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Abstract. This research investigated the use of intelligent systems for reducing energy consumption in compressed air 

systems. An initial literature review has been completed and mathematical models that describe typical compressed air 

components (compressor, tank, piping network, etc.) were created. The investigations suggested that energy used or wasted 

in connection with compressed air was a valuable research area to attempt to save energy.  The research progressed to 

investigating ways of minimising energy use for air compressors based on real-time conditions (including anticipated future 

requirements), using intelligent systems to monitor and make decisions. 
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1 Introduction 

The research described in this paper aims to create innovative intelligent methods to reduce energy consumption in a 

compressed air system (CAS). The current goal is to combine ambient sensing information with artificial intelligence (AI) 

and knowledge management (KM) in real time.  This is expected to increase the efficiency of energy intensive manufacture. 

Comprehensive information about performance will be provided from ambient sensors (data sources), which will be used by 

an AI systems to make automated decisions.  Information will be processed by a KM system and human operators will be 

provided with advice on how to maintain productivity and reduce energy usage. The aims and objectives are summarised as 

follows: 

 

1. Use AI and ambient sensing to evaluate and monitor performance  

2. Use KM to decrease energy use. 

3. Construct a collaborative interface for the human operators. 

 

Air compressors alone account for over 10% of UK industrial energy use (>15,000 GWh) [1-2]. Industry is faced with 

high energy costs and needs to reduce both the financial and environmental impact of using energy.  The scientific community 

can help by introducing new technologies and paradigms to create a step improvement in the energy efficiency of 

manufacturing industries.  

CAS are often the most expensive and inefficient industrial systems. For every 10 units of energy supplied during the 

creation of compressed air, fewer than one unit is actually turned into useful compressed air [1,3]. This research will minimise 

energy use for air compressors based on real-time manufacturing conditions. 

Over a 10 year life cycle, energy accounts for 75% of the cost of running a CAS [4]. Many of these systems could operate 

more efficiently, leading to energy savings and more reliable supply of compressed air [4]. Improving energy performance 

of these systems has been of interest to many researchers, with some studies claiming that savings of 20-50% may be 

achievable [5].  

This paper includes a general literature review on research concerned with improving energy efficiency of CAS using 

intelligent energy management techniques. Moreover, mathematical models to evaluate energy performance of CAS were 

developed. Our research is now concentrating on the analysis and automatic detection of malfunctions (such as leaks) that 

negatively impact energy performance. Ongoing and future research at the University of Portsmouth will combine real time 

ambient sensing with artificial intelligence (AI) and knowledge management (KM) to automatically improve efficiency, 

especially in energy intensive manufacturing where compressed air is widely used.  Ambient data will provide information 

on performance and AI will make sense of that data and automatically act.  KM will facilitate the processing of information 

to advise human operators on actions to reduce energy use and maintain productivity. Some decisions might be made 

automatically, for example to increase pressure or shut down a compressor if a leak is detected.   

Characteristics of inefficiencies in CAS are being considered and the new work will address automatic detection and 

decision making.  Compressed air leaks, heat waste and overall inefficiencies within the process are some of the major causes 

of energy waste in CAS. By creating new methods for automatic detection and performance optimisation, a new framework 

for energy management of compressed air systems may be realised. 

Section two of this paper reviews similar research in the area of intelligent energy management of CAS. Section three 

describes the gaps identified from the literature review. Section four begins to address the gaps by creating MATLAB 

mathematical models for CAS components. Sections five and six are the discussion and conclusion respectively. 



2 Review of Similar Research 

Traditionally research in energy efficiency of CAS has focused on methods to reduce energy waste, approaches to model and 

simulate CAS and the development of tools and methods to identify air leakage.  

During the past three decades, energy management systems were gradually being introduced into companies and facilities, 

mainly to decrease high economic and environmental costs in energy exhaustive processes [6]. These systems control energy 

consumption by evaluating performance, identifying malfunctions or energy efficiency opportunities and recommending 

curative actions. 

Because complex systems such as CAS have an inherent variability in their energy consumption, are influenced by many 

factors and require regular maintenance, controlling their energy performance for long periods of time can be challenging.  

These challenges, in addition to other factors, incentivised an interest in self-learning energy management and automation 

technologies [6]. 

Santolamazza investigated the energy and performance optimization of CAS with machine learning [7-9]. In [7], a 

methodology to monitor and control energy performance in industrial plants was presented. The methodology applied a 

sequence of steps that supported the identification of changes in energy consumption patterns or decline in energy 

performance due to faults. In [8], Artificial Neural Networks (ANNs) to monitor energy performance of CAS and detect 

failure were implemented. Failures are typically preceded with irregularities in energy usage. It was concluded that ANNs 

were capable of characterizing system behavior, allowing the association of irregularities in performance with their causes 

through a control chart. In [9], Santolamazza studied three methods to monitor and control energy consumption in CAS, two 

machine learning approaches, ANNs and support vector machines (SVM), and a classical statistical approach. The results 

demonstrated that machine learning techniques allowed detection of anomalies, failure analysis and prescriptive maintenance, 

whereas statistical methods were mainly effective in identifying major anomalies. 

Santolamazza’s concluded that data collected from CAS and operating environments, could help in the detection of 

abnormalities (faults or energy inefficiencies) and in the suggestion of suitable counter measures. However, the association 

of these irregularities with their probable causes, and the generation of a troubleshooting procedure, were not examined 

comprehensively. Moreover, the suggested methodology and algorithm, were not validated experimentally, and therefore 

their effectiveness in real time remained subject to confirmation through positive experimentation. 

Energy management systems may be combined with sensors and information systems that assist with collecting and 

analyzing data. Boehm and Franke investigated the concept of cyber physical CAS (CPCAS) [10].  CPCAS are industrial 

CAS armed with automation equipment and AI. These systems obtain basic operating parameters (such as pressure, volume, 

temperature, etc.) and assist in achieving more efficient operation. Further research into technical characteristics and 

specifications of CPCAS components was required.  

Other researchers investigated the use of machine learning in compressor design and monitoring. Ghorbanian investigated 

the construction of compressor design performance maps using ANNs instead of costly and time consuming experimental 

methods [11]. ANN approach results agreed with the experimental data, while reducing development time and cost at initial 

design stages. Study in [11] investigated design and monitoring of compressor and the approach used may be applied to other 

CAS components.  

The control and monitoring of CAS using data and intelligent technologies is an emerging field [6]. A major gap in research 

in this specific field included the creation of algorithms capable of detecting abnormalities in performance while associating 

those abnormalities with appropriate causes and developing a troubleshooting procedure. Another gap in research was the 

development of CPCAS characteristics and specifications of CPCAS.  CPCAS may reduce energy usage however, they 

required more research into system components and functionalities. 

3 Gaps in Literature 

Six gaps in research were identified:  

 

1- Ideas about the measures to reduce energy consumption are well developed theoretically in the literature but many are 

not realized, due to different barriers [12]. One of these barriers, is the high cost of gathering information and deciding 

on the most cost effective and applicable measures. Traditionally manufacturers look for energy saving opportunities 

through expensive and time consuming energy audits. A methodology to support decision making regarding suitable 

measures to save energy in CAS may result in a useful and innovative tool for enhanced energy efficiency. 

2- Evaluation of CAS performance may be achieved through modelling and simulating, however most models in the 

literature model either the supply or demand side separately. Coupling compressed air supply and demand in a single 

model may be investigated in future research. Moreover, such a model could integrate and combine other energy 

consuming equipment (heating, cooling, lighting, etc.) with CAS. 

3- Investigations into intelligent CAS energy management technologies has been gaining momentum. Machine learning 

techniques proved to be a suitable tool for CAS performance optimization by detecting anomalies in their performance 

but that was not investigated thoroughly. An energy management system that detects abnormalities in energy 

performance, associates the abnormalities with suitable causes and sets up a troubleshooting procedure has not yet been 

established. 

4- Intelligent energy management technologies for CAS anomaly detection and prescriptive maintenance using machine 

learning and manufacturing data has not been validated experimentally. To properly test the effectiveness of such energy 

management system, future work needs to experimentally validate the theoretical work. 



5- The concept of cyber physical CAS (CPCAS) was introduced in [10]. CPCAS are equipped with additional components, 

such as sensors, actuators and processors for autonomous control. In addition, they are capable of exchanging information 

with energy management systems, and therefore may play a role in the intelligent energy management of CAS. However, 

the concept of CPCAS was not well developed and there is a gap in research regarding technical and functional 

characteristics of the components. 

6- Compressed air leaks are a major source of energy waste in CAS and therefore their detection and treatment is an essential 

step in reducing energy waste. Compressed air leak detection technologies face many challenges including: incapability 

of operating during production, inaccuracy in sensors and noise from operating environments. Moreover, technologies 

such as ultrasound and acoustic leakage detection, fail to effectively identify leaks from small size openings [13]. Future 

research could further develop these technologies to improve accuracy, ease of use and range of applicability. 

4 Modelling CAS Equipment 

Compressed air systems consist of a supply and demand side. The supply side converts inlet air into compressed air, and 

typically includes equipment such as compressors, dryers, filters and coolers. The demand side delivers required compressed 

air to end users and normally includes piping networks, controllers and end use equipment [14]. 

A variety of sub-components make up a CAS, and numerous system configurations are possible. In this section, a basic 

CAS consisting of a compressor, cooler, filter, storage tank and distribution network is considered. A schematic diagram of 

such a system is shown in Fig.1.  

 
Fig. 1. CAS configuration considered 

Mathematical formulations that describe performance of the sub-components were considered. 

 

4.1 Compressor 

According to [15], the power consumed by a compressor during normal operation can be modelled using (1). 
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The term ‘ƞ’ refers to the efficiency of the compressor; however, if other equipment is involved in the compression process 

(motor, gearbox, etc.), their efficiency should also be taken into account. 

Air was assumed to behave like an ideal gas, and the volumetric flow (capacity) was obtained from mass flow in at ambient 

conditions using ideal gas law shown in (2):  

�̇�𝑎𝑖𝑟 =
�̇�𝑎𝑖𝑟 𝑖𝑛 × 𝑅 × 𝑇𝑎𝑖𝑟 𝑖𝑛
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 (2) 

It can be seen from the above equations that air inlet conditions, flow rate and compressor specifications (efficiency), are 

the main variables influencing the compressor performance. 

 

4.2 Cooler 

The mechanical compression of air causes an increase in its temperature. To reduce air temperature, coolers are typically 

installed after the final stage of compression. As air temperature decreases, water vapor in the air is condensed, separated, 

collected and drained from the system [14]. Anglani et al stated in [15] that the heat content of compressed air can be estimated 

using (3). 

𝑄𝐶𝐴 = �̇�𝐶𝐴 × 𝐶𝑝 × (𝑇𝐶𝐴 − 𝑇𝑎𝑖𝑟 𝑖𝑛) + �̇�𝑣ℎ𝑣 (3) 

The temperature of compressed air leaving the compressor depends on air inlet temperature and on compression ratio. 

Temperature of air leaving the compressor was estimated using (4). 
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Water vapor mass flow rate was estimated using (5). 
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An important parameter to calculate is the compressed air temperature at the cooler outlet. Usually, the cooler’s 

effectiveness, which is a ratio that measures the cooler ability to transfer heat [16], is provided by the manufacturer. The 

effectiveness was obtained with (6).  

𝜀𝑐𝑜𝑜𝑙𝑒𝑟 =
𝑇ℎ,𝑖 − 𝑇ℎ,𝑜

𝑇ℎ,𝑖 − 𝑇𝑐,𝑖
 (6) 

 

In equation (6) is valid when the mass flow rate of cooling fluid is larger than the mass flow rate of compressed air. 

 

4.3 Filters 

Compressed air usually contains particles, dust and oil (except for oil free-compressors). Removing these impurities is 

essential to provide improved compressed air quality, and to reduce component wear. For this purpose, filters are fitted in a 

CAS. 

The air flow through the filter could cause a pressure drop [15]. This pressure drop is usually specified by the filter 

manufacturer. Over time, the efficiency of the filter might deteriorate and the pressure drop might increase. The pressure of 

air exiting the compressor was estimated using (7).  

𝑃𝑓,𝑜𝑢𝑡 = 𝑃𝑓,𝑖𝑛 − 𝑃𝑓,𝑑𝑟𝑜𝑝 (7) 

Equation (7) indicates that the main variable describing filter performance is the pressure drop associated with it. 

 

4.4 Storage Tank 

Kleiser et al developed a dynamic model for the pressure and mass variation in the storage tank [17]. Variation of air mass 

inside was obtained using the conservation of mass principle, shown in (8).  
𝑑𝑚

𝑑𝑡
= �̇�𝑇𝑎𝑛𝑘 𝑖𝑛 − �̇�𝑇𝑎𝑛𝑘 𝑜𝑢𝑡 (8) 

The mass of air at any point in time was estimated by integrating equation (8) with respect to time. The result of this 

integration is shown in (9). 

𝑚(𝑡) = ∫
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0
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The instantaneous pressure of air inside the tank was then estimated using the ideal gas law equation in (10): 

𝑃(𝑡) =
𝑚(𝑡) × 𝑅 × 𝑇𝑡𝑎𝑛𝑘

𝑉𝑡𝑎𝑛𝑘
 (10) 

4.5 Pressure Drop in Pipes 

Anglani et al [15] estimated the pressure drop in a circular pipe with compressed air flowing through it using Darcy’s formula 

shown in (11). 

∆𝑃 = 𝑓
𝜌𝑎𝑖𝑟 × 𝐿 × 𝑉𝑎𝑖𝑟

2

2 × 𝐷
 (11) 

L is the equivalent length of the pipe, which includes the actual length of the pipe and equivalent length of curved parts, 

valves, etc.  The coefficient ‘f’ represents the pipe friction factor, which will depend on flow characteristics. For a laminar 

flow (Reynolds number (Re) less than 4000) friction factor was estimated using (12). 

𝑓 =
𝑅𝑒

64
 (12) 

For the case of turbulent flow (which is most common in CAS), the friction factor was estimated with the Colebrook-White 

empiric formula, which is shown in equation (13). In this equation, ɛ corresponds to the pipe absolute roughness, which 

depends on the material it is made of. 

1
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𝐷
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+

2.51

𝑅𝑒√𝑓
] (13) 

 

4.6  Combining the models 

The individual models described in sections 4.1 to 4.5 were implemented in MATLAB-Simulink. To properly describe the 

overall performance, these models are being combined to create a single integrated CAS model. 

The next stage of the research will investigate the development of an integrated CAS model and a possible coupling with 

a model for heating, ventilation and air conditioning system. 

5 Discussion 

The authors aim to address all of the six identified research gaps.  In response to the first gap mentioned in section 3, a 

methodology is being created to support making decisions regarding suitable measures to save energy in CAS that may result 

in a useful and innovative tool for improved energy efficiency.  

The second gap stated that most models in the literature focused on modelling either the supply or demand side of 

compressed air. The research described in this paper has so far investigated modelling individual CAS components. Future 



research may investigate integrating other plant energy usage (HVAC, lighting, etc.) with CAS, to obtain a model that 

describes a plant’s total energy consumption. 

The third gap, emphasized the need for smart energy management technologies to assist in automatic malfunction 

detection. This research will investigate machine learning techniques for optimizing the performance of CAS. An energy 

management system that detects abnormalities in energy performance, associates the abnormalities with suitable causes and 

sets up a troubleshooting procedure will be investigated.  

Previous research regarding smart energy management and machine learning technologies for CAS, was not validated 

experimentally. Currently, an experimental set-up is being developed at the University of Portsmouth. The aim is therefore 

to investigate control, sensors, actuators and data processing tools to enable exchanging information and subsequently 

optimizing performance. This research will investigate validating intelligent energy management tools experimentally. This 

might help address the gaps relevant to CPCAS.  

Last but not least, leak detection and treatment is an essential step to reduce waste in CAS. Technologies that are currently 

being used face several challenges such as: inability to operate during production, inaccuracy in sensors and noise coming 

from operating environments. Research into this area will investigate the creation of new intelligent leak detection techniques. 

The modelling completed so far has provided an understanding of the equations and variables describing CAS components 

and processes. The main variables describing the performance of CAS will be investigated to discover their effects. This will 

provide an understanding of data required to describe the current state of CAS and that data can be used in the creation of 

new algorithms capable of detecting energy performance abnormalities.  The algorithms will also associate each abnormality 

with a possible causes and will suggest the most probable cause. Such systems may also automate detection of faults and 

energy efficiency measures, which may be an innovative tool in CAS performance management.  In that way, innovative 

intelligent methods will be created that reduce energy consumption in CAS.   

In the future, research at the University of Portsmouth will combine ambient sensing information with AI and KM in real 

time.  This should increase the efficiency of energy intensive manufacture.  The work in this paper is a first step towards 

creating the AI systems to make automated decisions. KM system and will help to provide human operators with advice on 

how to maintain productivity and reduce energy usage. AI will make sense of that data and then will automatically act, for 

example to increase pressure or shut down a compressor if a leak is detected. 

6 Conclusions 

The initial stages of the research has consisted of identifying research gaps, defining problem characteristics and studying 

compressed air and buildings energy consumption. A preliminary literature review was completed. Mathematical models for 

CAS components were created and implemented in MATLAB.  That is all the first step in creating innovative intelligent 

methods to reduce energy consumption in CAS. So as to increase the efficiency of energy intensive manufacture.  The future 

work aims to use AI and ambient sensing to evaluate and monitor performance, use KM to decrease energy use and then to 

construct a collaborative interface for the human operators. 

 The models provided an understanding of critical variables that influence CAS performance. This is a first step towards 

determining the type of data required to build AI algorithms to reduce energy use and maintain productivity. AI will then be 

combined with KM, which will advise human operators on any actions required to. Some decisions might be made 

automatically, for example for safety reasons or to increase pressure or shut down a compressor if a leak is detected.  Next 

steps will include collecting data from real CAS.  This data will be analysed and the possibility of using pattern recognition 

to improve energy efficiency will be evaluated.  

 In addition to that, CAS modelling will be further investigated and the possibility of combining CAS with an HVAC 

model will be evaluated. The approach might enable the creation of new tools and methods to save energy in industrial 

facilities. 

Future work will need to investigate AI [18-25] and Decision Making.  The decision making research will include AHP 

and Preference Ranking Organization METHod for Enrichment of Evaluation (PROMETHEE) [26-34] and uncertainty will 

probably be denoted using probability functions, fuzzy set theory and percentages. 

Nomenclature 

Pcomp Compressor input power 

P air in Absolute air pressure at compressor inlet 

Vdot air Volumetric flow rate of air  

Ƞ Compressor efficiency (including drive system) 

Pair out Absolute air pressure at compressor outlet 

n Polytropic coefficient 

ṁair in Air mass flow at compressor inlet 

Tair in Temperature of Air at compressor inlet 

R Gas Constant 

QCA Heat content of compressed air 

Cp Air specific heat 

TCA Temperature of compressed air at compressor outlet 

ṁv Vapor water mass flow rate 

hv Latent heat of condensation for water vapor 

Ur Relative Humidity 

ρs, in Water vapor content in saturation at compressor inlet conditions 

ρs, out Water vapor content in saturation at compressor outlet conditions 



ɛ cooler Cooler heat transfer effectiveness 

Th,i Temperature of hot fluid entering the cooler 

Th,o Temperature of hot fluid exiting the cooler 

Tc,i Temperature of cold fluid entering the cooler 

Pf,out Pressure of Air at filter outlet 

Pf,in Pressure of Air at filter inlet 

Pdrop Pressure drop in filter 

ṁtank in Air mass flow rate at storage tank inlet 

ṁtank out Air mass flow rate at storage tank outlet 

mtank intial Initial mass of air in storage tank 

Ttank Temperature of Air in storage tank 

Vtank Volume of storage tank 

f Piper friction factor 

ρair Air density 

L Pipe length 

D Pipe Diameter  

Vair Air velocity in pipe 

Re Reynolds Number 

ɛ Pipe Roughness 
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