of online instrumentation in industrial 

wastewater treatment plants – a survey in Flanders, Belgium. Water Science and 

Technology, 78(4), 957–967. https://doi.org/10.2166/wst.2018.375 

Corominas, L., Garrido-Baserba, M., Villez, K., Olsson, G., Cortés, U., & Poch, M. 

(2018). Transforming data into knowledge for improved wastewater treatment 

operation: a critical review of techniques. Environmental Modelling & Software, 106, 



308 

 

89–103. https://doi.org/10.1016/j.envsoft.2017.11.023 

Cosenza, A., Mannina, G., Vanrolleghem, P. A., & Neumann, M. B. (2013). Global 

sensitivity analysis in wastewater applications: A comprehensive comparison of 

different methods. Environmental Modelling & Software, 49, 40–52. 

https://doi.org/10.1016/j.envsoft.2013.07.009 

Cotta, J. (2021). Industry 5.0: towards a sustainable, human centric and resilient 

European industry. https://doi.org/10.2777/308407 

Coulson, J. M., & Richardson, J. F. (1994). Chemical Engineering: Chemical & 

Biochemical Reactors & Process Control (J. F. Richardson & D. G. Peacock (eds.); 

3rd ed.). Butterworth Heinemann. https://doi.org/10.1016/C2009-0-22925-4 

Coulson, J. M., & Richardson, J. F. (2011). Chemical Engineering (6th ed., pp. 198–212). 

Butterworth Heinemann. 

Creswell, J., & Clarke, V. (2011). Designing and conducting mixed methods research 

(Sage (ed.); 2nd ed.). Sage. https://us.sagepub.com/en-us/nam/designing-and-

conducting-mixed-methods-research/book241842 

Crites, R., & Tchobanoglous, G. (1998). Small and decentralized wastewater management 

systems (1st ed.). McGraw-Hill. 

https://books.google.co.uk/books/about/Small_Decentralized_Wastewater_Manageme

n.html?id=yx9SAAAAMAAJ&redir_esc=y 

Cugueró-Escofet, M. À., García, D., Quevedo, J., Puig, V., Espin, S., & Roquet, J. (2016). 

A methodology and a software tool for sensor data validation/reconstruction: 

Application to the Catalonia regional water network. Control Engineering Practice, 

49, 159–172. https://doi.org/10.1016/j.conengprac.2015.11.005 

Cuppens, A., Smets, I., & Wyseure, G. (2012). Definition of realistic disturbances as a 

crucial step during the assessment of resilience in natural wastewater treatment 



309 

 

systems. Water Science & Technology, 65.8, 1506–1513. 

https://www.researchgate.net/publication/223994818_Definition_of_realistic_disturba

nces_as_a_crucial_step_during_the_assessment_of_resilience_of_natural_wastewater

_treatment_systems 

Dalmau, J., Rodriguez-Roda, I., Steyer, J., & Comas, J. (2006). Risk assessment module of 

the IWA/COST simulation benchmark: validation and extension proposal. In IEMSs 

(Ed.), 3rd International congress on environmental modelling and software (pp. 1–5). 

https://scholarsarchive.byu.edu/cgi/viewcontent.cgi?article=3350&context=iemssconf

erence 

Darling, K. A., Kale, C., Turnage, S., Hornbuckle, B. C., Luckenbaugh, T. L., Grendahl, 

S., & Solanki, K. N. (2017). Nanocrystalline material with anomalous modulus of 

resilience and springback effect. Scripta Materialia, 141, 36–40. 

https://doi.org/10.1016/j.scriptamat.2017.07.012 

Dasgupta, S., Laplante, B., Wang, H., & Wheeler, D. (2002). Confronting the 

environmental Kuznets curve. Journal of Economic Perspectives, 1(16), 147–168. 

https://doi.org/10.1257/0895330027157 

Davies, J. P., Clarke, B. A., Whiter, J. T., & Cunningham, R. J. (2001). Factors influencing 

the structural deterioration and collapse of rigid sewer pipes. Urban Water, 3(1), 73–

89. https://doi.org/https://doi.org/10.1016/S1462-0758(01)00017-6 

De Stefano, L., Petersen-Perlman, J. D., Sproles, E. A., Eynard, J., & Wolf, A. T. (2017). 

Assessment of transboundary river basins for potential hydro-political tensions. 

Global Environmental Change, 45, 35–46. 

https://doi.org/10.1016/j.gloenvcha.2017.04.008 

DEFRA. (2021). Event Duration Monitoring - Storm Overflows - Annual Returns. Web 

Resources Page. https://environment.data.gov.uk/dataset/21e15f12-0df8-4bfc-b763-



310 

 

45226c16a8ac 

Deloukas, A., & Apostolopoulou, E. (2017). Static and dynamic resilience of transport 

infrastructure and demand: the case of the Athens metro. Transportation Research 

Procedia, 24, 459–466. https://doi.org/10.1016/j.trpro.2017.05.082 

Demi̇r, S., & Atçi, E. B. (2021). Sensitivity analysis and principal component analysis for 

the determination of the most influential kinetic parameters in activated sludge 

modeling. Journal of Environmental Chemical Engineering, 9(5), 105872. 

https://doi.org/10.1016/j.jece.2021.105872 

Diao, K., Sweetapple, C., Farmani, R., Fu, G., Ward, S., & Butler, D. (2016). Global 

resilience analysis of water distribution systems. Water Research, 106, 383–393. 

https://doi.org/10.1016/j.watres.2016.10.011 

Doran, P. M. (2013). Bioprocess engineering principles (2nd ed., Vol. 1). Elsevier. 

https://www.sciencedirect.com/book/9780122208515/bioprocess-engineering-

principles 

Driscoll, D., Appiah-Yeboah, A., Salib, P., & Rupert, D. (2007). Merging Qualitative and 

Quantitative Data in Mixed Methods Research: How To and Why Not. Ecological 

and Environmental Anthropology, 3(1), 19–28. 

https://digitalcommons.unl.edu/icwdmeea/18?utm_source=digitalcommons.unl.edu%

2Ficwdmeea%2F18&utm_medium=PDF&utm_campaign=PDFCoverPages 

Dudley, J., Buck, G., Ashley, R., & Jack, A. (2002). Experience and extensions to the 

ASM2 family of models. Water Science and Technology, 45(6), 177–186. 

https://www.researchgate.net/publication/236222394_Experience_and_extensions_to

_the_ASM2_family_of_models 

Dürrenmatt, D. J., & Gujer, W. (2012). Data-driven modeling approaches to support 

wastewater treatment plant operation. Environmental Modelling & Software, 30, 47–



311 

 

56. https://doi.org/10.1016/j.envsoft.2011.11.007 

Ebrahimi, M., Gerber, E. L., & Rockaway, T. D. (2017). Temporal performance 

assessment of wastewater treatment plants by using multivariate statistical analysis. 

Journal of Environmental Management, 193, 234–246. 

https://doi.org/10.1016/j.jenvman.2017.02.027 

Eckhardt, R. (1987). Stan Ulam, John von Neumann, and the Monte Carlo Method. Los 

Alamos Science, 1(1), 131–143. http://www-star.st-

and.ac.uk/~kw25/teaching/mcrt/MC_history_3.pdf 

Edmondson, V., Cerny, M., Lim, M., Gledson, B., Lockley, S., & Woodward, J. (2018). A 

smart sewer asset information model to enable an ‘Internet of Things’ for operational 

wastewater management. Automation in Construction, 91, 193–205. 

https://doi.org/10.1016/j.autcon.2018.03.003 

Endress+Hauser. (2022). Suspended solids sensor: Turbimax CUS51D. Specification. 

https://www.uk.endress.com/en/field-instruments-overview/liquid-analysis-product-

overview/suspended-solids-turbidity-digital-sensor-cus51d?t.tabId=product-

downloads 

Environment Agency. (2019). Water and sewerage companies’ performance. 

https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachme

nt_data/file/815129/Water_company_performance_report_2018.pdf 

Environment Agency. (2020). Water and sewerage companies in England: environmental 

performance report for 2019. https://www.gov.uk/government/publications/water-

and-sewerage-companies-in-england-environmental-performance-report-2019/water-

and-sewerage-companies-in-england-environmental-performance-report-for-2019 

Environment Agency. (2021). Event duration monitoring – lifting the lid on storm 

overflows. Web Article. https://environmentagency.blog.gov.uk/2021/03/31/event-



312 

 

duration-monitoring-lifting-the-lid-on-storm-overflows/ 

EnviroSIM. (2018a). BIOWIN > EnviroSIM. Web Page. 

https://envirosim.com/products/biowin 

EnviroSIM. (2018b). Introduction to BioWin. BioWin. 

https://www.youtube.com/watch?v=cJ0dGY9w2Gg 

Europa. (1991). Council directive. concerning urban wastewater treatment. In Official 

Journal of the European Communities. Europa. https://eur-lex.europa.eu/legal-

content/EN/TXT/PDF/?uri=CELEX:31991L0271&from=EN 

Europa. (2000). Establishing a framework for Community action in the field of water 

policy (2000/60/EC). https://eur-lex.europa.eu/resource.html?uri=cellar:5c835afb-

2ec6-4577-bdf8-756d3d694eeb.0004.02/DOC_1&format=PDF. 

https://doi.org/32000L0060 

Council Directive: on industrial emissions (integrated pollution prevention and control), 

(2010). https://eur-lex.europa.eu/legal-

content/EN/TXT/PDF/?uri=CELEX:32010L0075&from=EN 

European Commission. (2003). Common implementation strategy for the water framework 

directive (2000/60/EC). European Commission. 

https://circabc.europa.eu/sd/a/7e01a7e0-9ccb-4f3d-8cec-aeef1335c2f7/Guidance No 3 

- pressures and impacts - IMPRESS (WG 2.1).pdf 

Ewing, B., Goldfinger, S., Wackernagel, M., Stechbart, M., Rizk, S., Reed, A., & Kitzes, J. 

(2008). The ecological footprint atlas 2008. 

https://www.footprintnetwork.org/content/images/uploads/Ecological_Footprint_Atla

s_2008.pdf 

Field, C. B., Barros, V. R., Dokken, D. J., Mach, K. J., Mastrandrea, M. D., Bilir, T. E., 

Chatterjee, M., Ebi, K. L., Estrada, Y. O., Genova, R. C., Girma, B., Kissel, E. S., 



313 

 

Levy, A. N., MacCracken, S., Mastrandrea, P. R., & L.L.White. (2014). Climate-

resilient pathways: adaptation, mitigation, and sustainable development. In: Climate 

Change 2014: Impacts, Adaptation, and Vulnerability. Part A: Global and Sectoral 

Aspects. Contribution of Working Group II to the Fifth Assessment Report of the I. 

1101–1131. https://www.ipcc.ch/site/assets/uploads/2018/02/WGIIAR5-

Chap20_FINAL.pdf 

Fiering, M. B. (1982). Alternative Indices of Resilience. Water Resources Research, 18(1), 

33–39. https://doi.org/10.1029/WR018i001p00033 

Fischer, E. M., Sedláček, J., Hawkins, E., & Knutti, R. (2014). Models agree on forced 

response pattern of precipitation and temperature extremes. Geophysical Research 

Letters, 41(23), 8554–8562. https://doi.org/10.1002/2014GL062018 

Flores-Alsina, X., Comas, J., Rodriguez-Roda, I., Gernaey, K. V, & Rosen, C. (2009). 

Including the effects of filamentous bulking sludge during the simulation of 

wastewater treatment plants using a risk assessment model. Water Research, 43(18), 

4527–4538. https://doi.org/10.1016/j.watres.2009.07.033 

Folke, C., Carpenter, S. R., Walker, B., Scheffer, M., Chapin, T., & Rockström, J. (2010). 

Resilience thinking: integrating resilience, adaptability and transformability. Ecology 

and Society, 15(4), 20. http://www.ecologyandsociety.org/vol15/iss4/art20/ 

Francis, R., & Bekera, B. (2014). A metric and frameworks for resilience analysis of 

engineered and infrastructure systems. Reliability Engineering & System Safety, 121, 

90–103. https://doi.org/10.1016/j.ress.2013.07.004 

Freidrich, J., Ge, M., & Pickens, A. (2020). This Interactive Chart Shows Changes in the 

World’s Top 10 Emitters. Interactive Map. https://www.wri.org/insights/interactive-

chart-shows-changes-worlds-top-10-emitters 

Fu, G., Jin, Y., Sun, S., Yuan, Z., & Butler, D. (2022). The role of deep learning in urban 



314 

 

water management: A critical review. Water Research, 223, 118973. 

https://doi.org/10.1016/j.watres.2022.118973 

Fukami, T., & Nakajima, M. (2011). Community assembly: alternative stable states or 

alternative transient states? Ecology Letters, 14(10), 973–984. 

https://doi.org/10.1111/j.1461-0248.2011.01663.x 

Gallego-Schmid, A., & Tarpani, R. R. Z. (2019). Life cycle assessment of wastewater 

treatment in developing countries: A review. Water Research, 153, 63–79. 

https://doi.org/10.1016/j.watres.2019.01.010 

Gerardi, M. H. (2006). Wastewater Bacteria. In J Wiley (1st ed.). Wiley Interscience. 

https://doi.org/10.1002/0471979910 

Gernaey, K. V, Jeppsson, U., Vanrolleghem, P. A., & Copp, J. B. (2014). Benchmarking of 

Control Strategies for Wastewater Treatment Plants (IWA (ed.); 1st ed.). IWA 

publishing. https://www.iwapublishing.com/books/9781843391463/benchmarking-

control-strategies-wastewater-treatment-plants 

Gernaey, Krist V, Flores-Alsina, X., Rosen, C., Benedetti, L., & Jeppsson, U. (2011). 

Dynamic influent pollutant disturbance scenario generation using a phenomenological 

modelling approach. Environmental Modelling & Software, 26(11), 1255–1267. 

https://doi.org/10.1016/j.envsoft.2011.06.001 

GHK Consulting, & DEFRA. (2009). Opportunities for UK Business from Climate Change 

Adaption - GA0403. 

http://randd.defra.gov.uk/Default.aspx?Menu=Menu&Module=More&Location=Non

e&ProjectID=17072&FromSearch=Y&Publisher=1&SearchText=GA0403&SortStrin

g=ProjectCode&SortOrder=Asc&Paging=10 

Gosselin, F., Cordonnier, T., Bilger, I., Jappiot, M., Chauvin, C., & Gosselin, M. (2018). 

Ecological research and environmental management: We need different interfaces 



315 

 

based on different knowledge types. Journal of Environmental Management, 218, 

388–401. https://doi.org/10.1016/j.jenvman.2018.04.025 

Environment act 1995, 510 (1995). https://www.legislation.gov.uk/ukpga/1995/25/data.pdf 

Gov.UK. (2020). Average monthly rainfall and deviations from the long term mean. 

https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachme

nt_data/file/919670/ET_7.4_SEP_20.xls 

Gov.UK. (2022). Companies hit with fines after sewage kills thousands of fish. Web 

Article. https://www.gov.uk/government/news/companies-hit-with-fines-after-

sewage-kills-thousands-of-fish#:~:text=In 2021%2C the courts fined,pollution 

incidents following our prosecutions. 

Water Act 2014, 260 (2014). 

https://www.legislation.gov.uk/ukpga/2014/21/pdfs/ukpga_20140021_en.pdf 

Grievson, O. (2020). Digital water: the role of instrumentation in digital transformation. 

IWA Digital Water White Paper Series, 1, 19. https://iwa-network.org/wp-

content/uploads/2020/12/IWA_2020_Instrumentation_WEB.pdf 

Guanghao, C., van Loosdrecht, M. C. M., Ekama, G., & Brdjanovic, D. (2020). Biological 

wastewater treatment: principles, modelling and design (IWA (ed.); 2nd ed.). IWA 

publishing. https://www.iwapublishing.com/books/9781789060355/biological-

wastewater-treatment-2nd-edition 

Gude, V. G., & Muire, P. J. (2020). Preparing for Outbreaks – Implications for Resilient 

Water Utility Operations and Services. Sustainable Cities and Society, 102558. 

https://doi.org/10.1016/j.scs.2020.102558 

Guéguen, P., & Tiganescu, A. (2017). Condition-based decision using traffic-light concept 

applied to civil engineering buildings. Procedia Engineering, 199, 2096–2101. 

https://doi.org/10.1016/j.proeng.2017.09.481 



316 

 

Gunderson, L. H. (2000). Ecological resilience - in theory and application. Annual Review 

of Ecology and Systematics, 31(1), 425–439. https://www.jstor.org/stable/221739 

Gunderson, L. H., & Holling, C. S. (2002). Panarchy: understanding transformations in 

human and natural systems (1st ed.). Island Press. 

https://islandpress.org/books/panarchy 

Hach Lange. (2022a). EZ series ATP analysers. Specification. https://uk.hach.com/ez-

series-analysers/ez-series-atp-analysers/family?productCategoryId=55072040351 

Hach Lange. (2022b). EZ series phosphate analysers. Specification. 

https://uk.hach.com/ez-series-analysers/ez-series-phosphate-

analysers/family?productCategoryId=55071881625 

Hach Lange. (2022c). Solitax sc Sensors. Specification. https://uk.hach.com/suspended-

solids/solitax-sc-sensors/family?productCategoryId=25034695782 

Hall, D. (2022). Water and sewerage company finances 2021: dividends and investment - 

and company attempts to hide dividends (No. 1; 1). 

https://gala.gre.ac.uk/id/eprint/34274/14/34274 

HALL_Water_and_Sewerage_Company_Finances_%28Rev.2%29_2021.pdf 

Hansen, J., Ruedy, R., Sato, M., & Lo, K. (2010). Global surface temperature change. 

Reviews of Geophysics, 48(4). https://doi.org/10.1029/2010RG000345 

Harper, D. (2019). Online Etymology Dictionary: Resilience. Web Page. 

https://www.etymonline.com/word/resilience 

Harrison, G. W. (1979). Stability under Environmental Stress: Resistance, Resilience, 

Persistence, and Variability. The American Naturalist, 113(5), 659–669. 

https://doi.org/10.1086/283424 

Harrou, F., Dairi, A., Sun, Y., & Senouci, M. (2018). Statistical monitoring of a 

wastewater treatment plant: A case study. Journal of Environmental Management, 



317 

 

223, 807–814. https://doi.org/10.1016/j.jenvman.2018.06.087 

Hashimoto, T., Stedinger, J. R., & Loucks, D. P. (1982). Reliability, resiliency and 

vulnerability criteria for water resource system performance evaluation. Water 

Resources Research Journal, 18(1), 14–20. 

http://pure.iiasa.ac.at/id/eprint/1870/1/RR-82-40.pdf 

Hauduc, H., Gillot, S., Rieger, L., Ohtsuki, T., Shaw, A., Takács, I., & Winkler, S. (2009). 

Activated sludge modelling in practice: an international survey. Water Science and 

Technology, 60(8), 1943–1951. https://doi.org/10.2166/wst.2009.223 

Henze, M, van Loosdrecht, M. C. M., Ekama, G., & Brdjanovic, D. (2008). Biological 

wastewater treatment: principles, modelling and design (IWA (ed.); 1st ed.). IWA 

publishing. https://iwaponline.com/ebooks/book/59/Biological-Wastewater-

Treatment-Principles 

Henze, Morgens, Gujer, W., Mino, T., & Loosdrecht, M. Van. (2002). Activated Sludge 

Models ASM1, ASM2, ASM2d and ASM3. https://doi.org/10.2166/9781780402369 

Hernández-Chover, V., Castellet-Viciano, L., & Hernández-Sancho, F. (2019). Cost 

analysis of the facilities deterioration in Wastewater Treatment Plants: A dynamic 

approach. Sustainable Cities and Society, 101613. 

https://doi.org/10.1016/j.scs.2019.101613 

Holling, C. S. (1973). Resilience and Stability of Ecological Systems. 4, 4050-. 

https://doi.org/10.1146/annurev.es.04.110173.000245 

Holling, C. S. (1996). Engineering resilience versus ecological resilience. In Engineering 

within ecological constraints (1st ed.). National Academies Press. 

https://doi.org/10.17226/4919 

Hollnagel, E. (2022). Systematic Potentials Management (SPM) formerly referred to as the 

Resilience Assessment Grid (RAG). Web Article. https://erikhollnagel.com/ideas/rag-



318 

 

2011 

Hollnagel, E., David, W., & Leveson, N. (2010). Resilience engineering concepts and 

precepts (1st ed.). Ashgate Publishing Limited. 

https://erikhollnagel.com/books/resilience-engineering-concepts-and-precepts.html 

Hollnagel, E., & Slater, D. (2018). Functional Resonance Analysis Method and Manual 

(version 2). https://doi.org/10.13140/RG.2.2.10569.24162 

HSE. (2019). Risk based approach - risk model (initial decision matrix). 

http://www.hse.gov.uk/foi/internalops/og/ogprocedures/complaints/riskmodel.pdf 

Hu, J., Khan, F., & Zhang, L. (2021). Dynamic resilience assessment of the Marine LNG 

offloading system. Reliability Engineering & System Safety, 208, 107368. 

https://doi.org/10.1016/j.ress.2020.107368 

Hughes, G., Chinowsky, P., & Strzepek, K. (2010). The costs of adaptation to climate 

change for water infrastructure in OECD countries. Utilities Policy, 18(3), 142–153. 

https://doi.org/10.1016/j.jup.2010.03.002 

Hulsbeek, J. J. W., Roeleveld, P. J., Kruit, J., & van Loosdrecht, M. C. M. (2002). A 

practical protocol for dynamic modelling of activated sludge systems. Water Science 

and Technology, 45(6), 127–136. https://doi.org/10.2166/wst.2002.0100 

Hvala, N., & Kocijan, J. (2020). Design of a hybrid mechanistic/Gaussian process model to 

predict full-scale wastewater treatment plant effluent. Computers & Chemical 

Engineering, 140, 106934. https://doi.org/10.1016/j.compchemeng.2020.106934 

Hydromantis Environmental. (2018). Hydromantis Environmental Software Solutions Inc. 

Web Page. http://www.hydromantis.com/ 

Iacopozzi, I., Innocenti, V., Marsili-Libelli, S., & Giusti, E. (2007). A modified Activated 

Sludge Model No. 3 (ASM3) with two-step nitrification–denitrification. 

Environmental Modelling & Software, 22(6), 847–861. 



319 

 

https://doi.org/10.1016/j.envsoft.2006.05.009 

ICE. (2018). Sir Joseph Bazalgette (1819 - 1891). Web Article. 

https://www.ice.org.uk/what-is-civil-engineering/civil-engineer-profiles/sir-joseph-

bazalgette 

IEC 31010:2019, Pub. L. No. 31010, 264 (2019). https://www.iso.org/standard/72140.html 

IWA. (2018). IWA task group on benchmarking of control strategies for WwTPs. BSM1. 

https://iwa-network.org/groups/benchmarking-of-control-strategies-for-wastewater-

treatment-plants/ 

IWA, M. (2020). Benchmarking. Model Repository. http://iwa-

mia.org/benchmarking/#Risk 

Jeppsson, U., Alex, J., Pons, M. N., Spanjers, H., & Vanrolleghem, P. A. (2002). Status 

and future trends of ICA in wastewater treatment – a European perspective. Water 

Science and Technology, 45(4–5), 485–494. https://doi.org/10.2166/wst.2002.0653 

Jeppsson, U., Pons, M., Nopens, I., Alex, J., Copp, J., Gernaey, K., Rosen, C., Steyer, J., & 

Vanrolleghem, P. (2007). Benchmark simulation model no 2 – general protocol and 

exploratory case studies. Water Science and Technology, 56(8), 67–78. 

https://doi.org/10.2166/wst.2007.604 

Johansson, J., & Hassel, H. (2010). An approach for modelling interdependent 

infrastructures in the context of vulnerability analysis. Reliability Engineering & 

System Safety, 95(12), 1335–1344. https://doi.org/10.1016/j.ress.2010.06.010 

Johnson, R. (2017). Probability and statistics for engineers (Pearson (ed.); 9th ed.). 

Pearson Education Limited. 

Juan-García, P, Butler, D., Comas, J., Darch, G., Sweetapple, C., Thornton, A., & 

Corominas, L. (2017). Resilience theory incorporated into urban wastewater systems 

management. State of the art. Water Research, 115, 149–161. 



320 

 

https://doi.org/10.1016/j.watres.2017.02.047 

Juan-García, Pau, Rieger, L., Darch, G., Schraa, O., & Corominas, L. (2021). A framework 

for model-based assessment of resilience in water resource recovery facilities against 

power outage. Water Research, 202, 117459. 

https://doi.org/10.1016/j.watres.2021.117459 

Kendon, M., McCarthy, M., Jevrejeva, S., Matthews, A., Sparks, T., & Garforth, J. (2021). 

State of the UK Climate 2020. International Journal of Climatology, 41(S2), 1–76. 

https://doi.org/10.1002/joc.7285 

Khan, F. I., Amyotte, P. R., & Amin, M. T. (2020). Chapter One - Advanced methods of 

risk assessment and management: An overview. In F. I. Khan & P. R. B. T.-M. in C. 

P. S. Amyotte (Eds.), Advanced Methods of Risk Assessment and Management (Vol. 

4, pp. 1–34). Elsevier. https://doi.org/10.1016/bs.mcps.2020.03.002 

Kjeldsen, T. R., & Rosbjerg, D. (2004). Choice of reliability, resilience and vulnerability 

estimators for risk assessments of water resources systems. Hydrological Sciences 

Journal, 5(49), 755–767. 

https://www.tandfonline.com/doi/abs/10.1623/hysj.49.5.755.55136 

Kohler, L. E., Silverstein, J., & Rajagopalan, B. (2020). Resilience of On-Site Wastewater 

Treatment Systems after Extreme Storm Event. Journal of Sustainable Water in the 

Built Environment, 6(2), 4020008. https://doi.org/10.1061/JSWBAY.0000909 

Kuznets, S. (1955). Economic Growth and Income Inequality. The American Economic 

Review, 45(1), 1–28. http://www.jstor.org/stable/1811581 

Langergraber, G., Alex, J., Weissenbacher, N., Woerner, D., Ahnert, M., Frehmann, T., 

Halft, N., Hobus, I., Plattes, M., Spering, V., & Winkler, S. (2008). Generation of 

diurnal variation for influent data for dynamic simulation. Water Science & 

Technology, 57(9), 1483–1486. https://doi.org/10.2166/wst.2008.228 



321 

 

Langergraber, G., Pressl, A., Kretschmer, F., & Weissenbacher, N. (2018). Small 

wastewater treatment plants in Austria - technologies, management and training of 

operators. Ecological Engineering, 120, 164–169. 

https://doi.org/10.1016/j.ecoleng.2018.05.030 

Lee, J., Kim, C., & Shin, J. (2017). Technology opportunity discovery to R&D planning: 

Key technological performance analysis. Technological Forecasting and Social 

Change, 119, 53–63. https://doi.org/https://doi.org/10.1016/j.techfore.2017.03.011 

Lema, J., & Suarez, S. (2017). Innovative wastewater treatment & resource recovery 

technologies (IWA (ed.); 1st ed.). IWA publishing. 

https://doi.org/10.2166/9781780407876 

Li, S., Nan, J., & Gao, F. (2016). Hydraulic characteristics and performance modeling of a 

modified anaerobic baffled reactor (MABR). Chemical Engineering Journal, 284, 85–

92. https://doi.org/10.1016/j.cej.2015.08.129 

Li, T., Winnel, M., Lin, H., Panther, J., Liu, C., O’Halloran, R., Wang, K., An, T., Wong, 

P. K., Zhang, S., & Zhao, H. (2017). A reliable sewage quality abnormal event 

monitoring system. Water Research, 121, 248–257. 

https://doi.org/10.1016/j.watres.2017.05.040 

Lindblom, E., Jeppsson, U., & Sin, G. (2019). Identification of behavioural model input 

data sets for WWTP uncertainty analysis. Water Science & Technology, 81(8), 1558–

1568. https://doi.org/10.2166/wst.2019.427 

Liu, F., Heiner, M., & Gilbert, D. (2022). Hybrid modelling of biological systems: current 

progress and future prospects. Briefings in Bioinformatics, 23(3), bbac081. 

https://doi.org/10.1093/bib/bbac081 

Liwarska-Bizukojc, E., & Biernacki, R. (2010). Identification of the most sensitive 

parameters in the activated sludge model implemented in BioWin software. 



322 

 

Bioresource Technology, 101(19), 7278–7285. 

https://doi.org/10.1016/j.biortech.2010.04.065 

Lizarralde, I., Fernández-Arévalo, T., Manas, A., Ayesa, E., & Grau, P. (2019). Model-

based opti mization of phosphorus management strategies in Sur WWTP, Madrid. 

Water Research, 153, 39–52. https://doi.org/10.1016/j.watres.2018.12.056 

Longstaff, P. H., & Yang, S.-U. (2008). Communication management and trust: their role 

in building resilience to “surprises” such as natural disasters, pandemic flu and 

terrorism. Ecology and Society, 13(1), 15. 

https://digitalcommons.usu.edu/cgi/viewcontent.cgi?article=1032&context=unf_resea

rch 

Lorenzo-Toja, Y., Vázquez-Rowe, I., Amores, M. J., Termes-Rifé, M., Marín-Navarro, D., 

Moreira, M. T., & Feijoo, G. (2016). Benchmarking wastewater treatment plants 

under an eco-efficiency perspective. Science of The Total Environment, 566, 468–479. 

https://doi.org/10.1016/j.scitotenv.2016.05.110 

Lorenzo-Toja, Y., Vázquez-Rowe, I., Chenel, S., Marín-Navarro, D., Moreira, M. T., & 

Feijoo, G. (2015). Eco-efficiency analysis of Spanish WWTPs using the LCA + DEA 

method. Water Research, 68, 651–666. https://doi.org/10.1016/j.watres.2014.10.040 

Luh, J., Royster, S., Sebastian, D., Ojomo, E., & Bartram, J. (2017). Expert assessment of 

the resilience of drinking water and sanitation systems to climate-related hazards. 

Science of The Total Environment, 592, 334–344. 

https://doi.org/10.1016/j.scitotenv.2017.03.084 

MacGillivray, B. H., Hamilton, P. D., Strutt, J. E., & Pollard, S. J. T. (2006). Risk Analysis 

Strategies in the Water Utility Sector: An Inventory of Applications for Better and 

More Credible Decision Making. Critical Reviews in Environmental Science and 

Technology, 36(2), 85–139. https://doi.org/10.1080/10643380500531171 



323 

 

Marchese, D., Reynolds, E., Bates, M. E., Morgan, H., Clark, S. S., & Linkov, I. (2018). 

Resilience and sustainability: Similarities and differences in environmental 

management applications. Science of The Total Environment, 613–614, 1275–1283. 

https://doi.org/10.1016/j.scitotenv.2017.09.086 

Martin, C., & Vanrolleghem, P. A. (2014). Analysing, completing, and generating influent 

data for WWTP modelling: A critical review. Environmental Modelling & Software, 

60, 188–201. https://doi.org/10.1016/j.envsoft.2014.05.008 

Maruejouls, T., Vanrolleghem, P. A., Pelletier, G., & Lessard, P. (2012). A 

phenomenological retention tank model using settling velocity distributions. Water 

Research, 46(20), 6857–6867. https://doi.org/10.1016/j.watres.2011.11.067 

MathWorks. (2022). MATLAB - Prominence. Web Resources Page. 

https://uk.mathworks.com/help/signal/ug/prominence.html 

Matthews, A. (2021). Over 5,000 incidents of sewage pollution recorded last year. Web 

Article. https://www.itv.com/news/2021-11-24/sewage-discharged-into-coastal-

waters-thousands-of-times-in-a-year-report 

Mbamba, C. K., Flores-Alsina, X., Batstone, D. J., & Tait, S. (2016). Validation of a plant-

wide phosphorus modelling approach with minerals precipitation in a full-scale 

WWTP. Water Research, 100, 169–183. https://doi.org/10.1016/j.watres.2016.05.003 

McKean, T. (2010). Novel application of a lamella clarifier for improved primary 

treatment of domestic wastewater. 73rd Annual Water Industry Engineers and 

Operators’ Conference, 119–124. 

http://www.wioa.org.au/conference_papers/10_vic/documents/TonyMcKean.pdf 

Meadows, D. H. (2008). Thinking in systems: a Primer (D. Wright (ed.); 1st ed.). Chelsea 

Green. 

Meadows, D. H., Meadows, D. L., Randers, J., & Behrens, W. (1972). The limits to 



324 

 

growth: a report for the club of Rome’s project on the predicament of mankind (1st 

ed.). Universe books. https://www.clubofrome.org/publication/the-limits-to-growth/ 

Met Office Hadley Centre. (2022). UKCP Local projections for UK countries for 1961 - 

2100. UKCP. https://ukclimateprojections-ui.metoffice.gov.uk/products 

Meteorological office. (2018). United Kingdom Climate Projections 2018 (UKCP18). 

https://doi.org/http://catalogue.ceda.ac.uk/uuid/c700e47ca45d4c43b213fe879863d589 

Meteorological office. (2020). Helping to forecast water demand during Covid-19. Web 

Article. https://blog.metoffice.gov.uk/2020/07/14/helping-to-forecast-water-demand-

during-covid-19/ 

Meteorological office. (2022). Global temperature. Global Temperature Data Store. 

https://climate.metoffice.cloud/temperature.html#datasets 

Mihelcic, J. R., Fry, L. M., & Shaw, R. (2011). Global potential of phosphorus recovery 

from human urine and faeces. Chemosphere, 84(6), 832–839. 

https://doi.org/10.1016/j.chemosphere.2011.02.046 

Minitab LLC. (2019). Minitab statistical software. https://www.minitab.com/en-us/ 

Moon, J., Kim, S., & Linninger, A. A. (2011). Integrated design and control under 

uncertainty: Embedded control optimization for plantwide processes. Computers & 

Chemical Engineering, 35(9), 1718–1724. 

https://doi.org/10.1016/j.compchemeng.2011.02.016 

Morgan, R. K. (2012). Environmental impact assessment: the state of the art. Impact 

Assessment and Project Appraisal, 30(1), 5–14. 

https://doi.org/10.1080/14615517.2012.661557 

Mugume, S. N. (2015). Modelling and Resilience-based Evaluation of Urban Drainage 

and Flood Management Systems for Future Cities [University of Exeter]. 

https://ore.exeter.ac.uk/repository/bitstream/handle/10871/18870/MugumeS.pdf?sequ



325 

 

ence=4&isAllowed=y 

Mugume, S. N., Gomez, D. E., Fu, Guangtao, Farmani, R., & Butler, D. (2015). A global 

analysis approach for investigating structural resilience in urban drainage systems. 

Water Research, 81, 15–26. https://doi.org/10.1016/j.watres.2015.05.030 

Newhart, K. B., Holloway, R. W., Hering, A. S., & Cath, T. Y. (2019). Data-driven 

performance analyses of wastewater treatment plants: a review. Water Research, 157, 

498–513. https://doi.org/10.1016/j.watres.2019.03.030 

Nghiem, L. D., Wickham, R., & Ohandja, D.-G. (2017). Enhanced biogas production and 

performance assessment of a full-scale anaerobic digester with acid phase digestion. 

International Biodeterioration & Biodegradation, 124(1), 162–168. 

https://doi.org/10.1016/j.ibiod.2017.04.001 

Nopens, I., Benedetti, L., Jeppsson, U., Pons, M. N., Alex, J., Copp, J. B., Gernaey, K. V, 

Rosen, C., Steyer, J. P., & Vanrolleghem, P. A. (2010). Benchmark Simulation Model 

No 2: finalisation of plant layout and default control strategy. Water Science & 

Technology, 62.9, 1967–1974. 

https://www.researchgate.net/publication/47661244_Benchmark_Simulation_Model_

No_2_Finalisation_of_plant_layout_and_default_control_strategy 

Norman, P., & Edwards, D. (2016). Best Practices for management of wastewater 

treatment operations during extended refinery shutdowns. 

Norman, P., & Walter, W. (2011). The use of bio-augmentation and ATP-based monitoring 

for bioactivity and stress to improve performance at a refinery WwTP. 

Noy-Meir, I. (1975). Stability of Grazing Systems: An Application of Predator-Prey 

Graphs. Journal of Ecology, 63(2), 459–481. http://www.jstor.org/stable/2258730 

Nzabonimpa, J. P. (2018). Quantitizing and qualitizing (im-)possibilities in mixed methods 

research. Methodological Innovations, 11(2), 2059799118789021. 



326 

 

https://doi.org/10.1177/2059799118789021 

Ødegaard, H., & Skrøvseth, A. F. (1997). An evaluation of performance and process 

stability of different processes for small wastewater treatment plants. Water Science 

and Technology, 35(6), 119–127. https://doi.org/10.1016/S0273-1223(97)00102-9 

OECD. (2019). DAC List of ODA Recipients: Effective for reporting on aid in 2018 and 

2019. http://www.oecd.org/dac/financing-sustainable-development/development-

finance-standards/DAC-List-of-ODA-Recipients-for-reporting-2018-and-2019-

flows.pdf 

OECD. (2020). Making the green recovery work for jobs, income and growth. 

https://read.oecd-ilibrary.org/view/?ref=136_136201-ctwt8p7qs5&title=Making-the-

Green-Recovery-Work-for-Jobs-Income-and-Growth_ 

OECD. (2022). DAC List of ODA recipients: Effective for reporting on aid in 2022 and 

2023. https://www.oecd.org/dac/financing-sustainable-development/development-

finance-standards/DAC-List-of-ODA-Recipients-for-reporting-2022-23-flows.pdf 

Office for National Statistics. (2014). Historical Census Population. 

https://data.london.gov.uk/dataset/historic-census-population 

Office for National Statistics. (2016). National Population Projections: 2016-based 

statistical bulletin. file:///C:/Users/HollowaT/Documents/Downloads/Chrome 

Downloads/National Population Projections 2016-based statistical bulletin.pdf 

Office for National Statistics. (2020). Coronavirus and homeworking in the UK: april 

2020. Homeworking Patterns in the UK, Broken down by Sex, Age, Region and 

Ethnicity. 

https://www.ons.gov.uk/employmentandlabourmarket/peopleinwork/employmentande

mployeetypes/bulletins/coronavirusandhomeworkingintheuk/april2020 

Office for National Statistics. (2021). Population estimates for the UK, England and 



327 

 

Wales, Scotland and Northern Ireland: mid-2020. 

https://www.ons.gov.uk/peoplepopulationandcommunity/populationandmigration/pop

ulationestimates/bulletins/annualmidyearpopulationestimates/mid2020 

Office for National Statistics. (2022). CPIH ANNUAL RATE 00: ALL ITEMS 2015=100. 

https://www.ons.gov.uk/economy/inflationandpriceindices/timeseries/l55o/mm23 

Ofwat. (2017a). Resilience in the round. https://www.ofwat.gov.uk/wp-

content/uploads/2017/09/Resilience-in-the-Round-report.pdf 

Ofwat. (2017b). Targeted review of asset health and resilience in the water industry. 76. 

https://www.ofwat.gov.uk/publication/targeted-review-asset-health-resilience-water-

industry-report-ch2m/ 

Ofwat. (2019). Ofwat: PR19 Initial assessment of business plans – key documents. Web 

Resources Page. https://www.ofwat.gov.uk/investor/pr19/ 

Ofwat. (2021). H2Open – Open data in the water industry: a case for change Case study 

appendix. https://www.ofwat.gov.uk/wp-content/uploads/2021/10/Case-study-

appendix_.pdf 

Ofwat. (2022). Legislation, National Legislation, Subsequent Legislation, European 

Legislation. Web Report. https://www.ofwat.gov.uk/regulated-companies/ofwat-

industry-overview/legislation/#:~:text=The Drinking Water Directive sets,bathing 

waters free from pollution. 

Olson, K. (2019). Wastewater and the Tiber. Web Article. 

http://engineeringrome.org/wastewater-and-the-tiber/ 

Otterpohl, R., & Freund, M. (1992). Dynamic models for clarifiers of activated sludge 

plants with dry and wet weather flows. Water Science & Technology, 26(5), 1391–

1400. https://doi.org/10.2166/wst.1992.0582 

Ovando-Shelley, E., Ossa, A., & Romo, M. P. (2007). The sinking of Mexico City: Its 



328 

 

effects on soil properties and seismic response. Soil Dynamics and Earthquake 

Engineering, 27(4), 333–343. https://doi.org/10.1016/j.soildyn.2006.08.005 

Oxford Dictionary. (2020). Definition of “benchmark.” Definition. 

https://www.oxfordlearnersdictionaries.com/definition/american_english/benchmark_

1 

Pant, R., Barker, K., & Zobel, C. W. (2014). Static and dynamic metrics of economic 

resilience for interdependent infrastructure and industry sectors. Reliability 

Engineering & System Safety, 125, 92–102. https://doi.org/10.1016/j.ress.2013.09.007 

Parliamentary office of science & technology. (2010). Resilience of UK infrastructure. 

https://www.parliament.uk/globalassets/documents/post/postpn362-resilience-of-UK-

infrastructure.pdf 

Peace, C. (2017). The risk matrix: uncertain results? Policy and Practice in Health and 

Safety, 15(2), 131–144. https://doi.org/10.1080/14773996.2017.1348571 

Pedersen, J. W., Larsen, L. H., Thirsing, C., & Vezzaro, L. (2020). Reconstruction of 

corrupted datasets from ammonium-ISE sensors at WRRFs through merging with 

daily composite samples. Water Research, 185, 116227. 

https://doi.org/10.1016/j.watres.2020.116227 

Pereira, P., Bašić, F., Bogunovic, I., & Barcelo, D. (2022). Russian-Ukrainian war impacts 

the total environment. Science of the Total Environment, 837, 155865. 

https://doi.org/10.1016/j.scitotenv.2022.155865 

Pereira, P., Zhao, W., Symochko, L., Inacio, M., Bogunovic, I., & Barcelo, D. (2022). The 

Russian‐Ukrainian armed conflict will push back the sustainable development goals. 

Geography and Sustainability, 3(3), 277–287. 

https://doi.org/10.1016/j.geosus.2022.09.003 

Pimm, S. L. (1991). The balance of nature? Ecological issues with the conservation of 



329 

 

species and communities (University of Chicago (ed.); 1st ed.). University of 

Chicago. https://press.uchicago.edu/ucp/books/book/chicago/B/bo3684491.html 

Poch, M., Garrido-Baserba, M., Corominas, L., Perelló-Moragues, A., Monclús, H., 

Cermerón-Romero, M., Melitas, N., Jiang, S. C., & Rosso, D. (2020). When the 

fourth water and digital revolution encountered COVID-19. Science of The Total 

Environment, 744, 140980. https://doi.org/10.1016/j.scitotenv.2020.140980 

Pons, M.-N., Louis, P., & Vignati, D. (2020). Effect of lockdown on wastewater 

characteristics: a comparison of two large urban areas. Water Science and 

Technology, 82(12), 2813–2822. https://doi.org/10.2166/wst.2020.520 

Pörtner, H. O., Roberts, D. C., Tignor, M., Poloczanska, E. S., Mintenbeck, A., Alegría, 

A., Craig, M., Langsdorf, S., Löschke, S., Möller, V., Okem, A., & Rama, B. (2022). 

IPCC, 2022: Climate Change 2022: Impacts, Adaptation, and Vulnerability. 

Contribution of Working Group II to the Sixth Assessment Report of the 

Intergovernmental Panel on Climate Change. https://www.ipcc.ch/report/sixth-

assessment-report-working-group-ii/ 

Puig, S., van Loosdrecht, M. C. M., Flameling, A. G., Colprim, J., & Meijer, S. C. F. 

(2010). The effect of primary sedimentation on full-scale WWTP nutrient removal 

performance. Water Research, 44(11), 3375–3384. 

https://doi.org/10.1016/j.watres.2010.03.024 

Quevedo, J., Pascual, J., Espin, S., & Roquet, J. (2016). Data Validation and 

Reconstruction for Performance Enhancement and Maintenance of Water Networks. 

IFAC-PapersOnLine, 49(28), 203–207. https://doi.org/10.1016/j.ifacol.2016.11.035 

Ramin, E., Flores-Alsina, X., Gaszynski, C., Harding, T., Ikumi, D., Brouckaert, C., 

Brouckaert, B., Modiri, D., Al, R., Sin, G., & Gernaey, K. V. (2022). Plant-wide 

assessment of alternative activated sludge configurations for biological nutrient 



330 

 

removal under uncertain influent characteristics. Science of The Total Environment, 

822, 153678. https://doi.org/10.1016/j.scitotenv.2022.153678 

Ramin, E., Flores-Alsina, X., Sin, G., Gernaey, K. V, Jeppsson, U., Mikkelsen, P. S., & 

Plósz, B. G. (2014). Influence of selecting secondary settling tank sub-models on the 

calibration of WWTP models – A global sensitivity analysis using BSM2. Chemical 

Engineering Journal, 241, 28–34. https://doi.org/10.1016/j.cej.2013.12.015 

Ramin, E., Sin, G., Mikkelsen, P. S., & Plósz, B. G. (2014). Significance of settling model 

structures and parameter subsets in modelling WWTPs under wet-weather flow and 

filamentous bulking conditions. Water Research, 63, 209–221. 

https://doi.org/10.1016/j.watres.2014.05.054 

Ramos, G., & Hynes, W. (2020). A systematic resilience approach to dealing with COVID-

19 and future shocks. https://www.oecd.org/coronavirus/policy-responses/a-systemic-

resilience-approach-to-dealing-with-covid-19-and-future-shocks-36a5bdfb/ 

Rawtani, D., Gupta, G., Khatri, N., Rao, P. K., & Hussain, C. M. (2022). Environmental 

damages due to war in Ukraine: A perspective. Science of The Total Environment, 

850, 157932. https://doi.org/10.1016/j.scitotenv.2022.157932 

Regmi, P., Stewart, H., Amerlinck, Y., Arnell, M., García, P. J., Johnson, B., Maere, T., 

Miletić, I., Miller, M., Rieger, L., Samstag, R., Santoro, D., Schraa, O., Snowling, S., 

Takács, I., Torfs, E., van Loosdrecht, M. C. M., Vanrolleghem, P. A., Villez, K., … 

Rosso, D. (2018). The future of WRRF modelling – outlook and challenges. Water 

Science and Technology, 79(1), 3–14. https://doi.org/10.2166/wst.2018.498 

Resilience Task & Finish Group. (2015). Resilience Task and Finish Group final report. 

https://www.ofwat.gov.uk/publication/resilience-task-and-finish-group-final-report/ 

Richardson, J., Harker, J., & Backhurst, J. (2007). Chemical engineering: particle 

technology and separation processes (Elsevier (ed.); 5th ed.). Butterworth 



331 

 

Heinemann. 

Rieger, L., Gillot, S., Langergraber, G., Ohtsuki, T., Shaw, A., Takacs, I., & Winkler, S. 

(2013). Guidelines for using activated sludge models (IWA (ed.); 1st ed.). IWA 

publishing. https://www.iwapublishing.com/books/9781843391746/guidelines-using-

activated-sludge-models 

Risch, E., Boutin, C., & Roux, P. (2021). Applying life cycle assessment to assess the 

environmental performance of decentralised versus centralised wastewater systems. 

Water Research, 196, 116991. https://doi.org/10.1016/j.watres.2021.116991 

Rodríguez, M., Lawson, E., & Butler, D. (2020). A study of the Resilience Analysis Grid 

method and its applicability to the water sector in England and Wales. Water and 

Environment Journal, 34(4), 623–633. https://doi.org/10.1111/wej.12539 

Romero, L. M. (2004). Physiological stress in ecology: lessons from biomedical research. 

Trends in Ecology & Evolution, 19(5), 249–255. 

https://doi.org/10.1016/j.tree.2004.03.008 

Roni, M. S., Mosier, T., Feinberg, T. D., McJunkin, T., Toba, A.-L., Boire, L. D., 

Rodriguez-Garcia, L., Majidi, M., & Parvania, M. (2022). Integrated water-power 

system resiliency quantification, challenge and opportunity. Energy Strategy Reviews, 

39, 100796. https://doi.org/10.1016/j.esr.2021.100796 

Rostow, W. W. (1959). The Stages of Economic Growth. The Economic History Review, 

12(1), 1–16. http://www.jstor.org/stable/2591077 

Russell, D. (2019). Practical wastewater treatment (2nd ed.). Wiley & Sons. 

https://www.wiley.com/en-us/Practical+Wastewater+Treatment%2C+2nd+Edition-p-

9781119527114 

Sadr, S. M. K., Casal-Campos, A., Fu, G., Farmani, R., Ward, S., & Butler, D. (2020). 

Strategic planning of the integrated urban wastewater system using adaptation 



332 

 

pathways. Water Research, 182, 116013. 

https://doi.org/10.1016/j.watres.2020.116013 

Saunders, J. E., Al Zahed, K. M., & Paterson, D. M. (2007). The impact of organic 

pollution on the macrobenthic fauna of Dubai Creek (UAE). Marine Pollution 

Bulletin, 54(11), 1715–1723. https://doi.org/10.1016/j.marpolbul.2007.07.002 

Scahfer, A. (2011). Innovation in the Water Industry: Challenges and opportunities from 

the water engineering perspective. 

https://www.era.lib.ed.ac.uk/bitstream/handle/1842/5011/Schaefer 

FINb.pdf?sequence=1&isAllowed=y 

Schneider, M. Y., Quaghebeur, W., Borzooei, S., Froemelt, A., Li, F., Saagi, R., Wade, M. 

J., Zhu, J.-J., & Torfs, E. (2022). Hybrid modelling of water resource recovery 

facilities: status and opportunities. Water Science and Technology, 85(9), 2503–2524. 

https://doi.org/10.2166/wst.2022.115 

Seckler, S., & Filho, F. (2017). Overloaded effluent launders from high rate sedimentation 

basins. youtube. https://www.youtube.com/watch?v=ZY5DxBAylg0 

Senkel, A., Bode, C., & Schmitz, G. (2021). Quantification of the resilience of integrated 

energy systems using dynamic simulation. Reliability Engineering & System Safety, 

209, 107447. https://doi.org/10.1016/j.ress.2021.107447 

Sentry. (2021). United Utilities uses the SENTRY monitoring platform to optimize loading 

capacity and energy efficiency of the Activated Sludge Process. Report. 

https://www.sentrywatertech.com/_files/ugd/9c7d93_b1ce6a99e391440caeb38af5543

1a2af.pdf 

Serdarevic, A., & Dzubur, A. (2019). Importance and Practice of Operation and 

Maintenance of Wastewater Treatment Plants: Proceedings of the International 

Symposium on Innovative and Interdisciplinary Applications of Advanced 



333 

 

Technologies (IAT). In J. Kacprzyk (Ed.), Importance and Practice of Operation and 

Maintenance of Wastewater Treatment Plants. Springer Publishing. 

https://doi.org/10.1007/978-3-030-02577-9_14 

Shi, Y., Huang, J., Zeng, G., Gu, Y., Chen, Y., Hu, Y., Tang, B., Zhou, J., Yang, Y., & Shi, 

L. (2017). Exploiting extracellular polymeric substances (EPS) controlling strategies 

for performance enhancement of biological wastewater treatments: An overview. 

Chemosphere, 180, 396–411. https://doi.org/10.1016/j.chemosphere.2017.04.042 

Siddall, J. (1983). Probabilistic engineering design (1st ed.). CRC press. 

Simonovic, S. P, & Peck, A. (2013). Dynamic Resilience to Climate Change Caused 

Natural Disasters in Coastal Megacities Quantification Framework. British Journal of 

Environment & Climate Change, 3(3), 378–401. 

https://www.researchgate.net/publication/271264000_Dynamic_Resilience_to_Climat

e_Change_Caused_Natural_Disasters_in_Coastal_Megacities_Quantification_Frame

work 

Simonovic, Slobodan P, & Arunkumar, R. (2016). Comparison of static and dynamic 

resilience for a multipurpose reservoir operation. Water Resources Research, 52(11), 

8630–8649. https://doi.org/10.1002/2016WR019551 

Sin, G., & Al, R. (2021). Activated sludge models at the crossroad of artificial 

intelligence—A perspective on advancing process modeling. Npj Clean Water, 4(1), 

16. https://doi.org/10.1038/s41545-021-00106-5 

Sirkiä, J., Laakso, T., Ahopelto, S., Ylijoki, O., Porras, J., & Vahala, R. (2017). Data 

utilization at finnish water and wastewater utilities: Current practices vs. state of the 

art. Utilities Policy, 45, 69–75. https://doi.org/10.1016/j.jup.2017.02.002 

Sjerps, R. M. A., ter Laak, T. L., & Zwolsman, G. J. J. G. (2017). Projected impact of 

climate change and chemical emissions on the water quality of the European rivers 



334 

 

Rhine and Meuse: A drinking water perspective. Science of The Total Environment, 

601–602, 1682–1694. https://doi.org/10.1016/j.scitotenv.2017.05.250 

Solon, K, Flores-Alsina, X., Mbamba, C. K., Ikumi, D., Volcke, E. I. P., Vaneeckhaute, C., 

Ekama, G., Vanrolleghem, P. A., Batstone, D. J., Gernaey, K. V, & Jeppsson, U. 

(2017). Plant-wide modelling of phosphorus transformations in wastewater treatment 

systems: impacts of control and operational strategies. Water Research, 113, 97–110. 

https://doi.org/10.1016/j.watres.2017.02.007 

Solon, Kimberly, Flores-Alsina, X., Mbamba, C. K., Volcke, E. I. P., Tait, S., Batstone, D., 

Gernaey, K. V, & Jeppsson, U. (2015). Effects of ionic strength and ion pairing on 

(plant-wide) modelling of anaerobic digestion. Water Research, 70, 235–245. 

https://doi.org/10.1016/j.watres.2014.11.035 

Spindler, A., & Vanrolleghem, P. A. (2015). Continuous measurement quality control of 

WRRF operational data. WEFTEC 2015, 4. 

https://modeleau.fsg.ulaval.ca/fileadmin/modeleau/documents/Publications/pvr1198.p

df 

Sriwastava, A. K., Torres-Matallana, J. A., Schellart, A., Leopold, U., & Tait, S. (2021). 

Implications of model uncertainty for investment decisions to manage intermittent 

sewer overflows. Water Research, 194, 116885. 

https://doi.org/10.1016/j.watres.2021.116885 

Stentoft, P. A., Munk-Nielsen, T., Møller, J. K., Madsen, H., Valverde-Pérez, B., 

Mikkelsen, P. S., & Vezzaro, L. (2021). Prioritize effluent quality, operational costs 

or global warming? – Using predictive control of wastewater aeration for flexible 

management of objectives in WRRFs. Water Research, 196, 116960. 

https://doi.org/10.1016/j.watres.2021.116960 

Stephenson, T., & Pollard, J. T. (2008). Risk management for water and wastewater 



335 

 

utilities (IWA (ed.); 1st ed.). IWA. https://iwaponline.com/ebooks/book/42/Risk-

Management-for-Water-and-Wastewater-Utilities 

Sterk, A., de Man, H., Schijven, J. F., de Nijs, T., & de Roda Husman, A. M. (2016). 

Climate change impact on infection risks during bathing downstream of sewage 

emissions from CSOs or WWTPs. Water Research, 105, 11–21. 

https://doi.org/10.1016/j.watres.2016.08.053 

Stern, D. I. (1998). Progress on the environmental Kuznets curve? Environment and 

Development Economics, 3(2), 173–196. 

https://doi.org/10.1017/S1355770X98000102 

Sukias, J. P. S., Park, J. B. K., Stott, R., & Tanner, C. C. (2018). Quantifying treatment 

system resilience to shock loadings in constructed wetlands and denitrification 

bioreactors. Water Research, 139, 450–461. 

https://doi.org/10.1016/j.watres.2018.04.010 

Sun, H., Wang, H., Yang, M., & Reniers, G. (2022). A STAMP-based approach to 

quantitative resilience assessment of chemical process systems. Reliability 

Engineering & System Safety, 222, 108397. 

https://doi.org/10.1016/j.ress.2022.108397 

Sweetapple, C, Astaraie-Imani, M., & Butler, D. (2018). Design and operation of urban 

wastewater systems considering reliability, risk and resilience. Water Research, 147, 

1–12. https://doi.org/10.1016/j.watres.2018.09.032 

Sweetapple, C, Fu, G., & Butler, D. (2016). Reliable, Robust, and Resilient System Design 

Framework with Application to Wastewater-Treatment Plant Control. Journal of 

Environmental Engineering, 143(3), 10. 

https://ascelibrary.org/doi/full/10.1061/%28ASCE%29EE.1943-

7870.0001171?casa_token=kLUmzK2F3mkAAAAA%3A45PSx5giKRve4kFdzAbEc



336 

 

mXbHgoOu6NPuSj8BrvRhgO-HuANdEUf1fu8MNQyZHZRHj-GVWr0fpE 

Sweetapple, Chris, Diao, K., Farmani, R., Fu, G., & Butler, D. (2018). A tool for global 

resilience analysis of water distribution systems. 1st International WDSA / CCWI 

2018 Joint Conference, 8. 

http://emps.exeter.ac.uk/engineering/research/safesure/software/#:~:text=This is a 

simple%2C user,user can supply an Epanet . 

Sweetapple, Chris, Fu, G., & Butler, D. (2017). Reliable, Robust, and Resilient System 

Design Framework with Application to Wastewater-Treatment Plant Control. Journal 

of Environmental Engineering, 143(3), 1–10. 

https://doi.org/10.1061/(ASCE)EE.1943-7870.0001171 

Sweetapple, Chris, Fu, G., Farmani, R., & Butler, D. (2019). Exploring wastewater system 

performance under future threats: does enhancing resilience increase sustainability? 

Water Research, 149, 448–459. https://doi.org/10.1016/j.watres.2018.11.025 

Sweetapple, Chris, Fu, G., Farmani, R., & Butler, D. (2022). General resilience: 

Conceptual formulation and quantitative assessment for intervention development in 

the urban wastewater system. Water Research, 211, 118108. 

https://doi.org/10.1016/j.watres.2022.118108 

Sweetapple, Chris, Melville-Shreeve, P., Chen, A. S., Grimsley, J. M. S., Bunce, J. T., 

Gaze, W., Fielding, S., & Wade, M. J. (2022). Building knowledge of university 

campus population dynamics to enhance  near-to-source sewage surveillance for 

SARS-CoV-2 detection. The Science of the Total Environment, 806(Pt 1), 150406. 

https://doi.org/10.1016/j.scitotenv.2021.150406 

Takács, I., Patry, G. G., & Nolasco, D. (1991). A dynamic model of the clarification-

thickening process. Water Research, 25(10), 1263–1271. 

https://doi.org/10.1016/0043-1354(91)90066-Y 



337 

 

Talebizadeh, M., Belia, E., & Vanrolleghem, P. A. (2016). Influent generator for 

probabilistic modeling of nutrient removal wastewater treatment plants. 

Environmental Modelling & Software, 77, 32–49. 

https://doi.org/10.1016/j.envsoft.2015.11.005 

Tchobanoglous, G., Stensel, D. H., Tsuchihashi, R., & Burton, F. L. (2014). Wastewater 

engineering treatment and resource recovery (5th ed.). Mc Graw Hill. 

https://www.mheducation.com/highered/product/wastewater-engineering-treatment-

resource-recovery-metcalf-eddy-inc-tchobanoglous/M9780073401188.html 

Thakur, V. (2021). Framework for PESTEL dimensions of sustainable healthcare waste 

management: Learnings from COVID-19 outbreak. Journal of Cleaner Production, 

287, 125562. https://doi.org/10.1016/j.jclepro.2020.125562 

The Guardian. (2021a). Workers clear “huge, disgusting” fatberg from London sewer (p. 

3). The Guardian. https://www.theguardian.com/environment/2021/feb/19/workers-

clear-huge-disgusting-fatberg-from-london-sewer 

The Guardian. (2021b, November 25). UK water firms spilled sewage into sea bathing 

waters 5,517 times last year. Web Article, 5. 

https://www.theguardian.com/environment/2021/nov/25/uk-water-firms-spilled-

sewage-into-sea-bathing-waters-5517-times-in-past-year 

The New York Times. (2010, October 27). Dubai faces environmental problems after 

growth. News Article, 5. https://www.nytimes.com/2010/10/28/business/energy-

environment/28dubai.html 

The world bank. (2022). GDP per capita (current US$) - United Kingdom, High Income. 

Statistics. 

https://data.worldbank.org/indicator/NY.GDP.PCAP.CD?end=2021&locations=GB-

XD&most_recent_value_desc=false&start=1960&view=chart 



338 

 

Therrien, J.-D., Nicolaï, N., & Vanrolleghem, P. A. (2020). A critical review of the data 

pipeline: how wastewater system operation flows from data to intelligence. Water 

Science and Technology, 82(12), 2613–2634. https://doi.org/10.2166/wst.2020.393 

Thurston, R. H. (1874). On the strength, elasticity, ductility and resilience of materials of 

machine construction. Journal of the Franklin Institute, 97(5), 344–356. 

https://doi.org/10.1016/0016-0032(74)90403-7 

Tjandraatmadja, G., Pollard, C., Sheedy, C., & Gozukara, Y. (2010). Sources of 

contaminants in domestic wastewater: nutrients and additional elements from 

household products. https://docs.niwa.co.nz/library/public/Tjandraatmadja2010.pdf 

Tomlinson, E J, Chambers, B. (1996). Benificial uses of simulation in water and 

wastewater treatment. 

Torfs, E., Nicolaï, N., Daneshgar, S., Copp, J. B., Haimi, H., Ikumi, D., Johnson, B., Plosz, 

B. B., Snowling, S., Townley, L. R., Valverde-Pérez, B., Vanrolleghem, P. A., 

Vezzaro, L., & Nopens, I. (2022). The transition of WRRF models to digital twin 

applications. Water Science and Technology, 85(10), 2840–2853. 

https://doi.org/10.2166/wst.2022.107 

Umweltbundesamt. (2012). Technical assesment of the implementation of Council 

Directive concerning Urban Waste Water Treatment: Vol. 91/271/EEC. EC. 

UNEP. (2012). One planet, how many people? A review of the earth’s carrying capacity. 

17. https://na.unep.net/geas/archive/pdfs/geas_jun_12_carrying_capacity.pdf 

UNISDR, & WMO. (2012). UN system task team on the POST-2015 UN development 

agenda. 

https://www.un.org/en/development/desa/policy/untaskteam_undf/thinkpieces/3_disas

ter_risk_resilience.pdf 

United Nations. (2019). World Population Prospects 2019. Graph Generator. 



339 

 

https://population.un.org/wpp/Graphs/Probabilistic/POP/TOT/900 

University of Exeter. (2016). Safe & SuRe: a new paradigm for water management. Web 

Article. https://engineering.exeter.ac.uk/research/safesure/framework/ 

Utility Week. (2022). Resilience, Sustainability, Affordability. Agenda. 

https://events.utilityweek.co.uk/event/03a7e409-43a4-4347-9239-

b7d46023a598/websitePage:3693da0c-21ee-4867-a31c-300c6a8d9017 

Van Loosdrecht, M. C. M., Lopez-Vazquez, C. M., Meijer, S. C. F., Hooijmans, C. M., & 

Brdjanovic, D. (2015). Twenty-five years of ASM1: past, present and future of 

wastewater treatment modelling. Journal of Hydroinformatics, 17(5), 697–718. 

https://doi.org/10.2166/hydro.2015.006 

Vanrolleghem, P., & Sung Lee, D. (2003). On-line monitoring equipment for wastewater 

treatment processes: state of the art. Water Science & Technology, 47(2), 1–34. 

https://doi.org/10.2166/wst.2003.0074 

Vrecko, D., Gernaey, K. V, Rosen, C., & Jeppsson, U. (2006). Benchmark Simulation 

Model No 2 in Matlab-Simulink: towards plant-wide WWTP control strategy 

evaluation. Water Science & Technology, 54(8), 65–72. 

https://doi.org/10.2166/wst.2006.773 

Walker, B., Holling, C. S., Carpenter, S. R., & Kinzig, A. (2004). Resilience, Adaptability 

and Transformability in Social–ecological Systems. Ecology and Society, 9(2), 5. 

https://www.ecologyandsociety.org/vol9/iss2/art5/ 

Walker, B., & Salt, D. (2006). Resilience thinking: sustaining ecosystems and people in a 

changing world (1st ed.). Island Press. https://islandpress.org/books/resilience-

thinking 

Walker, B., & Salt, D. (2012). Resilience practice: building capacity to absorb disturbance 

and maintain function (1st ed.). Island Press. https://doi.org/10.5822/978-1- 



340 

 

Walker, R. (2016). Population growth and its implications for global security. American 

Journal of Economics and Sociology, 75(4). https://doi.org/DOI: 10.1111/ajes.12161 

Wan, J., Huang, M., Ma, Y., Guo, W., Wang, Y., Zhang, H., Li, W., & Sun, X. (2011). 

Prediction of effluent quality of a paper mill wastewater treatment using an adaptive 

network-based fuzzy inference system. Applied Soft Computing, 11(3), 3238–3246. 

https://doi.org/10.1016/j.asoc.2010.12.026 

Wang, R., Yu, Y., Chen, Y., Pan, Z., Li, X., Tan, Z., & Zhang, J. (2022). Model 

construction and application for effluent prediction in wastewater treatment plant: 

Data processing method optimization and process parameters integration. Journal of 

Environmental Management, 302, 114020. 

https://doi.org/10.1016/j.jenvman.2021.114020 

Wang, Z.-P., & Zhang, T. (2010). Characterization of soluble microbial products (SMP) 

under stressful conditions. Water Research, 44(18), 5499–5509. 

https://doi.org/10.1016/j.watres.2010.06.067 

Wastewater 101. (2018). Study Time Treatment Plant (Discussion) – Secondary Treatment 

– Activated Sludge. Web Article. https://wastewater101.net/2018/09/study-time-

treatment-plant-discussion-secondary-treatment-activated-sludge-9/ 

Water Environment Federation. (2005). Biological Nutrient Removal (BNR) Operation in 

Wastewater Treatment Plants (1st ed.). Mc Graw Hill. 

WEF. (2005). Clarifier design (WEFPress (ed.); 2nd ed.). McGraw-Hill. 

Williams, J. B., Jose, R., Moobela, C., Hutchinson, D. J., Wise, R., & Gaterell, M. (2019). 

Residents’ perceptions of sustainable drainage systems as highly functional blue green 

infrastructure. Landscape and Urban Planning, 190, 103610. 

https://doi.org/doi.org/10.1016/j.landurbplan.2019.103610 

Wojnarowicz, P., Yang, W., Zhou, H., Parker, W. J., & Helbing, C. C. (2014). Changes in 



341 

 

hormone and stress-inducing activities of municipal wastewater in a conventional 

activated sludge wastewater treatment plant. Water Research, 66, 265–272. 

https://doi.org/10.1016/j.watres.2014.08.035 

Woods, D. D. (2003). Creating foresight: how resilience engineering can transform 

NASA’s approach to risky decision making. 

https://www.researchgate.net/publication/237353911%0D 

Woods, D. D. (2015). Four concepts for resilience and the implications for the future of 

resilience engineering. Reliability Engineering & System Safety, 141, 5–9. 

https://doi.org/10.1016/j.ress.2015.03.018 

World economic forum. (2017). The global risk interconnections map 2017. Web Page. 

http://reports.weforum.org/global-risks-2017/global-risks-landscape-2017/#risks/// 

Wu, M.-J., Zhao, K., & Fils-Aime, F. (2022). Response rates of online surveys in 

published research: A meta-analysis. Computers in Human Behavior Reports, 7, 

100206. https://doi.org/10.1016/j.chbr.2022.100206 

Xie, W.-M., Ni, B.-J., Sheng, G.-P., Seviour, T., & Yu, H.-Q. (2016). Quantification and 

kinetic characterization of soluble microbial products from municipal wastewater 

treatment plants. Water Research, 88, 703–710. 

https://doi.org/10.1016/j.watres.2015.10.065 

Xu, R. Z., Cao, J. S., Wu, Y., Wang, S. N., Luo, J. Y., Chen, X., & Fang, F. (2020). An 

integrated approach based on virtual data augmentation and deep neural networks 

modeling for VFA production prediction in anaerobic fermentation process. Water 

Research, 184, 116103. https://doi.org/10.1016/j.watres.2020.116103 

Xylem. (2022). WTW Viso Turb 700 IQ & ViSolid 700 IQ Sensors. Specification. 

https://www.xylemanalytics.co.uk/wtw-visoturb-700-iq-visolid-700-iq-sensors/ 

Yarveisy, R., Gao, C., & Khan, F. (2020). A simple yet robust resilience assessment 



342 

 

metrics. Reliability Engineering & System Safety, 197, 106810. 

https://doi.org/10.1016/j.ress.2020.106810 

Yuan, S., Xu, R., Wang, D., Lin, Q., Zhou, S., Lin, J., Xia, L., Fu, Y., Gan, Z., & Meng, F. 

(2021). Ecological Linkages between a Biofilm Ecosystem and Reactor Performance: 

The Specificity of Biofilm Development Phases. Environmental Science & 

Technology, 55(17), 11948–11960. https://doi.org/10.1021/acs.est.1c02486 

Zaliska, O., Oleshchuk, O., Forman, R., & Mossialos, E. (2022). Health impacts of the 

Russian invasion in Ukraine: need for global health action. The Lancet, 399(10334), 

1450–1452. https://doi.org/10.1016/S0140-6736(22)00615-8 

Zeng, M., Soric, A., & Roche, N. (2013). Calibration of hydrodynamic behaviour and 

biokinetics for TOC removal modeling in biofilm reactors under different hydraulic 

conditions. Bioresource Technology, 144, 202–209. 

Zhang, C., Oh, J., & Park, K. (2021). Evaluation of sewer network resilience index under 

the perspective of ground collapse prevention. Water Science and Technology, 85(1), 

188–205. https://doi.org/10.2166/wst.2021.503 

Zhang, H., Song, S., Jia, Y., Wu, D., & Lu, H. (2019). Stress-responses of activated sludge 

and anaerobic sulfate-reducing bacteria sludge under long-term ciprofloxacin 

exposure. Water Research, 164, 114964. https://doi.org/10.1016/j.watres.2019.114964 

Zhang, K., Achari, G., Sadiq, R., Langford, C. H., & Dore, M. H. I. (2012). An integrated 

performance assessment framework for water treatment plants. Water Research, 

46(6), 1673–1683. https://doi.org/10.1016/j.watres.2011.12.006 

Zhang, Y., Cai, B., Liu, Y., Jiang, Q., Li, W., Feng, Q., Liu, Y., & Liu, G. (2021). 

Resilience assessment approach of mechanical structure combining finite element 

models and dynamic Bayesian networks. Reliability Engineering & System Safety, 

216, 108043. https://doi.org/10.1016/j.ress.2021.108043 



343 

 

Zhao, Q., Guo, W., Luo, H., Xing, C., Wang, H., Liu, B., Si, Q., Li, D., Sun, L., & Ren, N. 

(2022). Insights into removal of sulfonamides in anaerobic activated sludge system: 

Mechanisms, degradation pathways and stress responses. Journal of Hazardous 

Materials, 423, 127248. https://doi.org/10.1016/j.jhazmat.2021.127248 

Zielinska, O. A., Mayhorn, C. B., & Wogalter, M. S. (2017). Connoted hazard and 

perceived importance of fluorescent, neon, and standard safety colors. Applied 

Ergonomics, 65, 326–334. https://doi.org/10.1016/j.apergo.2017.07.011 



344 

 

11. A.1. Appendix 

11.1. Definitions of resilience from the literature 

Table 11.1-1 Definitions of the term ‘resilience’ from the literature. 

No Term Definition Associated 

keywords 

Subject System type Methods  References 

1) Resilience in mechanical engineering and materials science 

1a Resilience “The resilience of the specimen is 

measured by the area included 

within its curve, this being the 

product of the mean force exerted 

into the distance through which it 

acts in producing rupture, i.e., it is 

proportional to the work done by 

the test piece in resisting fracture, 

and represents the value of the 

material for resisting shock.” 

Strength, 

Elasticity, 

Ductility, 

Resilience 

Materials 

testing 

Mechanical, 

Machines 

Mechanical testing, 

resistance to exerted 

forces 

(Thurston, 

1874) 
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1b Resilience “Resilience of a system is its ability 

to continue to offer system 

performance stability, while 

withstanding any adverse events.” 

Absorptive 

capacity, 

restorative 

capacity, 

adaptive 

capacity 

Materials 

testing 

Mechanical 

components 

Absorptive capacity, 

adaptive capacity and 

restorative capacity 

computations 

(Yarveisy et al., 

2020; Y. Zhang 

et al., 2021) 

2) Resilience on socio-ecological and biological systems 

2a Resilience “The capacity of a system to absorb 

disturbance and reorganise, while 

undergoing change so as to still 

retain essentially the same function, 

structure identity and feedbacks.” 

Resilience, 

adaptability, 

transformability, 

attractors, 

landscapes 

Socio-

ecological 

systems 

Socio-

ecological 

Stability landscapes, 

state assessment 

(Walker et al., 

2004) 

2b Resilience 

(populations) 

“Resilience depends, in part, on the 

species’ birth and death rates, but 

also depends on connections to 

other species.” 

Variability, 

scale, effects, 

extinction, 

persistence, 

resistance 

Ecology and 

conservation 

Ecological Equilibrium densities 

and population density 

computations 

(Pimm, 1991, p. 

3) 



346 

 

2c Resilience “Resilience determines the 

persistence of relationships within a 

system and is a measure of the 

ability of these systems to absorb 

changes of state variables, driving 

variables, and parameters and still 

persist.” 

Stability, 

equilibrium, 

random, 

disturbance, 

persistence, 

spatial 

Socio-

ecological 

systems 

Ecological Phase planes, 

reproduction curves, 

domain of attraction 

(Holling, 1973) 

3) Resilience of water and wastewater systems 

3a Resilience “The degree to which a system 

minimises the level of service 

failure magnitude and duration 

over its design life when subject to 

exceptional conditions” 

Safe, resilient, 

sustainable, 

dimensions, 

attributes, 

standards, 

strategies 

Urban water 

management 

Urban water 

systems 

Safe and SuRe 

framework, which 

includes reliability, 

resilience and 

sustainability. 

(Butler et al., 

2014) 

3b Resilience “Resilience is a measure of how fast 

a system is likely to return to a 

satisfactory state once the system 

has entered an unsatisfactory 

state.” 

Failure 

reliability 

resilience 

vulnerability 

Water 

supply 

Water 

supply 

reservoirs 

Deficit volume, 

reliability analysis, 

resilience analysis, and 

vulnerability analysis. 

(Kjeldsen & 

Rosbjerg, 2004) 
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3c Resilience “How quickly a system is likely to 

recover or bounce back from failure 

once failure has occurred.” 

Reliability, 

resiliencey, 

vulnerability 

Water 

resource  

Water 

supply 

reservoirs 

systems 

Resilience, reliability 

and vulnerability 

analysis. 

(Hashimoto et 

al., 1982) 

3d Resilience “The idea of resilience seems best 

suited to biological systems whos 

mechanics are not well known, so 

we always risk being surprised, and 

to the societal and institutional 

matrix onto which water resource 

systems are imposed”. 

Surprise, 

resilience, 

control, failure, 

time 

Water 

resource 

Water 

resource 

systems 

Markovian analysis, 

resilience precipices, 

time to failure, 

equilibrium 

probabilities. 

(Fiering, 1982) 

4) Climate and global resilience 

4a Resilience “Resilience is defined as the ability 

of a social, ecological, or socio-

ecological system and its 

components to anticipate, reduce, 

accommodate, or recover from the 

effects of a hazardous event or 

Climate, 

pathways, 

adaptation, risk 

Climate 

resilience 

and 

adaptation 

Climate 

related 

systems 

None stated (Field et al., 

2014) 



348 

 

trend in a timely and efficient 

manner.” 

4b Resilience “Resilience is not the same as being 

static or constant over time. 

Resilient systems can be very 

dynamic.” 

Systems, 

brittleness, 

rigidity, 

elasticity, 

dynamic. 

System 

analysis 

Broad 

systems 

approach 

None stated (Meadows, 

2008, p. 76) 

4c Resilience “Resilience is the ability of a 

system, community or society 

exposed to hazards to resist, 

absorb, accommodate to and 

recover from the effects of a hazard 

in a timely and efficient manner, 

including through the preservation 

and restoration of its essential basic 

structures and functions.” 

Risk 

Resilience 

Disaster 

reduction 

N/A Not stated (UNISDR & 

WMO, 2012) 
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11.2. Glossary of terms associated with resilience from the literature 

Table 11.2-1 Glossary of terms associated with ‘resilience’ from the literature. 

Associated resilience 

term 

Proposed definition Resilience 

association 

Approach References 

Absorb Associated with disturbance as the capacity to re-organise 

when undergoing change. 

Engineering and 

ecological 

resilience 

Engineering 

and ecological 

resilience 

(Juan-García et 

al., 2017; 

Walker et al., 

2004) 

Adapt/Adaptability “The capacity of actors in a system to influence resilience” Socio-ecological 

resilience 

Human 

interaction with 

ecological 

systems 

(Folke et al., 

2010) 

Adaptive capacity 

or adaptability 

“The capacity of actors in a system (people) to manage 

resilience. This might be to avoid crossing into an 

undesirable system regime or succeed in crossing into a 

desirable one” 

Socio-ecological 

resilience 

Human 

behaviour on 

systems 

(B. Walker & 

Salt, 2012, p. 

212) 

Adaptive capacity “Adaptive capacity has limits or boundary conditions, and 

disruptions provide information about where those 

boundaries lie and how the system behaves when events push 

it near or over those boundaries” 

Resilience 

engineering 

Safety and risk 

of engineered 

systems 

(Hollnagel et 

al., 2010, p. 69) 

Adaptive capacity “Adaptive capacity describes what can be (but has not been) 

done to increase resilience” 

Engineering 

resilience 

Environmental 

science 

(Luh et al., 

2017) 

Adaptive capacity “Adaptive capacity is described as system robustness to 

changes in resilience” 

Ecological 

engineering 

Ecology (Gunderson, 

2000) 

Basin of attraction “All the stable states of a system that tend to change toward 

the attractor. An attractor is a stable state of a system, an 

equilibrium state that does not change unless disturbed” 

Ecological 

resilience 

Ecological 

systems 

(Walker & Salt, 

2012, p. 214) 

Brittleness “the absence of resilience” Resilience 

engineering 

Safety and risk 

of engineered 

systems 

(Hollnagel et 

al., 2010, p. 23) 
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Buffering “a system that has a capacity in excess of its needs can draw 

on this capacity in times of need, 

and so is more resilient” 

Engineering 

resilience 

Urban water 

systems 

engineering 

(Butler et al., 

2014) 

Buffering capacity “the size or kinds of disruptions the system can absorb or 

adapt to without a fundamental breakdown in performance or 

in the system’s structure” 

Resilience 

engineering 

Safety and risk 

of engineered 

systems 

(Hollnagel et 

al., 2010, p. 23) 

Connectedness “The strength of connections between elements within a 

system moderates the influence of the outside world” 

Ecological 

resilience 

Socio-

ecological 

systems 

(Gunderson & 

Holling, 2002) 

Consequence “any social, economic or environmental outcomes for a 

recipient due to the effects of non-compliance with a level of 

service” 

Engineering 

resilience 

Water systems 

management 

(Butler et al., 

2016) 

Disturbance An event that has the potential to cause a system to change 

state, although the system’s adaptive capacity may prevent 

this from happening. 

Ecological and 

engineering 

resilience 

Water and 

wastewater 

systems 

engineering 

(P Juan-García 

et al., 2017; B. 

Walker et al., 

2004) 

Efficiency “Stability – in engineering systems focuses on maintaining 

efficiency of function” 

Engineering 

resilience 

Engineering 

and ecological 

resilience 

(Holling, 1996) 

External In systems it is the external influence of factors or threats. Engineering 

resilience 

Water 

management 

(Butler et al., 

2016) 

Flexibility “the system’s ability to restructure itself in response to 

external changes or pressures” 

(also see stiffness) 

Resilience 

engineering 

Safety and risk 

of engineered 

systems 

(Hollnagel et 

al., 2010, p. 23) 

Failure “The occurrence of unsatisfactory performance” Engineering 

resilience 

Water systems 

engineering 

(Hashimoto et 

al., 1982) 

Failure “System failure is based on the assumption that the system 

under consideration at time (t) and be either, satisfactory (i.e. 

non-failure) state NF or unsatisfactory (i.e. failure) state F.”  

Engineering 

resilience 

Water systems 

engineering 

(Kjeldsen & 

Rosbjerg, 

2004) 

Flatness “Overly hierarchical systems with rigid chains of command 

are less flexible and hence less able to 

cope with surprise and adjust behaviour. Top-heavy systems 

will be less resilient.” 

Engineering 

resilience 

Urban water 

systems 

engineering 

(Butler et al., 

2014) 

Function (system) “Normal system function is to be defined according to the 

fundamental objectives obtained in system identification” 

Resilience 

engineering 

Infrastructure 

systems 

(Francis & 

Bekera, 2014) 
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Functional diversity “the range of functional groups that a system depends on. In 

ecological systems this includes species of trees, grasses, 

deer, wolves and soil” 

Ecological 

resilience 

Ecological 

systems 

(B. Walker & 

Salt, 2012, p. 

214) 

Fragility “the degree to which a system loses functionality after a 

singular event” 

Engineering 

resilience 

Urban water 

management 

(Kohler et al., 

2020) 

Hazard “A situation or substance with a potential to cause harm” Resilience 

engineering 

Risk in systems 

and 

organisations 

(Stephenson & 

Pollard, 2008, 

p. 7) 

Impact “the direct result of system failure” Engineering 

resilience 

Water 

management 

(Butler et al., 

2016) 

Margin “How closely or precariously the system is currently 

operating relative to another performance boundary” 

Resilience 

engineering 

Safety and risk 

of engineered 

systems 

(Hollnagel et 

al., 2010, p. 23) 

Level of service 

impact 

“the degree of non-compliance with defined levels of service” Engineering 

resilience 

Water 

management 

(Butler et al., 

2016) 

Panarchy “A hierarchical set of adaptive cycles at different scales in a 

social-ecological system and their cross scale effects” 

Ecological 

resilience 

Socio-

ecological 

systems 

(Gunderson & 

Holling, 2002) 

 

Redundancy “A degree of overlapping function in a system permits the 

system to change vital functions to continue while formerly 

redundant elements take on new functions” 

Engineering 

resilience 

Urban water 

systems 

engineering 

(Butler et al., 

2014) 

Redundancy Avoiding the dependence of a system on single assets or 

facilities e.g. standby pumps or duplicate water mains 

Engineering 

resilience 

Asset resilience (Ofwat, 2017b) 

Rapidity “the ability of a natural WWTS to regain satisfactory 

performance once a failure has taken place due to exposure 

to a given disturbance” 

Engineering 

resilience 

Natural 

wastewater 

systems 

(Cuppens et al., 

2012) 

Rapidity “The time required to restore the WRRF to the pre-event level 

of performance” 

Engineering 

resilience 

Urban water 

management 

(Kohler et al., 

2020) 

Reliable “the degree to which the system minimises level of service 

failure frequency over its design life 

when subject to standard loading” 

Engineering 

resilience 

Urban water 

systems 

engineering 

(Butler et al., 

2014) 

Reliability “The frequency or probability that a system is in a 

satisfactory state” 

Engineering 

resilience 

Water systems 

engineering 

(Hashimoto et 

al., 1982) 

Reliability “addresses the performance within the design life of the 

system and during periods in which the required level of 

service is expected to be met (i.e. when subjected to threats” 

Engineering and 

ecological 

resilience 

Water 

management 

(Butler et al., 

2016) 
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Resourcefulness “costs of repairs and related losses due to time of disrupted 

service” 

Engineering 

resilience 

Urban water 

management 

(Kohler et al., 

2020) 

Risk “the likelihood of a specified undesirable event occurring 

within a specified period or under specified circumstances” 

Resilience 

engineering 

Risk in systems 

and 

organisations 

(Stephenson & 

Pollard, 2008, 

p. 7) 

Robustness “the ability to perform under deep uncertainty conditions” Engineering 

resilience 

Urban drainage 

and water 

management 

(Casal-Campos 

et al., 2018) 

Robustness “the ability of a natural WWTS to withstand a given 

disturbance without entering into a state of unsatisfactory 

performance” 

Engineering 

resilience 

Natural 

wastewater 

systems 

(Cuppens et al., 

2012) 

Robustness “the deviation between the actual costs of a proposed project 

and those of the least cost project design” 

Engineering 

resilience 

Water systems 

engineering 

(Hashimoto et 

al., 1982) 

Robustness “the degree to which the system is able to maintain an 

acceptable level of service when subjected to uncertainty” 

Engineering 

resilience 

WRRF control (Sweetapple et 

al., 2017) 

Stability “Balance or stability implies some restoration following 

disturbance” 

Ecological 

resilience 

Ecological 

conservation 

(Pimm, 1991) 

Stability “The stability view emphasises the equilibrium, the 

maintenance of a predictable world and harvesting natures 

excess production with as little fluctuation as possible” 

Ecological 

resilience 

Ecological 

systems 

(Holling, 1973) 

Dynamic instability “When system damping (see below on dynamic stability) is 

insufficient as to maintain a dynamically stable state and the 

system descents into dynamic instability.” 

Resilience 

engineering 

Safety and risk 

of engineered 

systems 

(Hollnagel et 

al., 2010, p. 16) 

Dynamic stability “Complex systems must, however, be dynamically stable or 

constrained in the sense that the adjustments do not get out of 

hand, but at all times remain under control” 

(also described as damping) 

Resilience 

engineering 

Safety and risk 

of engineered 

systems 

(Hollnagel et 

al., 2010, p. 16) 

Safe “Safe as synonym for reliable” Engineering 

resilience 

Urban water 

systems 

engineering 

(Butler et al., 

2014) 

Stiffness “the resistance of a system to becoming flexible (i.e. 

unchangeable rigid systems prevent system restructuring) 

(see also flexibility) 

Resilience 

engineering 

Safety and risk 

of engineered 

systems 

(Hollnagel et 

al., 2010, p. 23) 

Strain “Strain is a measure of the impact (e.g. receiving water peak 

ammonia concentration)”” 

Engineering 

resilience 

Water 

management 

(Butler et al., 

2016) 

Stress “Stress is a measure of the middle state (e.g. percentage 

increase in influent flow)” 

Engineering 

resilience 

Water 

management 

(Butler et al., 

2016) 
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Stressor “The pressure on the systemcaused by human activities (such 

as increase of pollution) or natural events (such as the 

occurance of drought)” 

Engineering 

resilience 

Urban 

wastewater 

systems 

(P Juan-García 

et al., 2017) 

Structural failure “structural failures (also referred to as system or component 

failures) are caused by internal threats” 

Engineering 

resilience 

Urban water 

management 

(Mugume, 

2015) 

Surprise “disruptive events represent surprises, that is an event is a 

surprise when it falls outside of the scope of variations and 

disturnbances that a system in question is capable of 

handling” 

Resilience 

engineering 

Resilience 

engineered 

systems 

(Woods, 2015) 

Sustainability “Relates to the level of service provision (performance) and 

social, economic and environmental consequences in the long 

term (i.e. up to and beyond the design life)” 

Engineering and 

ecological 

resilience 

Water 

management 

(Butler et al., 

2016) 

Threat “A threat is defined here as an event which can potentially 

reduce the level of system service” 

Engineering 

resilience 

Urban 

wastewater 

systems 

(Butler et al., 

2016)(Chris 

Sweetapple, 

Fu, et al., 2022)  

Transformability “The capacity to create a fundamentally new system when 

ecological, economic or social (including political) make an 

existing system untenable” 

Socio-ecological 

systems 

Human 

interaction with 

ecological 

systems 

(Folke et al., 

2010) 

Vulnerability “The likely magnitude of failure, if one occurs” Engineering 

resilience 

Water systems 

engineering 

(Hashimoto et 

al., 1982) 

Vulnerability “The measure of likely damage of a failure event” 

Cites (Hashimoto et al., 1982) 

Engineering 

resilience 

Water systems 

engineering 

(Kjeldsen & 

Rosbjerg, 

2004) 
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11.3. Boolean search logic (Chapter 2, Section 2.2.3.2) 

Table 11.3-1 Boolean search logic for Scopus searches performed during the literature review 

Last 

updated 

Keywords Search fields Document types 

selected 

Excluded document 

types 

Scopus boolean logic 

17/03/22 “Resilience” Article title 

Abstract 

Keywords 

article, conference 

paper, review, book 

chapter, book, 

conference review, 

data paper, report 

note, letter, 

conference review, 

short survey, 

editorial, erratum, 

abstract report, 

business article, 

undefined 

(TITLE-ABS-KEY(Resilience)) AND PUBYEAR > 1969 AND PUBYEAR < 

2022 AND ( LIMIT-TO ( DOCTYPE,"ar" ) OR LIMIT-TO ( DOCTYPE,"cp" 

) OR LIMIT-TO ( DOCTYPE,"re" ) OR LIMIT-TO ( DOCTYPE,"ch" ) OR 

LIMIT-TO ( DOCTYPE,"cr" ) OR LIMIT-TO ( DOCTYPE,"bk" ) OR LIMIT-

TO ( DOCTYPE,"dp" ) ) 

17/03/22 “Resilience” 

AND 

“Water” 

Article title 

Abstract 

Keywords 

article, conference 

paper, review, book 

chapter, book, 

conference review, 

data paper, report 

note, letter, 

conference review, 

short survey, 

editorial, erratum, 

abstract report, 

business article, 

undefined 

(TITLE-ABS-KEY(Resilience) AND TITLE-ABS-KEY(Water)) AND 

PUBYEAR > 1969 AND PUBYEAR < 2022 AND ( LIMIT-TO ( 

DOCTYPE,"ar" ) OR LIMIT-TO ( DOCTYPE,"cp" ) OR LIMIT-TO ( 

DOCTYPE,"re" ) OR LIMIT-TO ( DOCTYPE,"ch" ) OR LIMIT-TO ( 

DOCTYPE,"cr" ) OR LIMIT-TO ( DOCTYPE,"bk" ) OR LIMIT-TO ( 

DOCTYPE,"dp" ) ) 

17/03/22 “Resilience” 

AND 

Article title 

Abstract 

article, conference 

paper, review, book 

note, letter, 

conference review, 

(TITLE-ABS-KEY(Resilience) AND TITLE-ABS-KEY(Wastewater)) AND 

PUBYEAR > 1969 AND PUBYEAR < 2022 AND ( LIMIT-TO ( 
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“Wastewater” Keywords chapter, book, 

conference review, 

data paper, report 

short survey, 

editorial, erratum, 

abstract report, 

business article, 

undefined 

DOCTYPE,"ar" ) OR LIMIT-TO ( DOCTYPE,"cp" ) OR LIMIT-TO ( 

DOCTYPE,"re" ) OR LIMIT-TO ( DOCTYPE,"ch" ) OR LIMIT-TO ( 

DOCTYPE,"cr" ) OR LIMIT-TO ( DOCTYPE,"bk" ) OR LIMIT-TO ( 

DOCTYPE,"dp" ) ) 

17/03/22 “Dynamic” 

AND 

“Resilience” 

Article title 

Abstract 

Keywords 

article, conference 

paper, review, book 

chapter, book, 

conference review, 

data paper, report 

note, letter, 

conference review, 

short survey, 

editorial, erratum, 

abstract report, 

business article, 

undefined 

(TITLE-ABS-KEY(Dynamic) AND TITLE-ABS-KEY(Resilience)) AND 

PUBYEAR > 1969 AND PUBYEAR < 2022 AND ( LIMIT-TO ( 

DOCTYPE,"ar" ) OR LIMIT-TO ( DOCTYPE,"cp" ) OR LIMIT-TO ( 

DOCTYPE,"re" ) OR LIMIT-TO ( DOCTYPE,"ch" ) OR LIMIT-TO ( 

DOCTYPE,"cr" ) OR LIMIT-TO ( DOCTYPE,"bk" ) OR LIMIT-TO ( 

DOCTYPE,"dp" ) ) 

17/03/22 “Dynamic” 

AND 

“Resilience” 

AND 

“Water” 

Article title 

Abstract 

Keywords 

article, conference 

paper, review, book 

chapter, book, 

conference review, 

data paper, report 

note, letter, 

conference review, 

short survey, 

editorial, erratum, 

abstract report, 

business article, 

undefined 

(TITLE-ABS-KEY(Dynamic) AND TITLE-ABS-KEY(Resilience) AND 

TITLE-ABS-KEY(Water)) AND PUBYEAR > 1969 AND PUBYEAR < 2022 

AND ( LIMIT-TO ( DOCTYPE,"ar" ) OR LIMIT-TO ( DOCTYPE,"cp" ) OR 

LIMIT-TO ( DOCTYPE,"re" ) OR LIMIT-TO ( DOCTYPE,"ch" ) OR LIMIT-

TO ( DOCTYPE,"cr" ) OR LIMIT-TO ( DOCTYPE,"bk" ) OR LIMIT-TO ( 

DOCTYPE,"dp" ) ) 

17/03/22 “Dynamic” 

AND 

Article title 

Abstract 

article, conference 

paper, review, book 

note, letter, 

conference review, 

(TITLE-ABS-KEY(Dynamic) AND TITLE-ABS-KEY(Resilience) AND 

TITLE-ABS-KEY(Wastewater)) AND PUBYEAR > 1969 AND PUBYEAR < 
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“Resilience” 

AND 

“Wastewater” 

Keywords chapter, book, 

conference review, 

data paper, report 

short survey, 

editorial, erratum, 

abstract report, 

business article, 

undefined 

2022 AND ( LIMIT-TO ( DOCTYPE,"ar" ) OR LIMIT-TO ( DOCTYPE,"cp" 

) OR LIMIT-TO ( DOCTYPE,"re" ) OR LIMIT-TO ( DOCTYPE,"ch" ) OR 

LIMIT-TO ( DOCTYPE,"cr" ) OR LIMIT-TO ( DOCTYPE,"bk" ) OR LIMIT-

TO ( DOCTYPE,"dp" ) ) 

17/03/22 “Process” 

AND 

“Stress” 

Article title 

Abstract 

Keywords 

article, conference 

paper, review, book 

chapter, book, 

conference review, 

data paper, report 

note, letter, 

conference review, 

short survey, 

editorial, erratum, 

abstract report, 

business article, 

undefined 

(TITLE-ABS-KEY(Process) AND TITLE-ABS-KEY(Stress)) AND 

PUBYEAR > 1969 AND PUBYEAR < 2022 AND ( LIMIT-TO ( 

DOCTYPE,"ar" ) OR LIMIT-TO ( DOCTYPE,"cp" ) OR LIMIT-TO ( 

DOCTYPE,"re" ) OR LIMIT-TO ( DOCTYPE,"ch" ) OR LIMIT-TO ( 

DOCTYPE,"cr" ) OR LIMIT-TO ( DOCTYPE,"bk" ) OR LIMIT-TO ( 

DOCTYPE,"dp" ) ) 

17/03/22 “Process” 

AND 

“Stress” 

AND 

“Water” 

Article title 

Abstract 

Keywords 

article, conference 

paper, review, book 

chapter, book, 

conference review, 

data paper, report 

note, letter, 

conference review, 

short survey, 

editorial, erratum, 

abstract report, 

business article, 

undefined 

(TITLE-ABS-KEY(Process) AND TITLE-ABS-KEY(Stress) AND TITLE-

ABS-KEY(Water)) AND PUBYEAR > 1969 AND PUBYEAR < 2022 AND ( 

LIMIT-TO ( DOCTYPE,"ar" ) OR LIMIT-TO ( DOCTYPE,"cp" ) OR LIMIT-

TO ( DOCTYPE,"re" ) OR LIMIT-TO ( DOCTYPE,"ch" ) OR LIMIT-TO ( 

DOCTYPE,"cr" ) OR LIMIT-TO ( DOCTYPE,"bk" ) OR LIMIT-TO ( 

DOCTYPE,"dp" ) ) 

17/03/22 “Process” 

AND 

Article title 

Abstract 

article, conference 

paper, review, book 

note, letter, 

conference review, 

(TITLE-ABS-KEY(Process) AND TITLE-ABS-KEY(Stress) AND TITLE-

ABS-KEY(Wastewater)) AND PUBYEAR > 1969 AND PUBYEAR < 2022 
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“Stress” 

AND 

“Wastewater” 

Keywords chapter, book, 

conference review, 

data paper, report 

short survey, 

editorial, erratum, 

abstract report, 

business article, 

undefined 

AND ( LIMIT-TO ( DOCTYPE,"ar" ) OR LIMIT-TO ( DOCTYPE,"cp" ) OR 

LIMIT-TO ( DOCTYPE,"re" ) OR LIMIT-TO ( DOCTYPE,"ch" ) OR LIMIT-

TO ( DOCTYPE,"cr" ) OR LIMIT-TO ( DOCTYPE,"bk" ) OR LIMIT-TO ( 

DOCTYPE,"dp" ) ) 

 “Stress” 

AND 

“Water” 

Article title 

Abstract 

Keywords 

article, conference 

paper, review, book 

chapter, book, 

conference review, 

data paper, report 

note, letter, 

conference review, 

short survey, 

editorial, erratum, 

abstract report, 

business article, 

undefined 

(TITLE-ABS-KEY(Stress) AND TITLE-ABS-KEY(Water)) AND PUBYEAR 

> 1969 AND PUBYEAR < 2022 AND ( LIMIT-TO ( DOCTYPE,"ar" ) OR 

LIMIT-TO ( DOCTYPE,"cp" ) OR LIMIT-TO ( DOCTYPE,"re" ) OR LIMIT-

TO ( DOCTYPE,"ch" ) OR LIMIT-TO ( DOCTYPE,"cr" ) OR LIMIT-TO ( 

DOCTYPE,"bk" ) OR LIMIT-TO ( DOCTYPE,"dp" ) ) 

 “Stress” 

AND 

“Wastewater” 

Article title 

Abstract 

Keywords 

article, conference 

paper, review, book 

chapter, book, 

conference review, 

data paper, report 

note, letter, 

conference review, 

short survey, 

editorial, erratum, 

abstract report, 

business article, 

undefined 

(TITLE-ABS-KEY(Stress) AND TITLE-ABS-KEY(Wastewater)) AND 

PUBYEAR > 1969 AND PUBYEAR < 2022 AND ( LIMIT-TO ( 

DOCTYPE,"ar" ) OR LIMIT-TO ( DOCTYPE,"cp" ) OR LIMIT-TO ( 

DOCTYPE,"re" ) OR LIMIT-TO ( DOCTYPE,"ch" ) OR LIMIT-TO ( 

DOCTYPE,"cr" ) OR LIMIT-TO ( DOCTYPE,"bk" ) OR LIMIT-TO ( 

DOCTYPE,"dp" ) ) 
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11.4. Results of Boolean Scopus searches (Chapter 2, Section 2.2.3.2) 

Table 11.4-1 Results of Scopus searches for resilience keywords associated with ‘resilience’ and ‘dynamic resilience’. 

Search 

identifier 

Last 

Scopus 

search 

Keyword/s Search fields Timescale Top five subjects Articles 

(Total) 

1a 17/03/22 Resilience Article title 

Abstract 

Keywords 

1970 - 2021 1. Social sciences  

2. Environmental Science  

3. Engineering  

4. Medicine  

5. Computer science  

(13.9%) 30,805 

(11.0%) 24,496 

(10.8%) 24,030 

(9.8%) 21,872 

(8.0%) 17,787 

(125,979) 

1b 17/03/22 Resilience & water Article title 

Abstract 

Keywords 

1970 - 2021 1. Environmental Science  

2. Agricultural and biological sciences  

3. Engineering  

4. Earth and planetary sciences 

5. Computer science  

(27.3%) 6,093 

(17.9%) 4,001 

(9.2%) 2,061 

(9.1%) 2,035 

(9.0%) 2,005 

(12,009) 

1c 17/03/22 Resilience & wastewater Article title 

Abstract 

Keywords 

 1. Environmental science  

2. Engineering  

3. Agricultural and biological sciences  

(35.0%) 429 

(13.1%) 161 

(6.4%) 78 
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4. Social sciences  

5. Energy  

 

(6.4%) 78 

(5.4%) 66 

(638) 

2a 17/03/22 Dynamic & resilience Article title 

Abstract 

Keywords 

1970 - 2021 1. Engineering  

2. Computer science  

3. Environmental science  

4. Social sciences  

5. Agricultural and biological sciences  

(17.4%) 2,326 

(14.4%) 1,914 

(10.4%) 1,390 

(9.5%) 1,267 

(6.2%) 824 

(7,365) 

2b 17/03/22 Dynamic & resilience & 

water 

Article title 

Abstract 

Keywords 

1970 - 2021 1. Environmental science  

2. Agricultural and biological sciences 

3. Engineering  

4. Earth and planetary sciences  

5. Social sciences  

(27.9%) 341 

(14.0%) 171 

(13.2%) 161 

(9.2%) 112 

(8.8%) 108 

(658) 

2c 17/03/22 Dynamic & resilience & 

wastewater 

Article title 

Abstract 

Keywords 

1970 - 2021 1. Environmental science  

2. Engineering  

3. Chemical enigineering  

4. Biochemistry genetics and molecular biology  

5. Energy  

(26.5%) 13 

(16.3%) 8 

(10.2%) 5 

(8.2%) 4 

(6.1%) 3 

(23) 
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3a 17/03/22 Process stress Article title 

Abstract 

Keywords 

1970 - 2021 1. Engineering  

2. Materials science  

3. Biochemistry genetics and molecular biology  

4. Medicine  

5. Physics and astronomy 

(19.5%) 147,857 

(12.9%) 97,918 

(10.0%) 75,585 

(9.5%) 71,613 

(7.8%) 58,869 

(418,664) 

3b 17/03/22 Process stress & water Article title 

Abstract 

Keywords 

1970 - 2021 1. Engineering  

2. Agricultural and biological sciences  

3. Environmental science  

4. Earth and planetary sciences  

5. Biochemistry, genetics and molecular 

biology  

 

(14.3%) 9,129 

(14.1%) 9,031 

(12.6%) 8,052 

(11.2%) 7,188 

(8.2%) 5,267 

(35,406) 

3c 17/03/22 Process stress & wastewater Article title 

Abstract 

Keywords 

1970 - 2021 1. Environmental science  

2. Chemical engineering  

3. Engineering  

4. Chemistry  

5. Biochemistry, genetics and molecular 

biology  

 

(35.7%) 974 

(11.6%) 316 

(10.0%) 273 

(9.9%) 271 

(5.9%) 160 

(1,422) 
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4a 17/03/22 Stress & water Article title 

Abstract 

Keywords 

1970 - 2021 1. Agricultural and biological sciences 

2. Engineering  

3. Environmental science 

4. Biochemistry, genetics and molecular 

biology 

5. Earth and planetary sciences 

(18.9%) 72,276 

(12.3%) 47,190 

(12.0%) 45,981 

(10.0%) 38,151 

(8.7%) 33,276 

(218,566) 

4b 17/03/22 Stress & wastewater Article title 

Abstract 

Keywords 

1970 - 2021 1. Environmental science 

2. Engineering 

3. Chemical Engineering 

4. Agricultural and biological sciences 

5. Chemistry 

(34.3%) 2,735 

(8.9%) 712 

(8.7%) 691 

(8.3%) 663 

(7.2%) 574 

(4,221) 
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11.5. Additional plots from Scopus searches 

 

Fig. 11.5-1 Publication subject divisions for Scopus searches based on the term ‘resilience’. 

 

Fig. 11.5-2 Publication subject divisions for Scopus searches based on the term ‘resilience’ and ‘water’. 
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11.6. Computed values form the Ofwat PR19 

Table 11.6-1 Resilience assessment of UK water companies from the PR19 evaluation by Ofwat. 

UK Water 

Utility 

Delivering outcomes 

for customers 

Securing long 

term resilience 

Targeted controls, 

markets and innovation 

Sum of 

weights (W) 

Anglian Water B (0.5) C (-0.5) B (0.5) 0.5 

Dŵr Cymru C (-0.5) C (-0.5) C (-0.5) -1.5 

Northumbrian 

Water 

C (-0.5) C (-0.5) C (-0.5) -1.5 

Hafren Dyfrdwy D (-1.0) D (-1.0) C (-0.5) -2.5 

Severn Trent 

Water 

C (-0.5) C (-0.5) C (-0.5) -1.5 

South West 

Water 

B (0.5) B (0.5) C (-0.5) 0.5 

Southern Water C (-0.5) D (-1.0) C (-0.5) -1.5 

Thames Water C (-0.5) D (-1.0) C (-0.5) -2.0 

United Utilities C (-0.5) B (0.5) B (0.5) 0.5 

Wessex Water C (-0.5) C (-0.5) B (0.5) -0.5 

South Staffs 

Water 

C (-0.5) D (-1.0) C (-0.5) -2.0 

Yorkshire Water C (-0.5) C (-0.5) B (0.5) -0.5 

Affinity Water C (-0.5) D (-1.0) C (-0.5) -2.0 

Bristol Water C (-0.5) C (-0.5) C (-0.5) -1.5 

Portsmouth 

Water 

C (-0.5) C (-0.5) C (-0.5) -1.5 

South East 

Water 

B (0.5) C (-0.5) B (0.5) 0.5 

SES Water C (-0.5) C (-0.5) C (-0.5) -1.5 

Totals -6.0 -9.0 -2.5  

https://www.ofwat.gov.uk/publication/pr19-initial-assessment-of-plans-dwr-cymru-company-categorisation/
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Fig. 11.6-1 The ability of the UK water utilities to provide targeted controls and innovation based on the weightings 

shown in below: 

A (1.0) = High quality, ambitious and innovative plan with evidence that overall is sufficient and convincing. 

B (0.5) = High quality plan, not sufficiently ambitious and innovative to be exceptional with evidence that overall is sufficient. 

0.0 = Neutral point, where evidence of securing long tern resilience is sufficient. 

C (-0.5) = Concerns with the plan: Plan falls short of high quality and/or evidence is insufficient and/or unconvincing in some areas. 

D (-1.0) = Substantial concerns with the plan: Plan falls significantly short of required quality and/or little or no evidence, or no 

evidence. 
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11.7. Supplementary figures from the second international 

survey (September 2021 to August 2022) 

 

Fig. 11.7-1 Geographical location of respondents. 



366 

 

  

Fig. 11.7-2 Role definition of respondents in the second international survey. 
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Fig. 11.7-3 Specialism of respondents in the second international survey. 



368 

 

 

Fig. 11.7-4 Sector of respondents in the second international survey. 
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Fig. 11.7-5 Understanding of ‘dynamic resilience’ by specialism from the second international survey. 
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Fig. 11.7-6 Understanding of stressors and ‘process stress’ from the second international survey. 

 

Fig. 11.7-7 Supplementary analyses for ‘dynamic resilience’ from the second international survey. 
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Fig. 11.7-8 Frequency counts for dynamic data-driven and empirical visualisations according to Question 5a in Table 

11.12-1. 

 



372 

 

11.8. Completed UPR16 ethical conduct forms 

11.8.1. Ethical review 1: expert and practitioner surveys (Tech2019-

TH-0.2) 
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11.8.2. Ethical review 2: expert and practitioner surveys, including 

data management (Tech2019-T.H-0.3) 
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11.8.3. Ethical review 3: expert and practitioner surveys (TECH2021-

T.H-0.1) 
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11.9. The computer built for the completion of this research 

 

Fig. 11.9-1 Schematic diagram of the computer built to complete the simulations in Chapters 6 and 7. 

Processor: Intel(R) Core(TM) i9-9900K CPU @ 3.60GHz with hyperthreading for 16 cores 

(8 virtual). 

Graphics processing unit: Nvidia Quadro P2200, 5 GB memory 

Random access memory: 128 GB 
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11.10. International survey 1 datastore 

 

Data associated with international survey 1 

https://drive.google.com/drive/folders/1P0xELckalbj6Wpy8a0dqzYdrfbdBJYnE?usp=sharin

g 

 

https://drive.google.com/drive/folders/1P0xELckalbj6Wpy8a0dqzYdrfbdBJYnE?usp=sharing
https://drive.google.com/drive/folders/1P0xELckalbj6Wpy8a0dqzYdrfbdBJYnE?usp=sharing
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11.11. International survey 2 datastore 

 

Data associated with international survey 2 

https://drive.google.com/drive/folders/1h48X4iphI8EdG8xA1_bsdDDV0vyBpMtq?usp=shari

ng 

 

https://drive.google.com/drive/folders/1h48X4iphI8EdG8xA1_bsdDDV0vyBpMtq?usp=sharing
https://drive.google.com/drive/folders/1h48X4iphI8EdG8xA1_bsdDDV0vyBpMtq?usp=sharing
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11.12. International survey 2 respondent comments 

Table 11.12-1 Questions, respondent proportions and comments provided during the second international survey conducted between September 2021 and August 2022. 

No Question Y (n) 

N (n) 

Y (%) 

N (%) 

Comments 

1 Should stressors and process stresses 

be separated to understand each 

independently? 

53 

22 

71 

29 

N/A 

2 Would further simplifications like a 

traffic light-style system further 

improve communication to 

operational staff? 

69 

6 

 

92 

8 

1. Traditional Traffic light system may be too overpowering in terms of stresses. 

2. I don't know the objectives of the visualisations, so I can't answer this question. 

3. It cannot be simplified. 

4. Educates for response without understanding the process. 

5. Too simplistic. 

6. Operators need data to determine the cause & effect of stressors. 

3 Would combining dynamic 

modelling approaches with real 

instrument data to understand 

‘dynamic resilience’ improve the 

understanding of wastewater systems 

or processes? 

72 

3 

96 

4 

1. Operational personnel are more simplistic in nature. High grade information is suitable for technical/ engineering 

personnel. 

2. At this stage process models are not that good at predicting change unless a lot of time is spent in retrospect 

trying to model what you think may have caused the stress. 

4 Would you use ‘dynamic resilience’ 

methodologies that quantified the 

severity of climate change, consumer 

behavioural changes (COVID 19) and 

growing global populations? 

69 

6 

92 

8 

1. I think better understanding of the stressors are needed before this is possible. 

2. My organisation is not yet ready. 

3. Not relevant to compliance. 

4. Too many variables. 

5a Which would you prefer for the 

visualisation of stressors and process 

stresses? 

N/A N/A See below: 

5b Considering your previous selection, 

would you consider the visualisations 

presented communicable to 

operational staff? 

62 

13 

83 

17 

1. I believe that this requires a certain knowledge and skill level to interpret. These would need to be put into real 

words and terms. 

2. Depending on level of education of operational staff a more clear information should be used. 

3. Operational staff in our plant do not hold university degrees, and have hard time understanding dynamic process. 

4. Simple messages needed, less parameters at the same time. 
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5. I do not think they would understand what the image. 

6. From the visualisations, I didn't know what I was looking at. They are too small, and there was no explanation. 

7. Too complicated for average staff. 

8. Not sure it would be understood. 

9. Depends on the operator. 

6 Please state any further comments or 

recommendations for the future 

direction of the research presented? 

N/A N/A 1. I would recommend looking to demonstrate with application to bring the model to life. This could also drive 

test/adoption to validate the research hypotheses. 

2. The monitoring and effect of treatment steps to improve the effluent quality regarding pharmaceuticals, PTFO's, 

micro plastics etc. 

3. This research could be expanded to sewer networks. Combined with sensors it may lead to better management of 

networks. 

4. Untreated sewage flowing directly to the lakes. 

5. Technology to support water wisdom. 

6. Response time of biological processes for failure and recovery. 

7. Identifying Stressors is useless if no practical solutions are identified. 

8. The main stressors in wastewater treatment will be the variation in the flow, load, and pollutant concentration 

received at the treatment works. These will be the initial environmental conditions that provide the stress. 

Understanding these will impact the choice of treatment process and the ability for a process to respond to 

changes. These stressors may have a cascaded response, that for example would be different for batch v 

continuous processes. 

9. In our case we treat and reuse >75% of our treated waste water; albeit for industrial applications. So, we do need 

to maintain high standards for the treated water quality. Our complex also has its own catchment pond and raw 

water treatment plant. So, we do also treat our own raw water for boiler, cooling tower, fire-fighting as well as 

for potable use. We also recover the waste streams from our RO plants. 

10. Relevance to statutory or contractual compliance. 

11. Proper characterization of process stresses and stressors with samples taken at frequent intervals and tracked over 

2x the sludge age. 

12. Computational and modelling methods can assist, but WWTPs must be continuously monitored with data to 

maintain optimum operability. 

13. Reduce complexity. 

14. I’d be interested in discussing more this in relation to wastewater-based epidemiology. 

15. When a wastewater pond is found inadequate, do we need to abandon it or there is need to rebuild it. 

16. How to treat spent acid. 
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11.13. Case study 1: supplementary information 

 

Data related to case study 1 

https://drive.google.com/drive/folders/1bbgMKVuGNrwa9aMISTAZTn3xqVQARNdu?usp=

sharing 

 

https://drive.google.com/drive/folders/1bbgMKVuGNrwa9aMISTAZTn3xqVQARNdu?usp=sharing
https://drive.google.com/drive/folders/1bbgMKVuGNrwa9aMISTAZTn3xqVQARNdu?usp=sharing
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11.14. Case study 2: Schematic layout of Simulink models 

 

Fig. 11.14-1 Slave and master Simulink model schematic used for Case study 2. 

 



382 

 

11.15. Case study 2: supplementary plots 

 

Fig. 11.15-1 Case 2: Hourly flow for years 2009 to 2020. 

 

Fig. 11.15-2 Case study 2: boxplots of hourly flow for years 2009 to 2020. 
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Fig. 11.15-3 Case study 2: average hourly flow for years 2009 to 2020. 

 

Fig. 11.15-4 Case study 2: skewness and kurtosis of hourly flow for years 2009 to 2020. 
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Fig. 11.15-5 Case study 2: probability plot for normal distribution of hourly flow for years 2009 to 2020. 

 

Fig. 11.15-6 Case study 2: consecutive high and low flow events for years 2009 to 2020. 
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11.16. Case study 2: data store 

 

Data and files associated with case study 2 

https://drive.google.com/drive/folders/10bSQS6uvSJv9eLa3HMuBBwKRaj-

V8WdP?usp=sharing 

 

https://drive.google.com/drive/folders/10bSQS6uvSJv9eLa3HMuBBwKRaj-V8WdP?usp=sharing
https://drive.google.com/drive/folders/10bSQS6uvSJv9eLa3HMuBBwKRaj-V8WdP?usp=sharing
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11.17. Case study 3: Schematic layout of Simulink models 

 
Fig. 11.17-1 Slave Simulink model schematic used for Case study 3. 
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Fig. 11.17-2 Master Simulink model schematic used for Case study 3. 
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11.18. Case study 3: supplementary plots 

 

Fig. 11.18-1 Case study 3 mean and median increase in influent flow. 

 

Fig. 11.18-2 Case study 3 clustered diurnal flows for low, medium (SOC) and high conditions. 
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Fig. 11.18-3 Case study 3 boxplots of diurnal flows based on 15 min increments following data cleaning. 
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Fig. 11.18-4 Case 3 silhouette plot a) and cluster densities for each flow condition b). 
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11.19. Case study 3 data store 

 

Data and files associated with case study 3 

https://drive.google.com/drive/folders/1yrAYE-

yYUK3ZEM7gomLYuNkJbsFRfZqU?usp=sharing 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

https://drive.google.com/drive/folders/1yrAYE-yYUK3ZEM7gomLYuNkJbsFRfZqU?usp=sharing
https://drive.google.com/drive/folders/1yrAYE-yYUK3ZEM7gomLYuNkJbsFRfZqU?usp=sharing
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11.20. UPR16 form 
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