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Abstract 11 

Climate change, population growth and increasing regulation are causing wastewater treatment 12 

plants to become increasingly stressed, especially in countries like the UK, where many of these 13 

systems date back to the early part of the 20th century. Understanding resilience dynamics for these 14 

ageing wastewater assets represents a fundamental step in classifying multi-dimensional water 15 

stressors toward preventing severe pollution incidents. This paper explores the potential of a novel 16 

dynamic resilience approach to assess and predict the dynamic resilience of biological wastewater 17 

treatment based on the separation of stressor events (cause) and process stress (effect) to consider 18 

the deviation from reference conditions. The approach presented provides a fundamental link 19 

between (1) conventional activated sludge modelling methodologies, (2) actual biological wastewater 20 

process instrument data (potential for knowledge discovery) and (3) the characterisation of dynamic 21 

resilience in wastewater treatment processes. Results first present the dynamic resilience approach 22 
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by modelling simulated shock flow conditions on an activated sludge plant, then incorporates ten 23 

years of wastewater process instrument data to demonstrate the actual dynamic resilience. The aim 24 

is to represent the “dynamic resilience” as self-ordering windows, a visual knowledge base (three 25 

dimensional, heat map), which operational staff can easily interpret. The outcomes presented suggest 26 

that such an approach is feasible and has the potential for real-time identification of conditions that 27 

result in pollution incidents based on actual historical process instrument data (knowledge discovery). 28 

Also, the methods presented could be extended to develop an improved understanding of wastewater 29 

system resilience under a range of future stressor scenarios. 30 

Keywords 31 

Dynamic resilience, Process impact modelling, Process stress, Dynamic modelling, Wastewater 32 

modelling 33 

Nomenclature 34 

𝑏𝐻  Decay coefficient for heterotrophs (d-1) 35 

COD  Chemical Oxygen Demand (g m-3) 36 

*CVH  Coefficient of variance for heterotrophs 37 

*CVQ  Coefficient of variance for influent flow 38 

*Df  Event dominance factor 39 

pF  Probability of a process failure 40 

*pFLT  Probability of failure (lower tier) 41 

*pFUT  Probability of failure (upper-tier) 42 

Pr  Prominence of event 43 

*𝑃𝑆𝐼  Process Stress Index 44 
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Rel  Process reliability 45 

*RelLT  Process reliability (lower-tier) 46 

*RelUT  Process reliability (upper-tier) 47 

𝑟𝑆𝑠  Observed conversion rate for soluble substrate (g m-3 h-1) 48 

𝑆𝑠  Soluble substrate (g COD. m-3) 49 

*𝑆𝐼  Stressor Index 50 

*SOW  Self Ordering Window 51 

XBH  Concentration of heterotrophs (g. m-3) 52 

𝑌𝐻  Yield coefficient for heterotrophs (g cell COD formed. (g cell COD oxidised)-1) 53 

𝜌1  Process rate for aerobic growth of heterotrophs (g m-3 h-1) 54 

𝜌4  Process rate for hydrolysis of entrapped organics (g m-3 h-1) 55 

�̂�𝐻  Maximum specific growth rate for heterotrophs (d-1) 56 

*Proposed novel parameter  57 

1. Introduction 58 

UK water companies are at a crisis point in managing the impact stressors exert on their ageing 59 

sewerage infrastructure and wastewater assets. These stressors result from climate change, 60 

population growth, changes in consumer behaviour and increasingly stringent discharge permits. In 61 

the UK, the water sector financial regulator, Ofwat (2019), summarised the crucial challenges to water 62 

company performance as (1) environmental impacts, (2) securing long term resilience and (3) keeping 63 

water services affordable to customers (ch2m and Ofwat, 2017; Ofwat, 2015). Since the privatisation 64 

of the UK water sector in 1986, shareholders have demanded significant dividends, reducing funding 65 

for the proactive maintenance of ageing assets (reduced resilience). Rather than replacement, these 66 
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assets have been serially updated rather than replaced (DEFRA, 2012). This strategy has reduced 67 

wastewater process resilience and has been further compounded by rising environmental and 68 

population-based stressors (Armitage, 2012; Bayliss, 2014). More recently, new stressors have 69 

emerged, applying tremendous pressure on water resources. For example, the COVID 19 pandemic 70 

has changed the demand on water distribution and, in turn, wastewater production patterns, 71 

including stressors associated with masks, wipes, and biocides in wastewaters (Gude and Muire, 72 

2020). The UK Meteorological Office (2020) estimates a 30% increase in potable water demand in 73 

suburban residential areas and a proportional decrease in demand. Comparatively, in large cities, the 74 

opposite occurred, with water demand falling by 30 %, meaning wastewaters became been more 75 

concentrated. These additional stressors exert additional stress on existing wastewater treatment 76 

processes, further impacting their long-term resilience, short-term performance and environmental 77 

impact.  78 

Many existing resilience methods consider the whole wastewater treatment system boundary rather 79 

than discrete unit processes, which may respond differently to external stressors. Research typically 80 

follows a lumped parameter approach to measure resilience in wastewater infrastructure, evaluating 81 

the whole treatment system at its boundary, known as Global Resilience Analysis (GRA). The GRA 82 

methodology has been adapted for wastewater applications as presented by Mugume (2015) with 83 

state of the art review performed by Juan-García et al. (2017). Other researchers have combined 84 

resilience and reliability frameworks such as the Safe and SuRe framework introduced by Butler et al. 85 

(2014). However, these approaches also propose analysing the whole Wastewater Treatment Plant 86 

(WwTP), using the ‘stressor’ to explain static variations from a benchmarked condition (Diao et al. 87 

2016; Sweetapple et al. 2018; 2019). This analogy works if the benchmark condition is fixed but is not 88 

suitable for the real dynamic oscillations resulting from diurnal and seasonal changes. For example, 89 

biological treatment processes can have numerous complex and dynamic responses to stressor 90 

events. Therefore, to understand the dynamics of resilience, it is vital to model biological wastewater 91 

process resilience in sufficient detail and avoid the iterative, scenario-based methods used in research 92 
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focussed on traditional mechanistic models (Fadare and Okoffo, 2020; Patrício Silva et al. 2020; 93 

Sharma et al. 2020).  94 

This paper explores the potential of modelling the long term dynamic resilience of biological treatment 95 

wastewater assets through decoupling the stressor (cause) from the stresses occurring in a process 96 

(effect) introduced by Holloway et al. (2021). As presented in Fig. 1, this approach treats the stressor 97 

and process stress as mutually exclusive, with independent characteristics.  98 
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Fig. 1 Diagram showing dynamic resilience, with the stressor (cause) and process stress (effect) (Holloway et al. 2021). 100 

The need to understand the dynamics of resilience was confirmed in a survey of water sector 101 

stakeholders (including operational staff), revealing that 82 % considered a modelling tool for 102 

evaluating process stresses as necessary to avoid process-related failures (Holloway et al. 2019). These 103 

outcomes led to the development of an initial ‘state-based’, dynamic resilience evaluation using a heat 104 

map of the primary sedimentation process (Holloway et al. 2021). These methods were limited to the 105 

confines of the empirical model and the number of theoretical observations computed by the Monte-106 

Carlo simulations (not based on actual data). To fully explore the dynamics of resilience, it is crucial to 107 

consider the complexity of the multivariate transformations in biological wastewater treatment 108 

systems, which can only be exploited with the use of mechanistic modelling and actual instrument 109 
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data. This evaluation could then be analogous to knowledge the discovery from real data, while 110 

understanding the dynamics of resilience resulting from external environmental factors such as 111 

temperature and dilution (flow) variations that are increasing due to climate change (Maule et al. 112 

2017). 113 

Knowledge discovery has been proposed for wastewater treatment processes since the early work of 114 

Comas (2001), which used unsupervised clustering followed by the development of Case-Based 115 

Reasoning by Comas et al. (2006), which stores events (cases) in a knowledge base. Although these 116 

methods are comprehensive, the use of real instrument data and the presentation of a visual 117 

knowledge base was not considered, narrowing the application of such systems. Therefore knowledge 118 

can be stored easily, but communication after storage to those with an empirical understanding of 119 

wastewater treatment plant is a fundamental challenge, which must conform to operational norms 120 

such as control charts. More recently, Vasilaki et al. (2020) used knowledge discovery and Support 121 

Vector Machines to predict N2O emissions from Sequencing Batch Reactors, which contrasts with the 122 

work of Corominas et al. (2018). This research presented a Gartner hype cycle plot, classifying SVM as 123 

the ‘peak of inflated expectations’. Conversely, Artificial Neural Networks, Fuzzy logic, regression, 124 

Principal Component Analysis, Partial Least Squares, mass balance and control chart were described 125 

as the ‘plateau of productivity’, with others, such as Dürrenmatt (2012), considering data-driven 126 

modelling to predict sensor replacement and diagnose faults. Therefore, although previous knowledge 127 

discovery methods have provided robust outcomes, no attempt has been made to simplify data 128 

(knowledge) through ordering and visualisation to improve operational staff interpretation (Dagenais 129 

et al. 2020).  130 

With over thirty years of application, the IWA ASM series of models has become a well-accepted ‘white 131 

box’ convention for Activated Sludge (AS) modelling (Henze et al. 2002). These models have formed 132 

the base model for many of the Plant Wide (PWM) and Extended Plant Wide (E-PWM) models, such 133 

as those presented by Solon et al. (2017) and Mbamba (2016). Based on mechanistic conversions, ASM 134 

models can provide a good level of accuracy; however, as described by Regmi et al. (2018), experts 135 
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are required to generate accurate models in practice (Guanghao et al. 2020). This is due to ASM 136 

outputs being dependent on a large number of interrelated factors, namely; (1) the quality and 137 

quantity of data available for calibration; (2) how the data is cleaned; (3) the accuracy required to 138 

validate the model, and (4) the modelling expertise available. Understanding all of these factors is 139 

crucial in developing a ‘white box’ model instead of a black box, which forms the basis of data-driven 140 

methodologies that use pre-packaged algorithms to predict model outputs (Zhao et al. 2021). The key 141 

concern with using these black-box algorithms (data-driven methods) for unsupervised learning, 142 

particularly in wastewaters, is understanding whether the correct model outputs are achieved and 143 

how the process risk is managed. A proposed extension to ASM methods is ‘hybrid modelling’, which 144 

combines mathematical models and actual data in Artificial Neural Networks (Xu et al. 2020, 2021). 145 

These models will likely improve model predictions (Bagheri et al. 2015), but first, a means of 146 

evaluating and communicating learned process knowledge from real process data must be developed. 147 

Many researchers such as Santos et al. (2020) have focussed on the short and long term accuracy of 148 

ASM models rather than developing communicable outputs. This has prevented them from being 149 

more widely applied for evaluating resilience or knowledge discovery when using actual stochastic 150 

data, as described by Regmi et al. (2018). Although, simplifications could be made to reduce the 151 

mechanistic rigidity of the ASM models to accept real instrument data and develop a methodology to 152 

evaluate the dynamics of resilience and present the knowledge discovered to those operating 153 

wastewater treatment processes. Initial interest in this research area was presented by García et al. 154 

(2018). However, there is no evidence to suggest that modelling, coupled with actual instrument 155 

process data, has been used to communicate process resilience outputs operational staff who, as 156 

described by Langergraber (2018), make empirical observations. To address this, processed outputs 157 

from instrument data must be presented in a versatile yet straightforward visual format that self-158 

orders. Also, to avoid over-processing, modelling and data cleaning must adopt a macro approach 159 

rather than processing/modelling each instrument micro-variation, described by Newhart et al. (2019) 160 

as computationally intensive.  161 
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Overall the modelling and simulation of wastewater treatment processes has become a largely 162 

iterative program-test exercise for niche process scenarios (Piotrowski et al., 2019) and has not been 163 

adapted to consider the dynamics of resilience. If nothing is done to learn from the vast number of 164 

process variants and their resilience then, water companies will not be prepared for the challenges 165 

faced by climate change and changes in consumer behaviour through unexpected events, such as 166 

pandemics (Meteorological Office, 2020). 167 

This study investigates the novel concept of dynamic resilience (stressor and process stress) for 168 

biological wastewater treatment processes. Two evaluations are presented to progressively evaluate 169 

and visualise process knowledge in ten years of dynamic biological wastewater process data. The first 170 

stage simulates hypothetical time-based shock flow conditions (Evaluation 1) and the variation of 171 

dynamic resilience while considering the prominence/dominance of events. Evaluation 2 transforms 172 

actual process instrument data to detect process-related events (and failures) to present dynamic 173 

resilience as three-dimensional self-ordering windows to communicate discovered knowledge 174 

(contour-based heat plots). This research extends current resilience methodologies beyond the 175 

conventional stressor analogy to incorporate the dynamics of resilience in the context of modelling 176 

and real biological wastewater instrument data.  177 

2. Materials and methods 178 

The assessment of the proposed dynamic resilience approach for biological wastewater treatment 179 

processes was undertaken in two evaluations. Initially, a model IWA ASM1 was developed for a 180 

hypothetical plant receiving 16,952 m3 d-1 with an MLSS of 1600 mg L-1 under steady-state conditions. 181 

Evaluation 1 simulated shock inflow conditions from 2,000 to 30,000 m3 d-1 as the ‘master’ ASM model 182 

to investigate the stressor and process stress (dynamic resilience), then scaled it against the reference 183 

condition, or slave, model. This allowed the development of a time-based dynamic resilience plot, 184 

decoupling the cause (stressor) and effect (process stress). Evaluation 2 extended this methodology 185 

to an actual site where a static and dynamic slave model was used to compare the divergence of model 186 
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outputs against ten years of monitoring data after pre-processed to remove any anomalies and 187 

instrument failures (master). 188 

2.1 Modelling strategy for the demonstration of dynamic resilience 189 

A modified STOWA (Dutch Foundation of Applied Water Research) protocol originally presented by 190 

Hulsbeek (2002) was selected for dynamic modelling of AS processes as it allows for a clear definition 191 

of modelling objectives (including complexity requirements), which has been vital for the 192 

development of new modelling concepts used more recently by Bentancur et al. (2021). The STOWA 193 

objectives developed for this study dictate that modelling must provide only the necessary level of 194 

complexity to demonstrate dynamic resilience robustly. These objectives have informed the 195 

methodology presented in Fig. 2, which shows three stages and seven steps, where: Stage 1 is dynamic 196 

process model (step 1) and reference condition selection (step 2); Stage 2 iterates model outputs (step 197 

3) and computes data variances to evaluate event prominence and dominance (step 4); Stage 3, 198 

evaluates and scales the benchmark variation (step 6) to produce Self Ordering Windows (SOW) (step 199 

7).  200 

For the hypothetical simulated shock conditions (Evaluation 1) in stage 1, modelling outputs used 201 

steps 1 to 5, so only a partial time-based representation of dynamic resilience. In Evaluation 2, all 202 

stages and steps in Fig. 2 were completed to generate a SOW for the stressor and process stress 203 

independently. This improved visual communication, presenting the transformed data in a format that 204 

considers international norms like the risk assessment matrix (HSE, 2019) and traffic light systems 205 

proposed by Guéguen & Tiganescu, (2017) for the appraisal of building damage states. Additionally, 206 

both evaluations also computed parameters relating to asset health, such as failure probability and 207 

process reliability.  208 
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Fig. 2 Modified STOWA protocol for evaluating dynamic resilience of wastewater treatment processes. 210 

Modelling was performed according to the IWA ASM1 modelling methodology. The model 211 

representation follows the notation in the guidelines presented by Rieger et al. (2013), where; (1) 212 

heterotrophic or autotrophic growth and decay, represented by 𝑗(1−𝑁) (mass balance); (2) are 213 

components such as soluble substrate (Ss) (𝑖(1−𝑁)), incorporating the yield coefficients (𝑌); (3) are the 214 

process rates (𝜌𝑗), incorporating biomass concentration, maximum specific growth rate (�̂�), half 215 
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velocity constant (𝐾) and specific decay coefficient (b); (4) is the observed conversion rates (𝑟𝑖), 216 

incorporating yield coefficients, and process rate equations in each component (𝑖). Eq 1 shows the 217 

heterotrophic biomass substrate consumption and the observed conversion rate, when considering 218 

all processes in Eq 2 (Alex et al. 2008). 219 

𝑟𝑆𝑠 =  −
1

𝑌𝐻
 

�̂� 𝑆𝑠

𝐾𝑠+ 𝑆𝑠
 𝑋𝐵𝐻         (1) 220 

𝑟𝑖=2 =  −
1

𝑌𝐻
 𝜌1 −

1

𝑌𝐻
𝜌2 + 𝜌7        (2) 221 

       (3) 222 

          (4) 223 

To demonstrate dynamic resilience in the context of the STOWA objectives defined, a simplified 224 

heterotrophic biomass model used only growth and decay (Eq 3 and 4). This reduced the modelled 225 

process variables (1 and 4) to demonstrate the dynamic, multivariate inputs for influent flow, 226 

recirculated flow, substrate concentration, solids concentration, process temperature (Arrhenius) and 227 

yield coefficients. 228 

2.2 Simulation strategy for demonstration of dynamic resilience (dynamic and slave) 229 

MATLAB® (ver. 2020b) and Simulink were used for dynamic simulation and the IWA ASM1 model 230 

analysis. A dynamic model schematic was constructed as described by Alex et al. (2008) and Lacopozzi 231 

et al. (2007), which generated simulation data for the dynamic resilience evaluation (Vrecko et al. 232 

2006). Fig. 3 shows the three-stage, divergent simulation and analytical strategy for the investigation 233 

of dynamic resilience. Stage 1 in Fig. 3 incorporates the two simulation models, with model 1a the 234 

dynamic process (master) and model 1b the constant or dynamic reference point (slave). Stage 2 235 

outputs ‘dynamic resilience’ as the magnitude of stressor and process stress variation about the 236 

reference point (slave). Also, during Stage 2, exploratory analysis for process related parameters are 237 

computed, such as event prominence (Pr), dominance factor (Df), and the upper/ lower-tier probability 238 

of process failure/reliability (pF, Rel). Stage 3a computes dynamic resilience by generaring the Stressor 239 

1 =  �̂�𝐻 (
𝑆𝑆

𝐾𝑆 + 𝑆𝑆

) (
𝑆𝑂

𝐾𝑂.𝐻 + 𝑆𝑂

) 𝑋𝐵.𝐻 

4 = 𝑏𝐻𝑋𝐵𝐻 



12 
 

(SI) and Process Stress Index (PSI). Finally, Stage 3b visualises the knowledge discovered in the 240 

analytical element (Stage 3a) as two SOW (SI, PSI); linking ASM modelling, actual biological process 241 

instrument data and resilience theory. 242 
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 243 

Fig. 3 Dynamic resilience methodology for the characterisation of stressors and process stresses in biological wastewater 244 

treatment processes (SOW). 245 

2.3 Theoretical basis for dynamic resilience and SOW generation 246 

Process variables in dynamic wastewater treatment processes vary diurnally, weekly and seasonally. 247 

Stressors become prominent as flow and load change over a diurnal profile described by Langergraber 248 

et al. (2008) and Langergraber (2018). As a result, these changes generate process stress with process 249 

rates (j) changing accordingly, causing a loss or gain of active biomass. Climatic conditions are a 250 

significant contributor to process variations and are observed operationally from variations in Mixed 251 

Liquor Volatile and Suspended Solids (MLVSS/MLSS). Additionally, these multivariate interactions 252 

relate to sludge retention/wastage, substrate and nutrient availability which either catalyses microbial 253 

growth or causes endogenous respiration as described by Wang, (2010) and Wojnarowicz et al. (2014). 254 
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Due to the complexity of these interactions, previous ‘state-based’ Monte-Carlo Simulations (MCS) 255 

used to capture physical process stresses, as presented by Holloway et al. (2021), are not suitable for 256 

dynamic biological processes. Dynamic wastewater processes demand a new approach that includes 257 

process stress recovery time, which cannot be achieved with MCS (Guanghao et al. 2020). 258 

In addition to evaluating dynamic resilience, process failure modes must also be considered through 259 

the computation of pF. When using actual process instrument data for computation of pF, limits must 260 

be applied from a reference condition (slave) as presented by Ebrahimi et al. (2017) but also 261 

considering the operational appetite for process risk. In these methods, heterotrophic biomass 262 

concentrations above and below the reference condition limits (slave using limits ±10 %) are 263 

considered process failures (Eq 5). Further clarification on process failures (Eq 6) is identified from 264 

process failures in the upper (𝑝𝐹𝑈𝑇) and lower tier (𝑝𝐹𝐿𝑇) as shown in Eq 5. Also, the inverse of pF, 265 

reliability (Rel) as presented by Zhang et al. (2012), can be easily computed according to Eq 7 for upper 266 

and lower tiers. 267 

𝑝𝐹 =  
(∑ 𝑈𝑡)+(∑ 𝐿𝑡)𝑁

𝑖=0
𝑁
𝑖=0

𝑁
          (5) 268 

{

 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
   269 

 270 

𝑝𝐹𝑈𝑇 =  
(∑  𝑈𝑡)𝑁

𝑖=0

𝑁
    𝑝𝐹𝐿𝑇 =  

(∑  𝐿𝑡)𝑁
𝑖=0

𝑁
    (6) 271 

𝑅𝑒𝑙 = 1 − 𝑝𝐹                    (7) 272 

{
𝑅𝑒𝑙 = 1 − 𝑝𝐹𝑈𝑇

𝑅𝑒𝑙 = 1 − 𝑝𝐹𝐿𝑇
 273 

The dominance of events relates to the magnitude of a stressor event (flow) relative to the process 274 

stress generated (divergence of stressor from process stress). To evaluate event dominance (𝐷𝑓) over 275 

a diurnal profile, and account for the difference in stressor and process stress scale, the simulated 276 

value must first be standardised according to Eq 8 (Johnson, 2017). The value of 𝑍 with respect to the 277 
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y-axis (𝑍𝑦) is then computed for both the stressor (flow) event (𝛿𝑦𝑞𝑠), and process stress, the 278 

magnitude of change in heterotrophic biomass concentration (𝛿𝑦𝑃𝑠). The dynamic variance of the 279 

stressor (𝛿𝑦𝑞𝑠 - 𝛿𝑦𝑞𝑏) and process stress (𝛿𝑦𝑝𝑠 −  𝛿𝑦ℎ𝑏) is computed using model 1a and 1b (Fig. 4). 280 

These are subtracted from the mean-variance and divided by the standard deviation (𝜎) to take 281 

𝑍𝑦𝑠𝑡(𝑖−𝑁) for the exerted stressor, 𝑍𝑦𝑝𝑠(𝑖−𝑁) for the process stress reaction and (𝑍𝑦𝑠𝑠) the stress scale 282 

(Eq 9). Lastly, the dominance (𝐷𝑓) of events for the stressor and process stress are substituted into Eq 283 

10, where the numerator is the divergence of 𝑍𝑦𝑠𝑡(𝑖−𝑁) from 𝑍𝑦𝑝𝑠(𝑖−𝑁) to the dataset stress scale 284 

(𝑍𝑦𝑠𝑠). 285 

𝑍𝑦𝑠𝑡(𝑖−𝑁) =
(𝛿𝑦𝑞𝑠−𝛿𝑦𝑞𝑏)−(𝛿𝑦𝑞𝑠−𝛿𝑦𝑞𝑏)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅

𝜎
 𝑍𝑦𝑝𝑠(𝑖−𝑁) =

(𝛿𝑦𝑝𝑠−𝛿𝑦ℎ𝑏)−(𝛿𝑦𝑝𝑠−𝛿𝑦ℎ𝑏)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅

𝜎
  (8) 286 

𝑍𝑦𝑠𝑠 =  (𝑚𝑎𝑥(𝑍𝑦𝑠𝑡) −  𝑚𝑖𝑛(−𝑍𝑦𝑃𝑠))(𝑖−𝑁)      (9) 287 

𝐷𝑓 =  
𝑍𝑦𝑠𝑡−(−𝑍𝑦𝑝𝑠)

𝑍𝑦𝑠𝑠
   𝐷𝑓̅̅ ̅̅ =  

1

𝑁
 ∑ 𝐷𝑓

𝐷𝑓=𝑁
𝐷𝑓=1     (10) 288 

The dynamic resilience index variables (stressor and process stress) are then computed as process 289 

stress (𝑃𝑆𝐼𝑖−𝑁), and stressor (𝑆𝐼𝑖−𝑁) according to Eq 11 and 12. The 𝑆𝐼𝑖−𝑁 considers the instantaneous 290 

magnitude of flow variation (𝛿𝑦𝑞𝑠 − 𝛿𝑦𝑞𝑏), using simulated hypothetical (Evaluation 1) and real 291 

instrument flow measurements according to Eq 11 (Evaluation 2). These values are then rescaled 292 

between 0 and 1 (Eq 12) to display stressor magnitude based on the wastewater treatment process 293 

influent flow. Eq 12 uses standard notation, where (a) is the desired minimum value and (b) is the 294 

desired maximum value (0 to 1 for stressor and 0 to -1 for the process stress). The (min) and (max) 295 

values in Eq 12 are the minimum and maximum values in the dynamic simulation dataset generated 296 

(master, model 1b). When considering process stresses, 𝑃𝑆𝑖 is the measured process stress (Eq 13), to 297 

the difference between measured reference concentration of heterotrophic biomass 𝛿𝑦ℎ𝑏 (model 1b) 298 

and instantaneous dynamic concentration 𝛿𝑦𝑝𝑠 (model 1a). This value is then rescaled (Eq 14) 299 

between 0 and -1 to compute the 𝑃𝑆𝐼𝑖−𝑁 for each measured variable. 300 
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𝑆𝐼𝑖 = 𝛿𝑦𝑞𝑠 − 𝛿𝑦𝑞𝑏         (11)  301 

𝑆𝐼𝑖−𝑁 =   
(𝑏−𝑎)(𝑆𝐼𝑖−min (𝛿𝑦𝑞𝑠))

max(𝛿𝑦𝑞𝑠) − min (𝛿𝑦𝑞𝑠)
+ 𝑎  𝑆�̅� =  

1

𝑁
 ∑ 𝑆𝐼𝑆𝐼=𝑁

𝑆𝐼=1    (12) 302 

{
 

𝐼𝐹 𝑆𝐼 ≥ 0 = 𝑆𝑐𝑎𝑙𝑒 [0 𝑡𝑜 1] 303 

𝑃𝑆𝑖 = 𝛿𝑦𝑝𝑠 − 𝛿𝑦ℎ𝑏         (13) 304 

𝑃𝑆𝐼𝑖−𝑁 =   
(𝑏−𝑎)(𝑃𝑆𝑖−min (𝛿𝑦𝑝𝑠))

max(𝛿𝑦𝑝𝑠) − min(𝛿𝑦𝑝𝑠)
+ 𝑎  𝑃𝑆𝐼̅̅ ̅̅ ̅ =  

1

𝑁
 ∑ 𝑃𝑆𝐼𝑃𝑆𝐼=𝑁

𝑃𝑆𝐼=1    (14) 305 

{
 𝐼𝐹 𝑃𝑆 ≤ 0 = 𝑆𝑐𝑎𝑙𝑒 [−1 𝑡𝑜 0]

𝐼𝐹 𝑃𝑆 > 0 = 𝑆𝑐𝑎𝑙𝑒 [−1 𝑡𝑜 0]
 306 

2.4 Process selection and boundary 307 

The simplified conventional activated sludge process, as Fig. 4, was used for all simulations. This 308 

process model assumes that preliminary treatment and primary sedimentation have been performed, 309 

and combined Returned Activated Sludge (RAS)/Wasted Activated Sludge (WAS) is by an internal 310 

recirculation loop that excludes final clarification. 311 

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

 312 

Fig. 4 Conventional Activated Sludge ASM1 model process boundary for Evaluation 1 and 2. 313 
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2.5 Data selection and processing for the modelling and simulation of dynamic resilience 314 

As shown, model 1b in Fig. 3 is the reference condition for an AS process fed at fixed or dynamic flow, 315 

with a homogenised feed stream. In this study, ten years of real instrument data recorded at a WwTP 316 

in the south of the UK was used to describe the reference condition (slave), as presented in Table 1. 317 

Table 1 Parameters from a WwTP in the south of the UK (November 2009 to November 2019).  318 

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 

TCOD Total 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 319 

Diurnal flow profiles (high, medium and low) in Fig. 5a were identified using 87,672 Data Points (DP) 320 

(ten years at one-hour intervals) and squared Euclidean, K-Means clustering with fifty replicates, 321 

similar to that used by Borzooei et al. (2020) for characterisation of flows under different weather 322 

conditions. The silhouette plot in Fig. 5b shows cluster one describing the data well; however, due to 323 

persistent flowmeter variation and failures, >20 % of data is misinterpreted in cluster three. For initial 324 

simulations (1- 3), model 1b used a constant flow of 16,952 m3.d-1 (mean of medium flow). The diurnal 325 

reference condition for simulation 4 and 5 used a medium diurnal profile from Fig. 5a as it explained 326 

the normal operation with no misclassification. 327 
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 328 

Fig. 5 K-Means clustered outputs, showing high, medium and low diurnal flow based on data from November 2009 to 329 

November 2019 (87,672 DP). 330 

To isolate high and low shock flow events for simulations, peak detection was used each consecutive 331 

year (2009 to 2019). Erroneous values, where instrument calibration caused a zero measurement, or 332 

a peak of more than three days, were excluded along with outliers. A 72 h flow event duration was 333 

selected (high/low), centred at 36 h, to capture ascent and descent. Each yearly flow event was then 334 

vectorised to generate the continuous event profile (Gov.UK, 2020). This vector used alternating, 335 

high/low flow event profile for consecutive years as the master condition (model 1a), with later 336 

simulations using actual instrument data (evaluation 2). 337 

3. Results 338 

The results evaluate the potential of dynamic resilience as (1) a time-based methodology (stressor and 339 

process stress concerning time) and (2) as a visual knowledge base (SOW), presenting transformed 340 

process knowledge computed from actual instrument flow data. 341 

3.1 Evaluation one: time-based dynamic resilience under simulated shock conditions 342 

Biological processes constantly react to dynamic time-based stressors from changes in feed 343 

concentrations, flow and temperature. Evaluation 1 in Fig. 6a shows a hypothetical example of this 344 

with flows varying dynamically under simulated short-duration, high-intensity shock flows. Fig. 7b 345 

shows the flow event influence on the active heterotrophic biomass concentration, with low flows 346 

reducing dilution and causing a significant increase. To identify these characteristic variations, the 347 

a) b) 
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prominence of events caused by a stressor (brown) or process stress (red) is proposed to identify 348 

extremes according to Fig. 7c. Also, Fig. 7d presents dominance of events (divergence of stressor from 349 

process stress), with peaks relating to the event severity. Therefore, as shown in Fig. 7, it is possible 350 

to compare the process stresses generated to evaluate the prominence (Fig 7c) and dominance (Fig. 351 

7d) of events. 352 

 353 

 354 

Fig. 6 Hypothetical shock flow simulation of heterotrophic biomass reaction, prominence and dominance. Where; a) is 355 

simulated diurnal shock flow; b) is the influence of shock flow on the heterotrophic biomass concentration; c) is the stressor 356 

(brown) and process stress (red) prominence and; d) the event dominance. 357 

As shown in Fig. 7, time-based dynamic resilience (stressor and process stress) can be related to the 358 

growth or decline of heterotrophic biomass. Fig. 6 shows stressors generate the most process stress 359 

when influent flow reduces and heterotrophic biomass increases, but the opposite can also occur, as 360 

shown in Fig. 6b. This approach demonstrates that a time-based dynamic resilience analysis could 361 

assist operational managers in identifying stressors and process stress in dynamic biological processes. 362 

a) b) 

c) d) 
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It has also shown the potential to transform explicit knowledge (actual stored data) to tacit 363 

(experiential).  364 

 365 

Fig. 7 Time based dynamic resilience plot using shock flow conditions (stressor) and the influence on heterotrophic biomass 366 

(process stress). 367 

3.2 Evaluation two: investigation of dynamic resilience for wastewater treatment processes using 368 

real instrument data 369 

The second evaluation proposes the SOW methodology using the simulation parameters in Table 3 370 

real instrument data and dynamic resilience theory and ASM model simulations to generate visual 371 

heat maps (knowledge base) of dynamic resilience (SOW). Five simulations are used where; (1) is the 372 

standard operation of the AS process for 77.08 d (January 2019 onward), and constant slave (16,952 373 

m3. d-1); (2) is simulated shocks flow stressors over 3.38 d (as hypothetical simulation shown in Fig. 7) 374 

using the previous constant slave; (3) are concatenated low, medium and high flow conditions from 375 

clustered values in Fig. 5 as the master and a constant slave; (4) has a concatenated master (as 3), and 376 

medium diurnal profile as the slave (dynamic reference); (5) is the dynamic slave (as 3) and 377 
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multivariate divergence according to Table 2 (master). These simulations were selected to 378 

demonstrate standard operation, hydraulic shocks and dynamic multivariate shock conditions. 379 

Table 2 Five stage dynamic resilience simulations  380 

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 WwTP 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 WwTP short-duration 
dynamic variance: constant 
slave, dynamic master (low, 
medium and high Fig. 5) 

3.21 
(293) 

D 
6,935 – 25,979 

C 
16,952 

5.76 100 1400 100 2 1 20 
2 20 

4 WwTP dynamic shock 
variance, dynamic slave: 
dynamic slave (medium, Fig. 
5a), 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 WwTP multivariate 
divergent dynamic shock: 
dynamic slave (medium, Fig. 
4), 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. 4) 381 

2Parameters specific to the slave model 1b (Fig. 4) 382 

*C constant, D dynamic variation 383 

The presentation of dynamic resilience as SOW starts with simulation 2 in Fig. 8a (stressor) and Fig. 9b 384 

(process stress), with grey zones indicating missing data. Fig. 8a shows the stressor having most 385 

influence at flows <10,000 m3 d-1 and the least at flows from 12,500 to 20,000 m3 d-1 and heterotrophic 386 

biomass concentrations <2,000 mg L-1. Outside of this zone, dilution (D in h-1) is dominant, with the 387 

second-largest Df of all simulations (0.33). Although this event is dominant over short durations (1 to 388 

2 h), evidenced by the 𝑆�̅� of 0.34 resulting in a 𝑃𝑆𝐼̅̅ ̅̅ ̅ of -0.07 and only 3 % of values exceeding -0.50.  389 

Fig. 8b (process stress) also captures the short duration stressor influence on heterotrophic biomass 390 

from 2,500 to 15,000 m3.d-1 which is thought to originate from low dilution (incoming flow) and return 391 

of heterotrophic biomass, reducing the F:M ratio. However, the small dataset size (3.38 d, 341 DP) 392 

prevents characterisation of process stress at flows >20,000 m3.d-1 when reactor contents are 393 

diluted/or displaced as described by Doran, (2013). The pF at 0.20 and Rel of 0.80 means the process 394 

fails for 20 % of the hypothetical data used in the simulation, increasing 18% from standard operation 395 

(simulation 1). 396 
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  397 

Fig. 8 Simulation 2: SOW for process stress analysis with fixed slave and simulated dynamic shock flow. Where a) is the 398 

stressor plot and b) process stress. 399 

Simulation 3 in Table 2 uses a constant slave and alternating low, medium and high flow data from 400 

Fig. 5, resulting in a 3.21 d dataset (293 DP). This was done to explore the range of flows experienced 401 

over the ten years. Fig. 9a shows improved resolution from Fig. 8a related to the increased range of 402 

data points used in the simulation and analysis. It also shows the stressor having a significant influence 403 

at >20,000 m3.d-1, evident from a 𝑆�̅� of 0.58 and 57 % of stressor values >0.5. Nevertheless, poor 404 

characterisation occurred at <5,000 m3.d-1 as reflected in Fig. 5b, where cluster 3 showed a > 20 % 405 

loss. Process stresses in Fig. 9b propagate from an optimal centroid at 10,000 m3.d-1 and heterotrophic 406 

biomass concentration of 2,000 mg. L-1. These stresses correspond with the highest 𝑃𝑆𝐼̅̅ ̅̅ ̅ at -0.52, 69 % 407 

of values >0.50 and pF of 0.92, where the process only 8 % reliable due to simulation three only 408 

evaluating low and high flow events.  409 

   410 

a) 

a) b) 

b) 
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Fig. 9 Simulation 3: SOW for process stress analysis using a fixed slave and concatenated clustered flows (low, medium and 411 

high). Where a) is the stressor and b) the process stress. 412 

Table 3 Computed parameters for simulation 1 to 5.   413 

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. 9  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. 10  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. 11 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. 12 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 414 

Simulation 4 uses the medium flow dynamic slave (Fig. 5a) and alternating high/low shock flow 415 

conditions from 2009 to 2019 totalling 66.00 d (Fig. 6). Fig. 10a exhibits improved stressor 416 

characterisation from simulation 3, with the most significant influence at high flow and low 417 

heterotrophic biomass concentrations (𝑆𝐼, 0.8 to 1.0). This can be explained by the second lowest 418 

value of 𝑆�̅� at 0.14 and 𝐷𝑓̅̅ ̅̅  of 0.26, where the stressor is less dominant over heterotrophic biomass 419 

and pF reduces to 0.76. The least stressor influence is observed from 10,000 to 17,000 m3 d-1 and 420 

heterotrophic biomass concentrations from 1,400 to 3,200 mg. L-1. A key observation when only using 421 

extreme high and low flow events (Fig. 10a) is that resolution over mid-range stressors is reduced, as 422 

demonstrated in the green area (SI = 0 to 0.1). Data availability in the upper tier is also low, with only 423 

13 % of data points (pFUT  = 862 DP), meaning additional flow data points would improve definition. 424 

Fig. 10b shows process stress most concentrated in the low to mid-range (5,000 to 20,000 m3.d-1) 425 

caused by an increase in heterotrophic biomass to >3,200 mg L-1. This would likely result in sludge 426 

accumulation in final clarification, increase the final effluent solids, and potentially cause serious 427 

pollution incidents. The minor process stress in Fig. 10b is seen between flows from 7,000 to 22,500 428 
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m3 d-1 and heterotrophic biomass concentrations from 1,500 to 2,500 mg L-1, although a further 429 

acceptable zone occurs up to 2,800 mg L-1.  430 

   431 
Fig. 10 Simulation 4: SOW for process stress analysis using a medium dynamic slave according to Fig.4. Where a) is the 432 

stressor plot and b) process stress. 433 

Simulation 5 again uses medium dynamic slave (Fig. 5a), but the master (model 1b) multivariate 434 

conditions in Table 2 to reflect the dynamic variations in actual wastewater treatment processes. The 435 

SOW resolution is further improved in Fig. 11 due to the dynamic, multivariate fluctuation of influent 436 

Xbh, reactor Xbh, So and fluid temperature. The stressor in Fig. 11a, as in previous simulations, displays 437 

the most significant influence from 20,000 to 35,000 m3.d-1 and heterotrophic biomass concentrations 438 

<2800 mg L-1. The stressor (0.5 to 1.0) also occupies approximately 50 % of the populated area, with 439 

𝑆�̅� over twice that of simulation 4 and 41 % of values >0.50 meaning the stressor is more concentrated, 440 

and characterisation has improved. 441 

At flows >30,000 m3.d-1, process stresses in Fig. 11b shows improved resolution of the reaction of 442 

biological wastewater treatment processes to stressors. Concentrated process stresses now emerge 443 

from 20,000 to 25,000 m3.d-1 and heterotrophic biomass concentrations >2,400 mg L-1. However, some 444 

process stresses now emerge at flows >15,000 m3.d-1 and heterotrophic biomass concentrations 445 

<1,200 mg L-1. This observation better reflects a real WwTP, with influent flow inversely proportional 446 

to heterotrophic biomass concentrations and Ss availability. Despite resolution improving in Fig. 11a 447 

and Fig. 11b, pF remains similar at 0.78, with a slight increase in pFLT from 0.63 (simulation 4) to 0.70, 448 

a) b) 
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meaning more failures occur in the lower tier. In-addition, 𝐷𝑓
̅̅ ̅ shows the largest value of all simulations 449 

at 0.34, indicating multivariate events exert greater dominance over the process events.  450 

 451 

   452 

Fig. 11 Simulation 5: multivariate, divergent SOW for process stress analysis using a medium dynamic slave. Where a) is the 453 

stressor plot and, b) process stress, c) the event prominence with respect to time and d) is event dominance. 454 

The Pr from Fig. 11c and 𝐷𝑓 in Fig. 11d shows how the prominence and dominance of events vary with 455 

time. Pr (brown line in Fig. 11c) demonstrates how frequent, short-duration stressors have little impact 456 

on process stresses (red line). Contrariwise, consistent stressor influence occurs between 200 and 300 457 

min in Fig. 11c displays more considerable Pr (-0.4 to -1.0) and is captured by event dominance (Df) for 458 

the same period in Fig. 11d. Consequently, Pr density assists event identification and Df can be used to 459 

estimate its impact (dominance) on a particular wastewater treatment process. 460 

4. Discussion 461 

a) b) 

c) d) 
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Since the adaptation of systems resilience analyses to wastewater infrastructure and assets, the GRA 462 

methodology has been adopted (Diao et al. 2016). These methods use the stressor analogy, which 463 

combines the influence (stressor) and its effect on a whole wastewater treatment system (process 464 

stress). Therefore, evaluating resilience in discrete biological wastewater processes has not been 465 

possible. The present work contributes to the literature by using standard ASM modelling and actual 466 

WwTP instrument data to decouple stressors from process stresses to investigate the dynamics of 467 

resilience in a discrete biological wastewater treatment process. The methodology evaluated 468 

demonstrates the possibility of utilising Evaluation 1 as a diagnostic tool for identifying time-based 469 

dynamic resilience and, Evaluation 2 visualising large datasets as a SOW.  470 

Evaluation 1 (hypothetical shock flow) shown in Fig. 6 and Fig. 7 investigated the possibility of using 471 

theoretical shock events to represent dynamic resilience based on time. However, as Newhart et al. 472 

(2019) described, when a time-based model is used on stochastic flow data at frequent intervals, the 473 

data noise can make it difficult to interpret. Therefore, Evaluation 1 would only be suitable for short-474 

term event identification and localised investigation of dynamic resilience. This observation narrows 475 

the application to discrete event diagnostics, but the prominence and dominance plots in Fig. 6 offer 476 

valuable insights into event severity for large datasets. 477 

Evaluation 2 combined (1) conventional ASM modelling with (2) real instrument data to present, (3) a 478 

resilience-based visual output (SOW). The five simulations ranged from normal operation to divergent 479 

multivariate shock conditions using ten years of flow data. SOW were generated for each simulation, 480 

including performance and failure characteristics (event prominence/dominance and CV). The first 481 

simulation used a fixed reference condition to capture normal operation, which excluded significant 482 

flow-related events, evidenced in pF of 0.02, and low event 𝐷𝑓
̅̅ ̅ at 0.12. The 𝑆�̅� (0.67) showed stressors 483 

dominating, but their influence over the 𝑃𝑆𝐼̅̅ ̅̅ ̅ (-0.09) was limited and also reflected in SOW for the 484 

stressor and process stress. Therefore, the main challenge for SOW is that it relies on data availability, 485 

with small datasets or a limited range of data points restricting the visual response. This is also evident 486 

in simulation 2, which used few data points (341 DP), oscillating between high and low flow conditions. 487 



26 
 

These observations raised something rarely considered in the literature, ‘data richness’, and how the 488 

range of instrument process data influences visual outputs. Simulation 3 demonstrates this, with 489 

insufficient detail/range to fully characterise the numerous eventualities encountered at an actual 490 

wastewater treatment process. As expected, the alternating low, medium and high flow conditions 491 

and a fixed reference condition (slave) showed an equal balance of stressor to process stress with a 492 

𝑆�̅� (0.58),  𝑃𝑆𝐼̅̅ ̅̅ ̅ (-0.52) resulting in a high process failure probability (pF = 0.92).  493 

Simulation 4 and 5 used both the dynamic slave and master conditions to reflect an actual biological 494 

wastewater process. In simulation 4, the master condition related to all high and low flow events over 495 

the ten-year investigation period, showing a reduction in stressor influence (𝑆�̅� = 0.14), greater process 496 

stress (𝑃𝑆𝐼̅̅ ̅̅ ̅ = -0.41) and CV, capturing the dynamic variation (CVQ  = 0.41, CVH = 0.42). However, few 497 

data points occurred at low and high flows, reducing the accuracy of the SOW in these locations. 498 

Simulation 5 included the anticipated multivariate divergence present in actual shock flow conditions 499 

by incorporating variations in heterotrophic biomass, So and temperature. Results showed 𝑆�̅� more 500 

dominant at 0.41 and 𝑃𝑆𝐼̅̅ ̅̅ ̅ reducing to -0.28 along with the highest 𝐷𝑓
̅̅ ̅ of all studies at 0.35. This 501 

indicates that the characterisation of dynamic resilience and event dominance increased. The SOW 502 

also exhibited improved resolution at the extremes (high and low flow), making it possible to 503 

anticipate various extreme events. Additionally, Fig. 11c identified that localised event prominence 504 

densities could identify severe events and dominance in Fig. 11d predict the potential process impact.  505 

Overall, the results have shown the possibility of presenting dynamic resilience (stressors and process 506 

stress) as both time-based and visual knowledge bases (SOW), with the potential to refine modelled 507 

outputs continuously. The SOW methodology extends GRA and conventional knowledge bases 508 

proposed for event case management to adapt actual process instrument data by visualising 509 

independent heat maps of stressors and process stresses. Therefore, these methods could assist 510 

capture of experiential (process) knowledge in a communicable format, which was noted as necessary 511 

by Sirkiä et al. (2017) when evaluating data utilisation in Finnish water utilities. Furthermore, it could 512 

improve the management of process data, a requirement identified in a survey of wastewater 513 
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professionals and operational staff performed by Holloway et al. (2019). The survey found that 44 % 514 

of respondents stored process data in spreadsheets, handwritten notes, or did not record the 515 

information.  516 

Plant data Modelling

Dynamic resilience
C

ro
ss

-
va

lid
at

io
n

Knowledge of stressor Knowledge of process stress

Causal link

 517 

Fig. 12 Interaction diagram for dynamic resilience, plant data and modelling 518 

The two conceptual methodologies evaluated have shown some apparent limitations. Firstly, 519 

Evaluation 1, using the time-based evaluation, is more effectively applied to the evaluation of isolated 520 

flow events rather than large datasets, where time-based stressors and process stress resolution is 521 

likely lost in dataset noise. Secondly, Evaluation two suffered data limitations regarding the size and 522 

range of data presented to simulation models. To reduce the impact of these limitations, a 523 

combination of Evaluation 1 and 2 could be used to (1) identify the local stressor and process stress 524 

events then, (2) present the observations in the context of the SOW to investigate the event relative 525 

to historical data/knowledge. Aside from this, practical process instrument considerations are also 526 

relevant, such as mounting position, calibration, cleaning, and maintenance, to avoid producing 527 

undesirable data generation (Grievson, 2020). This is essential to the success of SOW, which is 528 
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dependent on ‘data richness’ and capturing a broad range of operational conditions, also noted by 529 

Borzooei et al. (2019) when considering data scarcity.  530 

This research provides a fundamental link in coupling standard modelling protocols with real 531 

instrument data to understand dynamic resilience. With further adaptation, resilience events in the 532 

context of large datasets could be identified while anticipating new stressors generated by climate 533 

change, population growth, and changes in consumer behaviour (COVID 19) (Meteorological office, 534 

2018). 535 

5. Conclusions 536 

This paper evaluates two methodologies for investigating dynamic resilience, one time-based and 537 

another incorporating a visual knowledge base (SOW). The first methodology used a hypothetical 538 

example of shock flow conditions to predict the time-based stressors and process stresses in biological 539 

wastewater treatment processes. Although this method accurately identified time-based stressor and 540 

process stresses, along with the prominence and dominance of events, its use for large datasets would 541 

not be possible due to a loss of clarity in modelled outputs. The second methodology extended 542 

dynamic resilience to incorporate ten years of actual WwTP data as a SOW (visual knowledge base). It 543 

showed that two SOW (stressor and process stress) could present knowledge associated with dynamic 544 

resilience as a heat map, which has the potential for continuous refinement. However, its success 545 

depends on ‘data richness’, the range and depth of the data presented to the modelled biological 546 

process simulations. Despite this, as instrumentation becomes more reliable, real-time interpretation 547 

of dynamic resilience could soon be possible (Harrou et al., 2018; Hvala and Kocijan, 2020; 548 

Vanrolleghem and Sung Lee, 2003). 549 

From both evaluations used to investigate dynamic resilience, it can be concluded that it is possible to 550 

combine actual biological WwTP data with traditional ASM modelling to characterise dynamic 551 

resilience (stressor and process stress). A combination of time-based evaluations and SOW 552 

visualisations offer operational diagnostics to anticipate events and apply informed interventions to 553 

stressors generated by climate change, population growth, and consumer behaviour. 554 
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