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Abstract 

The project “Digital twins for large-scale heat pump and refrigeration systems” aims to develop 

adaptable, modular and reusable models for advanced system monitoring, fault detection and diagnosis 

and operation optimization. In this context, this report aims to provide a review of the state-of-the-art 

for digital solutions for heat pump and refrigeration systems. The focus of the review is on numerical 

models applied for system monitoring, fault detection and diagnosis as well as operation optimization. 

Three types of model-based approaches are characterized and described, namely white-box or physics-

derived models, black-box or data-driven models and grey-box models, which combine the two other 

model types. It is distinguished that white-box models can provide detailed information about a system, 

which can be applied to monitor, characterize faults and optimize the operation of heat pump and 

refrigeration systems. Black-box models can also be used for such applications but unlike white-box 

models, they lack interpretability. The integration of white-box models with black-box approaches can 

be used to reduce data requirements compared to white-box models and increase its adaptability to 

different system configurations and operating conditions. From the reviewed studies, it is noted that 

further research is required where black-box and grey-box models for fault detection and diagnosis 

models are studied in operating heat pump and refrigeration systems. 
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1 Introduction 

Incentives in sustainable energy systems can contribute to reduce greenhouse gas emissions and meet 

the goal of limiting global warming to not exceed 2 °C increase compared to 1990, as defined in the 

Paris Agreement [1]. Heat pumps can contribute to decarbonize district heating systems by recovering 

excess heat from industrial processes and increasing heat generation from renewable energy sources. A 

report from the International Energy Agency [2] stated that around 50 % of the European heating 

demand for buildings can be supplied by district heating. In this context, heat pumps can provide 

approximately 25 % to 30 % of the heat supplied in district heating networks.     

The performance of heat pumps can be influenced by factors like electricity prices, operating costs, 

weather, operating duration and control strategies used [3]. Monitoring the operation of heat pump and 

refrigeration systems in real-time may contribute to increase their efficiency and reduce the need of 

active intervention over the system [4]. Moreover, optimizing the performance of heat pump and 

refrigeration systems requires selection of appropriate sets of manipulated inputs and controlled outputs 

[5] as well as definition of optimal control strategies [6].   

The presence of faults and unexpected variations in the heating and cooling loads can have a negative 

impact on the system performance and availability [7]–[9]. A number of operational challenges in heat 

pumps may originate from the heat sources utilized. For instance, air-source heat pumps can be affected 

by excessive frost formation in the evaporator [10], biological fouling can be present in sewage water 

source heat pumps [11] and ground source heat pumps can be exposed to corrosion originating from 

minerals [12]. Several studies have investigated the applicability of fault detection and diagnosis (FDD) 

methods in chillers [13]–[22] as well as heat pumps integrated in heating, ventilation and air-

conditioning (HVAC) systems [23]–[26]. However, only a limited number of studies [27]–[33] 

proposed FDD methods in heat pumps used for district heating and industrial applications. 

Advances in communication and information technologies in the twenty-first century have enabled 

development of advanced control and monitoring systems based on data-driven methods. Data-driven 

modelling methods allow definition relationships between inputs and outputs of complex systems from 

observed data, providing predictions about the future behaviour of a system. Data-driven modelling can 

be complemented with white-box models to incorporate physics-derived relationships, so called grey-

box models. Grey-box models leverage physics-based models with data-driven approaches to provide 

generalizable and adaptable representations of complex physical processes. Moreover, grey-box and 

data-driven models can be integrated with digital communication technologies to develop virtual 

representations of physical systems or digital twins [34]. The digital twin technology has been applied 

in manufacturing applications [35]–[37] and thermal energy systems [38], [39]. However, only a limited 

number of studies have applied digital twins for heat pumps and refrigeration systems, where the focus 

has been mainly on HVAC systems [40], [41]. 

The project “Digital twins for large-scale heat pump and refrigeration systems” aims to develop 

adaptable, modular and reusable models for specific services. Within this frame of reference, the 

purpose of the present report is to provide a review of state-of-the-art for digital solutions for heat pump 

and refrigeration systems regarding system monitoring, fault detection and diagnosis as well as 

operation optimization.    

2 Methods 

The state-of-the-art review presented in this report was compiled through a search in digital libraries, 

web search engines and journal websites, including Scopus, Web of Science, Google Scholar, Science 

Direct, FRIDOC database from the International Institute of Refrigeration and the database from the 

American Society of Heating, Refrigerating and Air-Conditioning Engineers (ASHRAE). The strategy 

“reference by reference” was also applied to find relevant studies. The literature search focused on 



5 

 

scientific publications and technical reports. However, industrial applications were also included in the 

review. The keywords applied were: “heat pump”, “refrigeration”, “chiller”, “fault” or “failure”  

(standalone or in combination with “monitoring”, “detection”, “identification”), “monitoring” 

(standalone or in combination with  “system”, “performance”),  “optimization” (standalone or in 

combination with “operation”, “control”, “set point”), “model” (standalone or in combination with 

“numerical”, “physical”, “data-driven”, “dynamic”, “steady-state”, “white-box”, “black-box”, “grey-

box”). 

The procedure applied throughout the review was based on four steps shown in Figure 1. First, 

numerical modelling methods were characterized, considering the classification white-box, black-box 

and grey-box models. Then, a literature search was performed to identify studies that applied digital 

solutions for heat pump and refrigeration systems related to FDD, system monitoring and operation 

optimization. Later, the frameworks used in those studies based on numerical modelling were 

categorized into white-box, black-box and grey-box. Finally, the frameworks applied in different case 

studies were described, comparing their characteristics regarding the provision of digital services for 

heat pump and refrigeration systems.       

 

Figure 1: Four-step method applied in the literature review. 

3 Results 

3.1 Numerical modelling 

This section provides a description of numerical modelling techniques used for the provision of digital 

services in heat pump and refrigeration systems. As seen in Figure 2, numerical modelling is classified 

into three categories, namely black-box, white-box and grey-box frameworks. The description includes 

numerical modelling frameworks that may be applied for system monitoring, operation optimization 

and fault detection and diagnosis.  

 

Figure 2: Scheme of the digital services using numerical modelling for heat pump and refrigeration systems based 

on numerical modelling.  
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3.1.1 White-box modelling 

Physics-based or white-box models apply a comprehensive theoretical knowledge about the physical 

system they represent. In heat pump and refrigeration systems, physics-derived relationships include 

mass, momentum, energy balances, equations for describing component functionality and system 

equations. However, physics-based postulates can be partially or completely derived from measured 

data (e.g. equations of state). Bohlin and Græbe [42] suggested that the discrepancies between physics-

based models and experimental data can be mainly attributed to output noise such as measurement 

uncertainties and modelling errors.  

A number of modelling software tools have been applied to simulate the operation of heat pumps and 

refrigeration systems under steady state and dynamic conditions. Examples of simulation software used 

in such applications are Engineering Equation Solver (EES) [43], Matlab [44], Modelica [45] and 

Python [46]. These simulation tools may also be complemented with software libraries that include 

empirical and theoretical models of the thermophysical properties of working fluids. Coolprop [47] and 

Refprop [48] are examples of thermophysical property libraries applied to simulate refrigeration and 

heat pump systems. TIL Suite [49], [50] is an advanced Modelica component library for thermodynamic 

systems for steady-state and transient simulation of complex fluid systems such as heat pump, air 

conditioning, refrigeration or cooling systems. With the included substance property library TILMedia, 

system simulation with various mediums can be performed.  

Steady-state simulation models are useful to represent systems whose behaviour can be considered fixed 

over time. This type of simulation is useful for the design, analysis and optimization of heat pump and 

refrigeration systems, characterizing their operation under different boundary conditions. However, 

steady-state simulations do not focus on the analysis of time-dependent processes in a system describing 

transient behaviour between operating points.        

As opposed to steady-state models, dynamic models enable analysis of the time-dependent behaviour 

of heat pumps and refrigeration systems. Dynamic models can be applied to design, optimize and 

analyse the dynamic response of heat pump and refrigeration systems exposed to varying boundary 

conditions. Physics-based dynamic models are typically more complex than steady-state models, 

leading to larger simulation time. According to Rasmussen and Shenoy [51], the complexity of dynamic 

models of vapour compression systems often resides in the two-phase heat exchangers, where the 

thermal dynamics are generally slower than the mechanical dynamics.  

A model can also combine steady-state and dynamic physical expressions simultaneously in different 

components. This applies when the dynamic operation of one or several components of interest in a 

vapour compression system is not significantly affected by the time-dependent behaviour of the 

remaining components. Thereby, the operation of the latter can be defined under steady-state conditions 

to simplify the numerical model of the system and reduce the simulation time.     

3.1.2 Black-box modelling 

Data-driven or black-box approaches describe a physical process or system by means of observations 

about its behaviour, without describing the fundamentals behind its operation. Mirnaghi and Haghighat 

[52] suggested that data-driven methods can provide accurate predictions about reality, adapt to 

different operating conditions and leverage existing sensing devices. Here, a distinction is made 

between statistical methods, machine learning and other data-driven methods.  

3.1.2.1 Statistical methods 

Statistical methods allow collection, organization, analysis and interpretation of data [53]. Methods that 

are based on statistics that focus on learning from data are considered within the scope of machine 

learning [54]. Several statistical approaches have been included in frameworks for monitoring, FDD 
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and operation optimization of heat pump and refrigeration systems. Examples of this are principal 

component analysis (PCA), Kalman filtering, moving averages and autoregressive algorithms. 

PCA is a multi-variate statistical analysis method in which a group of correlated variables are converted 

into a new group of variables, which are uncorrelated or orthogonal to each other [55]. This technique 

allows capturing the variability of the data using fewer variables and thereby simplifying data analysis. 

PCA can be used as a complement of FDD methods or for system monitoring. The dimensional 

reduction performed by PCA allows identification of variables that are responsible for the variability of 

a certain output, for example due to a fault or performance degradation [56]. Other simpler statistical 

techniques such as correlograms (or charts of correlation statistical indicators) can also be used to 

identify the degree of interconnection between input and output variables.   

Discrete time dynamical models of the ARMAX type can be used to model linear time invariant (LTI) 

systems. Such models are actually stochastic difference equation models. The AR is the Auto-

Regressive part, where the system output is a linear function of previous system output values. The MA 

is the Moving Average part and it is a function of the previous error values. This is the stochastic part, 

which enables a description of the noise entering through the system from inputs, referred to as the 

system noise. Finally, the X is the model part with the exogenous input, which comprises input variables 

driving the system output. ARMAX models are able to describe the output of a dynamic process 

assuming that it depends linearly on its previous values and certain stochastic terms of interest [57]. 

The parameters in such models are not directly interpretable from a physical point of view and thereby 

they are usually referred to as black-box models. However, they are excellent for performance 

prediction and FDD, providing to some extent interpretable results, such as stationary gains and time 

constants. They can be extended into being time adaptive and non-linear with non-parametric modelling 

techniques, e.g. basis splines.      

Kalman filtering is a method that enables estimation of unknown dynamic variables from imprecise 

measurements observed over time by estimating a joint probability distribution [57]. ARMAX models 

can be implemented as a Kalman filter. As a potential application, a Kalman filter can be used for 

similar applications as ARMAX models, mainly prediction and parameter tracking, the latter is often 

used for FDD by comparing real operating data from a heat pump or refrigeration system with a physics-

derived model, highlighting periods when the model does not match the measured data, as result from 

a fault.   

3.1.2.2 Machine learning methods 

Machine learning corresponds to the study of algorithms that can automatically learn about certain 

phenomena based on observations. According to Herlau et al. [54], machine learning can be divided 

into three main categories, namely supervised learning, reinforcement learning and un-supervised 

learning.  

Supervised learning algorithms identify connections between inputs and outputs of a process based on 

a group of data used as example, so called training data. For instance, this type of algorithm can be 

applied to detect a fault or performance reduction in a refrigeration system by identifying an abnormal 

behaviour in one or several of its operational variables. Examples of supervised learning methods are 

regression algorithms, support vector machines (SVM), neural networks, Bayesian networks and 

decision trees.  

Reinforcement learning algorithms analyse the relationship between a learning agent, the environment 

where it operates and the reward resulting from its interaction with the environment [54]. Unlike 

supervised learning, reinforcement learning methods are not provided with training data. Instead, such 

methods assess the consequences of every agent-environment interaction, finding the most rewarding 

set of decisions to reach a certain goal. Monte-Carlo and Q-learning methods are two examples of 

reinforcement learning algorithms. For example, a reinforcement learning algorithm could be applied 
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to identify the optimal operation schedule of a heat pump considering constrains such as electricity price 

and heating demand.  

Finally, unsupervised learning algorithms aim to find patterns in the data without previously defined 

labels [54]. Clustering algorithms are an example of unsupervised methods. For instance, such 

algorithms could be applied to group (or cluster) a number of faults that occurred in a refrigeration 

system in a year, finding associations that were not identified before. Some of the resulting clusters 

could include faults that are more likely to happen after the refrigeration system is serviced or when an 

abnormal parameter variation occurs. 

3.1.2.3 Other data-driven methods 

This section briefly describes other data-driven methods than those using statistics and/or machine 

learning that are used in numerical modelling methods for heat pump and refrigeration systems.  

Fuzzy logic is a multivalued logical system adopted to express imprecise and qualitative information in 

mathematical terms [58]. As opposed to Boolean logic where a value can be either 1 or 0, in fuzzy logic 

a value can be 1, 0 or any fraction (or percentage) in between. The multivalued property of fuzzy logic 

allows classification of imprecise information. For instance, 60 % of the thermostats in a building are 

adjusted within the range that corresponds to a “cold” environment. Then, fuzzy logic can be applied to 

construct a rule-based scheme between imprecise and qualitative inputs with precise numerical outputs. 

A potential application for such a structure is to define automatic control strategies for heat pump and 

refrigeration systems. Considering the previous example, if 60 % of the thermostats in a building are 

adjusted in the category “cold”, then the heat pump is operated at a specific heating capacity (e.g. 40 % 

of the nominal heating capacity). Fuzzy logic can also be used for system monitoring and FDD in 

combination with thresholds derived from expert knowledge.        

Diagnosis tables are another method used for system monitoring and FDD that can be used to formalize 

expert knowledge [14]. This model-free method uses heuristically acquired information to identify 

operational variables affected by faults. Diagnosis tables also allow definition of thresholds over which 

those operational variables are expected to vary under faulty operating conditions. The fundamental 

process behind diagnosis tables is based on a rule-based structure.     

3.1.3 Grey-box modelling 

A grey-box model is a physics-based model with data-driven terms to account for uncertainties 

regarding model formulation and measured values. Bohlin and Græbe [42] suggested that grey-box 

models incorporate the available knowledge about a system or a process, without requiring that such 

information is complete or reliable. Sohlberg and Jacobsen [59] distinguished five grey-box modelling 

branches shown in Figure 3.  

 

Figure 3: Scheme of the grey-box modelling branches proposed by Sohlberg and Jacobsen [59]. 
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The structure of the grey-box branches depends on how the physical information known a-priori is 

applied in the model, which is described as follows:  

 Constrained black-box identification: uses data-driven models that include parameters constrained 

by physical relations. For instance, this could be applied to detect fouling in a heat exchanger. A 

data-driven model could identify abnormal variations of the mass flow rate of the heat exchanger 

over time that can be attributed to fouling. Here, previously known variations of the mass flow rate 

associated to the operation of a pump can be included in the model as constrain.   

 Semi physical modelling: applies physical relationships to represent the non-linear behaviour of 

measured data, which are complemented with linear data-driven models. Considering the previous 

example, the heat transfer performance of a heat exchanger can be represented by a physics-derived 

parameter such as the UA-value. This indicator could be used as an input for a data-driven model 

to identify when its variability may be associated to fouling.      

 Mechanical modelling: applies a model that was initially described using physical derivations but 

its structure was refined based on measured data. For example, a model of the pressure loss across 

a heat exchanger could have been initially defined using a physics-derived friction factor model 

(e.g. Blasius correlation). However, overtime this model may not provide an accurate description 

of the pressure drop in a heat exchanger due to corrosion or other fault mechanisms affecting its 

surface. In this context, a data-driven model could be developed to describe the friction factor under 

the current operating conditions.        

 Hybrid modelling: uses physics-based and data-driven models as two separated components that 

complement each other in series or in parallel. As an example of this approach, a physics-based 

model of a vapour compression system can be used to represent the overall performance of the 

system and the relationship between components. This could be complemented with an independent 

data-driven model that allows identifying the performance degradation of the isentropic efficiency 

of the compressor over time.    

 Distributed parameter modelling: enables identification of the optimal spatial discretization of a 

physical element by using data-driven methods to find the integration of a physics-derived 

discretization that minimizes modelling errors. For instance, this approach could allow developing 

an optimal discretized model of a heat exchanger. Discrete components may include 

thermodynamic and fluid dynamic expressions to represent the heat transfer and pressure loss across 

the heat exchanger. The optimal number of discrete elements to minimize modelling errors may be 

found by using a data-driven model based on measured data. 

Grey-box models based on stochastic differential equations (SDEs) allow describing the dynamic 

behaviour of real systems, using a combination of physical and statistical modelling [57]. SDEs 

integrate deterministic expressions derived from physics with stochastic models to account for the 

disturbances entering a real system. For example, a physical model can represent the structure of a 

system and statistical methods can be applied for validation and parameter estimation (e.g. heat transfer 

and pressure loss coefficients). Bohlin and Graebe [42] suggested that stochastic grey-box models rely 

on the person designing the model to adjust its structure. The authors indicated that this model 

adjustment is often performed as an iterative process where the model designer proposes and tests 

different tentative model structures. As an alternative to this human-dependant process, a number of 

model adjustment methods were developed [60], which can automatically identify model structures 

based on prediction performances. 

3.2 System monitoring 

This section summarizes digital solutions applied to monitor the operation of heat pump and 

refrigeration systems. Monitoring is regarded as the process of obtaining information about the 

operation of a system, verifying whether its performance is within expected values. For the given 

system, the heating or cooling rate provided and the power consumed are relevant examples of 
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quantitities to monitor. These are further connected into coefficient of performance (COP) which shows 

the ratio between the energy service provided and the cost of providing it. Tsutsui and Kamimura [61] 

suggested that model-based monitoring approaches provide a better description of the operation of the 

system than only determining the COP, since the latter is highly sensitive to weather conditions. Model-

based approaches enable monitoring of the relationships between input and output system variables as 

well as predicting their future behaviour. Model-based approaches can be physics-derived (white-box), 

data-driven (black-box) or a combination of the latter (grey-box). This review included model-based 

frameworks for real-time monitoring considering steady-state and/or dynamic operating conditions.  

3.2.1 White-box frameworks  

The operation of heat pump and refrigeration systems can be monitored by using thermodynamic 

simulation models validated with measurement data to identify daily and seasonal performance indices. 

Naicker and Rees [62] monitored the performance of a geothermal heat pump system with an installed 

heating capacity of 440 kW by means of measured data and a steady state thermodynamic model. The 

real system was monitored over a period of three years of operation using temperature and flow rate 

sensors independent from those of the existing control system. Other control-related variables such as 

valve positions and compressor speed were obtained from the central control system of the heat pump. 

The framework from Naicker and Rees was capable of calculating the COP and the seasonal 

performance of the heat pump, identifying how the existing control approaches affect the overall 

performance of the system. Gordon et al. [63] developed steady-state thermodynamic models to monitor 

the performance of two centrifugal chillers with 352 kW of cooling capacity each. The data to adjust 

the numerical models was obtained on a 30-minute interval from both chillers. Their model-based 

framework was used to monitor the COP of the system under full- and part-load conditions, 

characterizing its operation before and after maintenance was provided. Noel et al. [64] proposed a non-

invasive method to assess the performance of heat pumps based on defining an energy balance of the 

compressor. This method was validated on a residential air source heat pump, in which the COP was 

calculated under steady-state conditions.  

System monitoring methods for heat pumps based on thermodynamic models are included in services 

available in the market. The Energy Machines Verification Tool (EMV) [65] provides performance 

monitoring and predictive maintenance by means of smart sensors and thermodynamic simulation 

models of heat pumps. This tool uses temperature and pressure measurements from different points in 

the refrigerant loop as well as the compressor power uptake to determine performance indicators such 

as COP, compressor efficiency and heating/cooling capacities.   

3.2.2 Black-box frameworks 

One of the simplest data-driven system monitoring approaches apply regression algorithms that relate 

the COP or power uptake from a heat pump with temperatures from the sink and/or source streams. The 

method from Okuno et al. [66] included a relationship between the COP of a sewage water source heat 

pump with the heat source water inlet temperature. This approach was applied to monitor the 

performance of the system and its variation resulting from the presence of fouling in the evaporator. 

Other studies [67], [68] proposed polynomial regressions to estimate the power uptake from ground 

source heat pumps based on the temperatures of the source and sink streams and/or the heating capacity 

of the heat pump unit. Zou et al. [69] used linear and polynomial regressions to model the dynamic 

behaviour of the COP of a lake water source heat pump with a heating capacity of 1244 kW. The 

proposed COP model was defined as a function of the daily average temperature of the lake water. This 

model was able to predict the daily and seasonal var9iations of the real COP of the system. 

More advanced data-driven frameworks for system monitoring included machine learning techniques. 

The framework proposed by Yan et al. [70] applied several machine learning algorithms to monitor the 

performance of a ground source heat pump system with 670 kW of heating capacity. The algorithms 
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included neural networks, classification and regression trees as well as support vector machines. Those 

algorithms were trained with real-time measured data from the system, which did not include state point 

measurements of the refrigerant cycle. This framework was capable of estimating the short-term and 

long-term performance indicators of a system operating under dynamic conditions. Cirera et al. [71] 

applied a data-driven method using a self-organizing map (a type of artificial neural network) and PCA 

to monitor the COP of chillers. This approach was able to recognize the implications of different control 

strategies and at the same time identify anomalies in the operation of the system. The proposed 

framework integrated online and offline modules. In the offline part, the method was trained based on 

historical data, which was then updated in the online module using real-time measured data. 

3.2.3 Grey-box frameworks        

A number of studies [72], [73] have combined physics-derived models with data-driven methods to 

monitor the performance of heat pumps and refrigeration systems. Tardif et al. [72] applied Functional 

Muck-up Units (FMU) to combine the dynamic model of a heat pump and a building made in TRNSYS 

with the electricity grid domain developed in Python. The aim of their study was to analyse the 

interaction between the electricity grid and the power load represented by the heat pump, evaluating the 

flexibility potential of such system configuration. Green et al. [73] investigated how to operate 

supermarket refrigeration systems optimally based on an accurate monitoring of a variable cooling load. 

The authors focused on the problem of adjusting the operation of refrigeration systems with multiple 

compressors with different capacities considering that the cooling load could be directly estimated. 

They proposed a monitoring approach based on measured data and thermodynamic simulation models 

to indirectly calculate cooling loads and to estimate the COP of the system in real-time. The calibration 

of a thermodynamic model is often performed manually by adjusting parameters of the model so that 

its output matches measured variables of interest. Data-driven methods can be used for the calibration 

of physics-derived models, increasing the level of automation in the modelling process. Mehrfeld et al. 

[74] developed a framework to calibrate the dynamic physical simulation model of an air-source heat 

pump. Their framework included a thermodynamic model developed in Modelica with an optimization 

algorithm implemented in Python, where the minimization of a scalar objective function was performed. 

The optimization applied the heating circuit flow temperature and electrical power uptake of the heat 

pump as target variables, achieving a root mean square error of approximately 1.6 % between simulated 

and measured values.               

3.3 Fault detection and diagnosis  

This section provides a review of fault detection and diagnosis (FDD) methods applied to large-scale 

vapour compression systems. Large-scale systems are considered as those with heating or cooling 

capacities equal or above 200 kW. This classification was also used in a related study [75] to categorize 

large-scale heat pump systems. Previous studies also investigated the performance and application of 

FDD techniques for HVAC systems and small-scale heat pump applications, as summarized in [9], [52], 

[76]. However, the scope of the present section was limited to large-scale systems.  

In this report, the term fault is regarded as the state of an item characterised by its inability to perform 

an expected function, which can be total or partial [77]. FDD are procedures that aim to determine 

whether a fault has occurred and identify the characteristics of a fault (e.g. type of fault, location, 

magnitude and time of occurrence) [56]. The faults presented in Table 1 were investigated in previous 

studies that applied FDD methods in large-scale vapour compression systems. The FDD methods used 

in such studies are summarized in Table 2. Among all the 26 studies found in the literature, seven studies 

focused on large-scale heat pump systems, all of which applied physical models for FDD. The other 

studies focused on FDD for chillers, where the largest fraction of them applied experimental data 

developed by ASHRAE RP-1043 [13]. Katipamula and Brambley [78] proposed that FDD methods can 

be categorized based on their structure, namely model-based methods and process history based, as 

shown in Figure 4. The authors defined model-based methods as those that apply information of the 
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system known a-priori, which is in agreement with the definition of white-box frameworks used in the 

present report. Process history based models correspond to those that use observations rather than a 

fundamental insights about the system, analogous to black-box frameworks. Grey-box frameworks 

were also regarded as process history based methods since they are partially defined based on 

observations. Quantitative model-based methods apply detailed or simplified physical models (e.g. 

thermodynamic model of a heat pump system or hydrodynamic model of the pressure drop across a 

pipeline) to identify and characterize faults. Physics-based models may also be applied in qualitative 

model-based methods, but here the output is nonnumeric. In this type of methods it is possible to identify 

the presence of a fault and its potential causes but not the mathematical expressions that allow 

characterizing them. Moreover, qualitative model-based FDD comprise rule-based methods, which can 

use knowledge based on experience, first principles and specific thresholds. Model-based and process 

history based methods may analyse the inconsistencies between measured and expected outputs, 

referred to as residuals. This type of FDD methods take measurements from the system as inputs and 

produces a residual as output, where a residual signal equal to zero refers to a non-faulty operation.  

Table 1: Faults targeted in FDD methods for large-scale vapour compression systems 

Fault Abbreviation 

Condensation in the suction line CS 

Condenser fouling CO 

Defective expansion valve DE 

Defective sensors (temperature, mass flow and power uptake) DS 

Evaporator fouling EF 

Excessive oil EO 

Low mass flow in the sink stream LMC 

Low mass flow in the source stream LME 

Oil leakage OL 

Non-condensables in the refrigerant NC 

Reduced compressor efficiency CE 

Refrigerant leakage RL 

Refrigerant overcharge RO 

Rotor wear RW 

 

Figure 4: Classification of fault detection and diagnosis methods according to Katipamula and Brambley [78].  

3.3.1 White-box frameworks 

The white-box FDD methods presented in Table 2 used quantitative rule-based approaches based on 

first principles, considering the classification scheme shown in Figure 4. Pelet and Favrat [31] identified 
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a dynamic increase of the pinch-point temperature difference in the evaporator of a heat pump, which 

was attributed to the presence of fouling. The existence of fouling was also detected in [29], [32], [33], 

by observing an increase of the thermal resistance of the evaporator and/or a COP and capacity 

reduction. Meesenburg et al. [30] identified condensation in the suction line of an ammonia heat pump 

by using a dynamic simulation model and physical principles. They observed that the wall temperature 

of the suction pipeline was below the saturation temperature of ammonia during fast ramp-down 

operation. This may lead to refrigerant condensation that can have a negative impact over the 

compressor. Chamoun et al. [27] used a dynamic simulation model to evaluate the effect of an air-purge 

during the start-up of a large-scale heat pump using water as refrigerant. Here, the existence of non-

condensables was observed from the differences between the dynamic behaviour of measured and 

simulated operational variables (e.g. condensation and evaporation temperatures and pressures).     

A number of companies have proposed products and/or services for FDD in heat pumps and 

refrigeration systems based on physics-based models. Wronski and Jonsson [79] developed a remote 

FDD system for container refrigeration units applied in shipping applications. Their framework applied 

a generic steady-state simulation model to evaluate simultaneously the operation of multiple 

refrigeration units using measured data that was obtained remotely. This approach was able to improve 

the energy efficiency of the refrigeration units by optimizing maintenance actions.          

3.3.2 Black-box frameworks 

All the studies found in the literature that used black-box methods for FDD in large-scale vapour 

compression systems focused on chillers (see Table 2). Moreover, in all those studies experimental data 

was obtained under steady-state conditions. The only exceptions for this were the studies from Bailey 

and Kreider [88] and Yan et al. [97] that developed FDD methods for a dynamic system operation. The 

black-box FDD methods found in the literature were the following: 

 Supervised machine learning methods: neural networks, Bayesian networks, support vector 

machines (SVM), associative classifier, k-nearest neighbours (KNN), linear discriminant 

analysis, as well as linear and polynomial regressions. 

 Unsupervised or semi-supervised machine learning methods: support vector data description 

(SVDD), Density-based spatial clustering of applications with noise (DBSCAN), and principal 

component analysis (PCA). 

 Learning methods based on fuzzy logic 

 Time series models: autoregressive model with exogenous inputs (ARX) 

 Discretization algorithms: decision table, entropy-based discretization, equal-width 

discretization, and equal-frequency discretization [100]. 

Principal component analysis (PCA) was the most frequently used black-box FDD approach in the 

reviewed studies, as shown in Table 2. According to Russel et al. [56], the dimensional reduction of a 

dataset performed by PCA allows identification of the variables responsible for a fault and/or the 

variables that are most affected by a fault. Other machine learning methods such as Bayesian networks 

and support vector machines (SVM) were also commonly used in the literature as stand-alone methods 

or together with PCA. 
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Table 2: FDD methods applied in large-scale vapour compression systems. 

Ref. 
Source 

FDD Method 
Type of 
FDD 

Faults 
System type / Compressor / 
Refrigerant / Nominal capacity [MW] 

Type of Data 

[18] ARX; ARMAX; Box-Jenkins + 
Correlogram + Decision table 
+ Simplified physical model 

Grey-box LME; LMC; RL; 
NC; CF 

*Chiller / Centrifugal / R-134a / 0.3 Experimental 

[80] Associative classifier Black-box LME; LMC; RL; 
RO; EO; NC; CF 

*Chiller / Centrifugal / R-134a / 0.3 Experimental 

[17] Bayesian networks Black-box LME; LMC; RL; 
RO; EO; NC; CF 

*Chiller / Centrifugal / R-134a / 0.3 Experimental 

[16] Bayesian networks Black-box LME; LMC; RL; 
RO; EO; NC; CF 

*Chiller / Centrifugal / R-134a / 0.3 Experimental 

[81] Bayesian networks + 
Discretization algorithms 

Black-box LME; LMC; RL; 
RO; EO; NC; CF 

*Chiller / Centrifugal / R-134a / 0.3 Experimental 

[82] Bayesian networks + PCA Black-box LME; LMC; RL; 
RO; EO; NC; CF 

*Chiller / Centrifugal / R-134a / 0.3 Experimental 

[83] DBSCAN + Simplified physical 
model 

Grey-box LME; LMC; RL Chiller / Screw / R-22 / 0.4 Experimental 

[84] Decision tree + Simplified 
physical model 

Grey-box LME; LMC; RL Chiller / Screw / R-22 / 0.4 Experimental 

[27] Detailed physical model White-box NC HP / Screw / R-718 / 0.4 Experimental / 
Simulated 

[29] Detailed physical model White-box EF HP / Screw / R-134a / 0.8 Observational 

[30] Detailed physical model White-box CS HP / Reciprocating / R-717 / 0.8 Observational / 
Simulated 

[31] Detailed physical model White-box RW; EF HP / Screw / R-717 / 3.9 Observational 

[32] Detailed physical model White-box EF HP / Screw / NS / 0.7 Simulated 

[33] Detailed physical model White-box EF HP / NS / R-717 / 2.4 Observational 

[85] EWMA + Simplified physical 
model 

Grey-box LME; LMC; RL; 
RO; EO; NC; CF 

*Chiller / Centrifugal / R-134a / 0.3 Experimental 

[21] GAN Black-box LME; LMC; RL; 
RO; EO; NC; CF 

*Chiller / Centrifugal / R-134a / 0.3 Experimental 

[86] Linear discriminant analysis Black-box LME; LMC; RL; 
RO; EO; NC; CF 

*Chiller / Centrifugal / R-134a / 0.3 Experimental 

[63] Linear regression + Detailed 
physical model 

Grey-box EF Chiller / Centrifugal / R-11 / 0.7 Observational 

[87] Linear regression + Fuzzy 
logic + Expert knowledge 

Black-box LME; LMC; DE; 
CE 

Chiller / Reciprocating / R-22 / 0.3  Experimental 

[28] Linear regression + Simplified 
physical model 

Grey-box LME; EF HP / NS / R-134a / 0.4 Observational 

[88] Neural networks Black-box RL; RO; OL; 
EO; LMC; CF 

Chiller / Screw / R-22 / 0.2 Experimental 

[89] Neural networks + Fuzzy logic Black-box LME; LMC; RL; 
RO; EO; NC; CF 

*Chiller / Centrifugal / R-134a / 0.3 Experimental 

[90] Neural networks Black-box LME; LMC; RL; 
RO; EO; NC; CF 

*Chiller / Centrifugal / R-134a / 0.3 Experimental 

[91] PCA Black-box LME; RL; LMC; 
CE 

Chiller / Centrifugal and Screw / R-
134a / 0.2  

Experimental 

[92] PCA Black-box DS Chiller / Screw / NS / 1.4  Experimental 
[19] PCA Black-box RO; EO; NC; 

CF; EF 
*Chiller / Centrifugal / R-134a / 0.3 
and 5.0 

Experimental / 
Observational 

[93] PCA + SVM + KNN Black-box RL; RO Chiller / Screw / R-134a / 0.4 and 
0.7 

Experimental 

[14] PCA; FDD Table; Multiple 
Linear regression; Linear 
discriminant analysis + 
Simplified physical model 

Grey-box LME; LMC; RL; 
RO; EO; NC; 
CF; EF 

*Chiller / Centrifugal / R-134a / 0.3  Experimental / 
Simulated 

[94] PCA; SVDD Black-box LME; LMC; RL; 
RO; EO; NC; CF 

*Chiller / Centrifugal / R-134a / 0.3 Experimental 

[95] Polynomial regression + 
Relative sensitivity 

Black-box LME; LMC; RL; 
RO; EO 

*Chiller / Centrifugal / R-134a / 0.3 Experimental 

[22] Polynomial regression + 
Simplified physical model 

Grey-box LME; RL; EO; 
NC; CF 

*Chiller / Centrifugal / R-134a / 0.3 
and 5.0 

Experimental / 
Observational 

[96] SVDD Black-box LME; LMC; RL; 
RO; EO; NC; CF 

*Chiller / Centrifugal / R-134a / 0.3 Experimental 

[97] SVM + ARX Black-box LME; LMC; RL; 
NC; CF 

*Chiller / Centrifugal / R-134a / 0.3 Experimental 

[98] SVM Black-box LME; LMC; RL; 
RO; EO; NC; CF 

*Chiller / Centrifugal / R-134a / 0.3 Experimental 

[99] SVM + EWMA + Simplified 
physical model 

Grey-box LME; LMC; RL; 
RO; NC; CF 

*Chiller / Centrifugal / R-134a / 0.3 Experimental 

* Experimental data from ASHRAE RP-1043 
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3.3.3 Grey-box frameworks 

The study from Gordon et al. [63] was the only one shown in Table 2 that applied a detailed physical 

model and a data-driven method for FDD. This framework was based on a thermodynamic model of a 

chiller complemented with a linear regression to identify the existence of fouling in the evaporator. The 

other grey-box FDD frameworks for large-scale systems found in the literature were based on simplified 

physical models. As shown in Table 2, several studies using the ASHRAE RP-1043 database [14], [18], 

[85], [99], [101] applied grey-box models as a combination of data-driven methods and simplified 

physical models. The simplified physical models in such studies corresponded to a combination of 

direct measurements, calculated variables and control variables, defined as characteristic variables and 

parameters in ASHRAE RP-1043 [13]. Examples of characteristic variables and parameters are the UA-

value of heat exchangers, the super heating and the COP of the system. Previous studies [13], [14], 

[102] suggested that using characteristic variables and parameters for FDD provide more robust and 

sensitive estimations than using direct measurements.  

3.4 Optimization of system operation 

Control strategies for heat pump and refrigeration systems often relies on conventional control 

techniques such as ON/OFF controllers, proportional-integral (PI) controllers and proportional–

integral–derivative (PID) controllers [103]. The operation of heat pumps and refrigeration systems 

depends on the non-linear thermal and mechanical behaviour of the system and its interaction with 

source and sink streams. Conventional control strategies can only operate reactively to that behaviour. 

To overcome this limitation, advanced control strategies such as model predictive control are applied 

in different thermal energy systems [104]. Model predictive control is a framework that relies on 

dynamic models of a system and its forecasted behaviour to provide real-time control optimization. 

Such a control strategy enables optimizing the operation of complex systems considering multiple 

constrains from inputs (sensors) and outputs (actuators) [105]. Data-driven modelling methods may 

also be included in model predictive control strategies to optimize the operation of heat pumps and 

refrigeration systems by adapting their structure using measured data [106]. 

Control strategies for vapour compression systems include SISO (Single Input Single Output) control, 

MIMO (Multiple Input Multiple Output) control. Karjalainen [6] performed a simulation-based study 

to compare different capacity control strategies for heat pumps, evaluating their potential use in online 

set point optimization frameworks. This study suggested that a MIMO control strategy to adjust the 

expansion valve and compressor speed could reach a higher COP than the other strategies like SISO, 

considering superheat control and heat exchanger pump operation. However, using MIMO increased 

the complexity to define optimal operation points of the system compared to the other control strategies 

analysed. 

3.4.1 White-box frameworks 

Model predictive control frameworks based on physics-derived models to optimize heat pump operation 

were studied in [107]–[109]. Kajgaard et al. [107] integrated a simplified physics-based model of a 

house and a heat pump into an MPC framework. Similarly, Weeratunge et al. [108] included physics-

derived models in an MPC to optimize the operation of a solar assisted ground-source heat pump with 

thermal energy storage for space heating. The MPC proposed by Antonov et al. [109] also focused on 

the optimization of a ground-source heat pump, which was coupled with auxiliary boilers and passive 

heating systems. The three MPC frameworks [107]–[109] aimed to minimize costs related to space 

heating by optimizing the operation schedule of the heat pumps subject to electricity price variations 

and capacity constraints. The physical derivations used in those frameworks were limited to a static 

COP model of a heat pump without considering the thermal or mechanical dynamics present in real 

systems.  
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A number of studies proposed self-optimizing set point frameworks for heat pumps considering steady-

state operating conditions [5], [110] and dynamic conditions [111]–[113]. Hu et al. [111] and Wang et 

al. [112], [113] applied extremum seeking control algorithms to solve real-time set point optimization 

problems on Modelica-based simulation models. As defined in [114], extremum seeking control is a 

real-time adaptive control method that can adjust to the unknown dynamics of a system. In general 

terms, this control strategy adjusts the function being optimized (i.e. objective function) according to 

artificially induced perturbations in the system. Extremum seeking control has been applied to optimize 

the operation of dynamic heat pump models since it can search for an optimal input in real-time 

considering non-linear relationships between variables. 

3.4.2 Black-box frameworks 

The MPC framework proposed by Burns et al. [115] was able to optimize the operation of vapour 

compression systems with different configurations by using an adaptable data-driven structure. The 

proposed MPC could activate or deactivate individual evaporators, where a single control algorithm 

could be used for different system configurations. According to Burns et al, such a MPC may lead to a 

lower computational complexity and computational storage requirement compared to other system-

specific MPC approaches.      

3.4.3 Grey-box frameworks 

Peirelinck et al. [116] developed a set point optimization algorithm based on reinforcement learning to 

adjust the operation of a simulated heat pump for building space heating supply. In their study, the heat 

pump, building components and HVAC systems were simulated with Modelica under dynamic 

operational conditions. The reinforcement learning framework was implemented using the Keras 

Python library [117]. Another grey-box set point optimization method was proposed by Green et al. 

[118], who studied the optimization of supermarket refrigeration systems with a compressor rack. In 

this study, a simplified thermodynamic model was complemented with an optimization method named 

invasive weed optimization. The proposed framework was capable of searching for optimal set points 

for local controllers in the refrigeration system under steady state and dynamic operating conditions.     

Laferriere and Cimmino [119] developed an MPC to optimize the operation of a ground-source 

residential heat pump. The case study heat pump was provided with an electrical heating device in the 

source stream outlet to increase the temperature of the injection and thereby assisting the heat pump 

when required. The operation of a physics-derived model of the heat pump and the electric heating 

device implemented in Modelica was adjusted based on measured data from the case study using a 

Kalman filter. 

4 Discussion 

Physics-derived simulation models allow simulation for analysis of design and operation of heat pump 

and refrigeration systems under different system configurations and boundary conditions. Several 

white-box frameworks for monitoring, FDD and operation optimization presented in the review 

required the development of thermodynamic models of the real system. Thermodynamic models can 

provide comprehensive information about the operation of the system and they may provide insights 

about the root cause of faults. However, the development of thermodynamic models requires enough 

operational data for the validation process. These measured data can be obtained using portable sensing 

devices and/or existing sensors, actuators and software parameters incorporated in the plant supervisory 

control and data acquisition system (or SCADA system). As suggested by Venkatasubramanian et al. 

[120], historical data from a system is not always available from its SCADA interface since only a few 

data patterns may be present, covering only fractions of the period of interest. Rasmussen and Shenoy 

[121], described challenges faced when developing dynamic models of vapour compression systems. 

The highlighted challenges included using different time scales within the same dynamic model, 
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reducing the simulation time of complex systems to perform real-time analysis, performing a detailed 

validation of dynamic models and the simulation of hard transients (e.g. system start-up or shutdown).  

Grey-box models leverage the advantages of physics-based and black-box modelling approaches. 

Complementing physics-based dynamic models with data-driven methods has the potential to reduce 

the required data for modelling, improve model reproducibility and improve its ability to adapt to 

different system configurations and operating conditions. As proposed by Sohlberg and Jacobsen [59], 

the combination between a physics-derived models and black-box models can be achieved with 

different model structures. The grey-box monitoring frameworks proposed by [72], [73] applied 

physical models to describe the components of vapour compression systems, whereas black-box models 

were applied to represent systems that can be directly described by deterministic expressions (e.g. 

electricity prices and cooling loads). The share of the black-box component in a grey-box model 

depends on the availability of a priori knowledge about the system and the discrepancies between the 

model and the real system.  

MIMO control strategies for vapour compression systems may reach higher COP values than SISO [6]. 

However, optimizing such control strategies may lead to more complex optimization problems and 

thereby longer calculation times compared to simpler control methods like SISO. The optimal control 

strategy for vapour compression systems often depends on the specific characteristics of the system and 

its boundary conditions. In several studies [28], [62], [91], either a physics-based, black-box models or 

a combination of both was used to evaluate the system behaviour resulting from different control 

strategies. This approach allows estimating which control strategies and set points achieve the highest 

performance indicators. As indicated in [7], a period of several months is often required to adjust the 

control system of large-scale heat pumps after they were installed. A method to evaluate potential 

adjustments in the control system with model-based methods could be implemented to reduce the fine-

tuning period of heat pump control systems during the start-up phase.  

Model-based FDD methods, whether white-box, black-box or grey-box, can reduce the requirement for 

redundant sensors to identify and characterize faults. Numerical models implemented in digital 

platforms enable assessment of analytical redundancies between the real system and the model, e.g. by 

using residual analysis. Thereby, the abnormal operation of a system can be identified without the need 

to install additional sensing devices, which is associated with extra cost and space requirements. 

However, model-based approaches often simplify uncertainties associated with data collection (e.g. 

measurement uncertainty, state estimations) [120]. According to Willsky [122], the more complex the 

real system is, the more the FDD method depends on the model and the more important the robustness 

of the FDD method becomes. Here, robustness is interpreted as the capacity of the FDD method to 

provide accurate results regardless of the noise and uncertainties involved in the data collection process. 

Another challenge to consider in FDD is to model the nonlinear relationships between system variables, 

which is the case for heat pumps and refrigeration systems. Therefore, simple FDD methods such as 

linear regressions, may not reach the expected prediction performance. In particular, this may apply 

when attempting to identify multiple faults occurring simultaneously. Several studies [15], [123], [124] 

have developed FDD methods for multiple-simultaneous faults in vapour compression systems by using 

virtual sensors. Virtual sensors combine physics-based models with data analysis methods using 

measurements from low-cost sensors, to isolate specific variable behaviour associated with a certain 

fault.  

The outcome from FDD methods often changes with varying conditions of a process, as described in a 

number of studies [92], [120], [125]. The performance of a heat pump and refrigeration systems may 

degrade over time due to component wear or changes in its boundary conditions (e.g. weather, 

electricity prices, heating/cooling load). Detecting performance degradation besides identifying 

particular faults may prevent the occurrence of severe failures. Therefore, system monitoring 

frameworks could be coupled with FDD methods to alert about potential failures in the system, e.g. due 
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to aging of the components. For instance, Staino et al. [126] analysed experimentally the performance 

degradation of a refrigeration compressor. The information obtained experimentally was used to 

develop a framework for system monitoring and FDD that was later applied continuously in a real 

refrigeration system. This study relied on a thermodynamic model of the system validated with 

experimental data to define the admissible limits of operation in which faults were not expected. Other 

approaches that characterised performance degradation focused on the detection and diagnosis of 

fouling in heat exchangers [127]–[129], which used empirical models of material deposition.   

A number of studies applied black-box and grey-box approaches for FDD in experimental setups (see  

Table 2). However, only a fraction of those studies was based on observational data from case studies. 

Moreover, there is a lack of standardized criteria for further implementation of data-driven frameworks 

in heat pumps and refrigeration systems. For example, no standardized document provides guidelines 

about which machine learning methods are better suited for FDD or for system monitoring, or how such 

methods should be implemented in real applications. Defining standardized criteria for data-driven 

frameworks may allow improving their description and prediction performance, accelerating their 

integration in existing monitoring and control systems, as well as enabling the interoperability across 

different services they provide. 

5 Conclusions 

The present report provided a review of digital solutions for heat pump and refrigeration systems. The 

review focused on services such as system monitoring, fault detection and diagnosis as well as operation 

optimization, considering numerical models integrated in digital platforms. Physics-based or white-box 

models were described to provide comprehensive insights related to the operation of real systems in 

real-time, which can be used to analyse potential unexpected operation of a system. Integrating physics-

derived models with data-driven methods may reduce the requirement for measured data, increase the 

reproducibility of the model and improve its ability to adapt to different system configurations and 

operating conditions. It was noted that system monitoring could be integrated with fault detection and 

diagnosis methods to distinguish performance degradation that may later lead to severe faults. 

Moreover, the selection of suitable model-based fault detection and diagnosis methods should consider 

aspects such as model adaptability, robustness and prediction performance. From the reviewed studies, 

it was identified that further research is needed regarding the analysis of black-box and grey-box fault 

detection and diagnosis models for heat pump and refrigeration in operation.  

References 

[1] D. L. Mccollum et al., “Energy investment needs for fulfilling the Paris Agreement and 

achieving the Sustainable Development Goals,” Nat. Energy, doi: 10.1038/s41560-018-0179-z. 

[2] R. Geyer, D. Hangartner, M. Lindahl, and S. V. Pedersen, “Final Report for HPT TCP Annex 

47 – Heat Pumps in District Heating and Cooling systems,” Borås, Sweden, 2020. 

[3] H. V. Nguyen, Y. L. E. Law, M. Alavy, P. R. Walsh, W. H. Leong, and S. B. Dworkin, “An 

analysis of the factors affecting hybrid ground-source heat pump installation potential in North 

America,” Appl. Energy, vol. 125, pp. 28–38, Jul. 2014, doi: 10.1016/j.apenergy.2014.03.044. 

[4] L. A. Tagliafico, V. Bianco, A. Cavalletti, C. Marafioti, A. Marchitto, and F. Scarpa, 

“Monitoring and control of a pilot plant made of solar assisted heat pump with hybrid panels,” 

in AIP Conference, 2019, vol. 2191, p. 20143, doi: 10.1063/1.5138877. 

[5] Z. Zhao, Y. Li, T. I. Salsbury, C. F. Alcala, and J. M. House, “Self-optimizing Control of an Air 

Source Heat Pump,” in 2019 American Control Conference (ACC), 2019, pp. 223–228. 

[6] J. Karjalainen, “Water-to-water heat pump control strategies and online set-point optimization,” 

Swiss Federal Institute of Technology Zürich, Zürich, Switzerland, 2015. 



19 

 

[7] Danish Energy Agency, “Inspirationskatalog for store varmepumpeprojekter i 

fjernvarmesystemet,” 2017. 

https://ens.dk/sites/ens.dk/files/Varme/inspirationskatalog_for_store_varmepumper.pdf. 

[8] J. J. Aguilera et al., “Operational challenges in large-scale ammonia heat pump systems,” in 

Proceedings of ECOS 2021: 34th International Conference on Efficiency, Cost, Optimization, 

Simulation and Environmental Impact of Energy Systems, 2021, p. 12. 

[9] I. Bellanco, E. Fuentes, M. Vallès, and J. Salom, “A review of the fault behavior of heat pumps 

and measurements, detection and diagnosis methods including virtual sensors,” J. Build. Eng., 

vol. 39, no. January, p. 102254, 2021, doi: 10.1016/j.jobe.2021.102254. 

[10] M. Song, S. Deng, C. Dang, N. Mao, and Z. Wang, “Review on improvement for air source heat 

pump units during frosting and defrosting,” Applied Energy, vol. 211. Elsevier Ltd, pp. 1150–

1170, Feb. 01, 2018, doi: 10.1016/j.apenergy.2017.12.022. 

[11] A. Hepbasli, E. Biyik, O. Ekren, H. Gunerhan, and M. Araz, “A key review of wastewater source 

heat pump (WWSHP) systems,” Energy Convers. Manag., vol. 88, pp. 700–722, 2014, doi: 

10.1016/j.enconman.2014.08.065. 

[12] T. R. Bott, “Fouling due to Corrosion,” in Fouling of Heat Exchangers, Amsterdam, 1995, pp. 

149–183. 

[13] M. C. Comstock and J. E. Braun, Fault Detection and Diagnostic (FDD) Requirements and 

Evaluation Tools for Chillers. Research Project 1043-RP. West Lafayette, IN, USA: ASHRAE, 

1999. 

[14] T. A. Reddy, ASHRAE RP-1275: Evaluation and assessment of fault detection and diagnostic 

methods for centrifugal chillers. Philadelphia, PA, USA: ASHRAE, 2006. 

[15] X. Zhao, M. Yang, and H. Li, “A virtual condenser fouling sensor for chillers,” Energy Build., 

vol. 52, pp. 68–76, 2012, doi: 10.1016/j.enbuild.2012.05.018. 

[16] Z. Wang, Z. Wang, S. He, X. Gu, and Z. F. Yan, “Fault detection and diagnosis of chillers using 

Bayesian network merged distance rejection and multi-source non-sensor information,” Appl. 

Energy, vol. 188, pp. 200–214, Feb. 2017, doi: 10.1016/j.apenergy.2016.11.130. 

[17] S. He, Z. Wang, Z. Wang, X. Gu, and Z. Yan, “Fault detection and diagnosis of chiller using 

Bayesian network classifier with probabilistic boundary,” Appl. Therm. Eng., vol. 107, pp. 37–

47, Aug. 2016, doi: 10.1016/j.applthermaleng.2016.06.153. 

[18] A. Beghi, L. Cecchinato, F. Peterle, M. Rampazzo, and F. Simmini, “Model-based fault 

detection and diagnosis for centrifugal chillers,” in 2016 3rd Conference on Control and Fault-

Tolerant Systems (SysTol), 2016, pp. 158–163, doi: 10.1109/SYSTOL.2016.7739744. 

[19] S. Wang and J. Cui, “A robust fault detection and diagnosis strategy for centrifugal chillers,” 

HVAC R Res., vol. 12, no. 3, pp. 407–428, 2006, doi: 10.1080/10789669.2006.10391187. 

[20] X. Wu, Z. Xing, W. Chen, and X. Wang, “Performance investigation of a pressure pulsation 

dampener applied in the discharge chamber of a twin screw refrigeration compressor,” Int. J. 

Refrig., vol. 85, pp. 70–84, Jan. 2018, doi: 10.1016/j.ijrefrig.2017.09.012. 

[21] K. Yan, “Chiller fault detection and diagnosis with anomaly detective generative adversarial 

network,” Build. Environ., vol. 201, p. 107982, Aug. 2021, doi: 

10.1016/j.buildenv.2021.107982. 

[22] J. Cui and S. Wang, “A model-based online fault detection and diagnosis strategy for centrifugal 

chiller systems,” Int. J. Therm. Sci., vol. 44, no. 10, pp. 986–999, Oct. 2005, doi: 

10.1016/j.ijthermalsci.2005.03.004. 

[23] L. Sun, J. Wu, H. Jia, and X. Liu, “Research on fault detection method for heat pump air 



20 

 

conditioning system under cold weather,” Chinese J. Chem. Eng., vol. 25, no. 12, pp. 1812–

1819, 2017, doi: 10.1016/j.cjche.2017.06.009. 

[24] Q. Zhou, S. Wang, and Z. Ma, “A model-based fault detection and diagnosis strategy for HVAC 

systems,” Int. J. Energy Res., vol. 33, no. 10, pp. 903–918, 2009, doi: 10.1002/er.1530. 

[25] A. P. Rogers, F. Guo, and B. P. Rasmussen, “A review of fault detection and diagnosis methods 

for residential air conditioning systems,” Build. Environ., vol. 161, Aug. 2019, doi: 

10.1016/j.buildenv.2019.106236. 

[26] G. Li, Y. Hu, J. Liu, X. Fang, and J. Kang, “Review on Fault Detection and Diagnosis Feature 

Engineering in Building Heating, Ventilation, Air Conditioning and Refrigeration Systems,” 

IEEE Access, vol. 9. Institute of Electrical and Electronics Engineers Inc., pp. 2153–2187, 2021, 

doi: 10.1109/ACCESS.2020.3040980. 

[27] M. Chamoun, R. Rulliere, P. Haberschill, and J. L. Peureux, “Experimental and numerical 

investigations of a new high temperature heat pump for industrial heat recovery using water as 

refrigerant,” Int. J. Refrig., vol. 44, pp. 177–188, Aug. 2014, doi: 10.1016/j.ijrefrig.2014.04.019. 

[28] S. Gjengedal, L. A. Stenvik, R. K. Ramstad, J. I. Ulfsnes, B. O. Hilmo, and B. S. Frengstad, 

“Online remote-controlled and cost-effective fouling and clogging surveillance of a groundwater 

heat pump system A case study from Lena Terrace in Melhus, Norway,” Bull. Eng. Geol. 

Environ., vol. 80, pp. 1063–1072, 2021, doi: 10.1007/s10064-020-01963-z. 

[29] Z. Liu, L. Ma, and J. Zhang, “Application of a heat pump system using untreated urban sewage 

as a heat source,” Appl. Therm. Eng., vol. 62, no. 2, pp. 747–757, Jan. 2014, doi: 

10.1016/j.applthermaleng.2013.08.028. 

[30] W. Meesenburg, R. Kofler, T. Ommen, W. B. Markussen, and B. Elmegaard, “Design 

considerations for dynamically operated large-scale ammonia heat pumps,” Refrig. Sci. 

Technol., vol. 2019-Augus, pp. 2591–2598, 2019, doi: 10.18462/iir.icr.2019.1203. 

[31] X. Pelet and D. Favrat, “Performances of 3.9 MWth Ammonia Heat Pumps within a District 

Heating Cogeneration Power Plant Status after eleven Years of Operation,” in Conférence de 

l’Annex 22 de l’IEA, Gatlinburg, Tennessee, USA, 1997, no. 195124. 

[32] Y. Song, Y. Yao, Z. Ma, and W. Na, “Study of performance of heat pump usage in sewage 

treatment and fouling impact on system,” in Proceedings of the 6th International Conference 

for Enhanced Building Operations, 2006, p. 7. 

[33] N. Witte-Humperdinck, F. Nigbur, C. Thommessen, J. Scheipers, U. Weber, and E. C. Rupprath, 

“Large heat pumps for decarbonising the heat supply (in German),” Euro Heat Power, pp. 29–

32, 2021. 

[34] A. Madni, C. Madni, and S. Lucero, “Leveraging Digital Twin Technology in Model-Based 

Systems Engineering,” Systems, vol. 7, no. 1, p. 7, 2019, doi: 10.3390/systems7010007. 

[35] Q. Qi et al., “Enabling technologies and tools for digital twin,” J. Manuf. Syst., no. October, pp. 

0–1, 2019, doi: 10.1016/j.jmsy.2019.10.001. 

[36] S. Haag and R. Anderl, “Digital twin – Proof of concept,” Manuf. Lett., vol. 15, pp. 64–66, 2018, 

doi: 10.1016/j.mfglet.2018.02.006. 

[37] Y. Xu, Y. Sun, X. Liu, and Y. Zheng, “A Digital-Twin-Assisted Fault Diagnosis Using Deep 

Transfer Learning,” IEEE Access, vol. 7, pp. 19990–19999, 2019, doi: 

10.1109/ACCESS.2018.2890566. 

[38] J. Yu, P. Liu, and Z. Li, “Hybrid modelling and digital twin development of a steam turbine 

control stage for online performance monitoring,” Renew. Sustain. Energy Rev., vol. 133, no. 

June, p. 110077, 2020, doi: 10.1016/j.rser.2020.110077. 



21 

 

[39] G. P. Lydon, S. Caranovic, I. Hischier, and A. Schlueter, “Coupled simulation of thermally 

active building systems to support a digital twin,” Energy Build., vol. 202, p. 109298, Nov. 2019, 

doi: 10.1016/j.enbuild.2019.07.015. 

[40] C. Vering, P. Mehrfeld, M. Nürenberg, D. Coakley, M. Lauster, and D. Müller, “Unlocking 

Potentials of Building Energy Systems ’ Operational Efficiency : Application of Digital Twin 

Design for HVAC systems Institute for Energy Efficient Buildings and Indoor Climate , Aachen 

, Germany Mitsubishi Electric , Edinburgh , Scotland Abstra,” 16th IBPSA Int. Conf. 2.-4.sept, 

Rome, Italy, 2019, pp. 1304–1310, 2019. 

[41] C. Heschl, P. Klanatsky, F. Wenig, and R. Türk, “Digital Twin with Multi-Input and Multi-

Output optimisation for Air-Conditioning Systems,” Technol. Klimawandel Energie–Gebäude–

Umwelt, pp. 237–242, 2020, doi: 20.500.11790/1450. 

[42] T. Bohlin and S. F. Graebe, “Issues in nonlinear stochastic grey box identification,” Int. J. Adapt. 

Control Signal Process., vol. 9, no. 6, pp. 465–490, 1995. 

[43] F-Chart Software, “Engineering equation solver. Academic Professional V11.112.” F-Chart 

Software, Middleton, WI, USA, 2021. 

[44] MathWorks, “Matlab. Academic Version R2021a.” Natick, Massachusetts ,USA, 2021. 

[45] P. Li, Y. Li, J. E. Seem, H. Qiao, X. Li, and J. Winkler, “Recent advances in dynamic modeling 

of HVAC equipment. Part 2: Modelica-based modeling,” HVAC&R Res., vol. 20, no. 1, pp. 150–

161, 2014, doi: 10.1080/10789669.2013.836876. 

[46] F. Witte and I. Tuschy, “TESPy: Thermal Engineering Systems in Python,” J. Open Source 

Softw., vol. 5, no. 49, 2020, doi: 10.21105/joss.02178. 

[47] I. H. Bell, J. Wronski, S. Quoilin, and V. Lemort, “Pure and Pseudo-pure Fluid Thermophysical 

Property Evaluation and the Open-Source Thermophysical Property Library CoolProp,” 2014, 

doi: 10.1021/ie4033999. 

[48] E. W. Lemmon, M. L. Huber, and M. O. McLinde, “REFPROP: Reference fluid thermodynamic 

and transport properties.” NIST standard reference database, 2007. 

[49] C. Richter, “Proposal of New Object-Oriented Equation-Based Model Libraries for 

Thermodynamic Systems,” Technische Universistät Braunschweig, Germany, 2008. 

[50] TLK-Thermo GmbH, “TIL Suite and TILMedia for Modelica.” 2021, [Online]. Available: 

https://www.tlk-thermo.com/index.php/en/software/til-suite. 

[51] B. P. Rasmussen, “Dynamic modeling for vapor compression systems-Part I: Literature review,” 

HVAC R Res., vol. 18, no. 5, pp. 934–955, 2012, doi: 10.1080/10789669.2011.582916. 

[52] M. S. Mirnaghi and F. Haghighat, “Fault detection and diagnosis of large-scale HVAC systems 

in buildings using data-driven methods: A comprehensive review,” Energy Build., vol. 229, p. 

110492, 2020, doi: 10.1016/j.enbuild.2020.110492. 

[53] T. Hastie, R. Tibshirani, and J. Friedman, The elements of statistical learning: Data mining, 

inference, and prediction, 2nd Editio. Stanford, California, USA, 2009. 

[54] T. Herlau, M. N. Schmidt, and M. Mørup, Introduction to machine learning and data mining, 

2nd ed. Technical University of Denmark, DTU, 2018. 

[55] J. E. Jackson, A user’s guide to principal components., 587th ed. John Wiley & Sons, 2005. 

[56] E. L. Russell, L. H. Chiang, and R. D. Braatz, Data-driven methods for fault detection and 

diagnosis in chemical processes. Springer Science & Business Media, 2012. 

[57] H. Madsen, Time series analysis. CRC Press, 2007. 



22 

 

[58] L. A. Zadeh, “Is there a need for fuzzy logic?,” Inf. Sci. (Ny)., vol. 178, no. 13, pp. 2751–2779, 

Jul. 2008, doi: 10.1016/j.ins.2008.02.012. 

[59] B. Sohlberg and E. W. Jacobsen, “Grey box modelling - Branches and experiences,” IFAC Proc. 

Vol., vol. 41, no. 2, pp. 11415–11420, Jan. 2008, doi: 10.3182/20080706-5-kr-1001.01934. 

[60] N. R. Kristensen, H. Madsen, and S. B. Jørgensen, “A method for systematic improvement of 

stochastic grey-box models,” Comput. Chem. Eng., vol. 28, no. 8, pp. 1431–1449, Jul. 2004, doi: 

10.1016/j.compchemeng.2003.10.003. 

[61] H. Tsutsui and K. Kamimura, “Chiller condition monitoring using topological case-based 

modeling,” ASHRAE Trans., vol. 102, no. 1, pp. 641–648, 1996. 

[62] S. S. Naicker and S. J. Rees, “Performance analysis of a large geothermal heating and cooling 

system,” Renew. Energy, vol. 122, pp. 429–442, Jul. 2018, doi: 10.1016/j.renene.2018.01.099. 

[63] J. M. Gordon, K. C. Ng, and H. T. Chua, “Centrifugal chillers: Thermodynamic modelling and 

a diagnostic case study,” Int. J. Refrig., vol. 18, no. 4, pp. 253–257, 1995, doi: 10.1016/0140-

7007(95)96863-2. 

[64] D. Noël, P. Riviere, and D. Marchio, “Non-Intrusive Performance Assessment Method For Heat 

Pumps : Experimental Validation And Robustness Evaluation Facing Faults,” 17 th, Int. Refrig. 

Air Cond. Conf., 2018. 

[65] Energy Machines, “ControlMachines.” www.energymachines.com (accessed Jul. 10, 2021). 

[66] T. Okuno, T. Kuwabara, A. Koyama, J. Shishido, and K. Hashimoto, “Energy performance 

estimation and verification of an industrial waste heat recovery heat pump,” 2021. 

[67] H. Shu, L. Duanmu, J. Shi, X. Jia, Z. Ren, and H. Yu, “Field measurement and energy efficiency 

enhancement potential of a seawater source heat pump district heating system,” Energy Build., 

vol. 105, pp. 352–357, Oct. 2015, doi: 10.1016/J.ENBUILD.2015.07.069. 

[68] J. M. Corberan, D. P. Finn, C. M. Montagud, F. T. Murphy, and K. C. Edwards, “A quasi-steady 

state mathematical model of an integrated ground source heat pump for building space control,” 

Energy Build., vol. 43, no. 1, pp. 82–92, Jan. 2011, doi: 10.1016/J.ENBUILD.2010.08.017. 

[69] S. Zou and X. Xie, “Simplified model for coefficient of performance calculation of surface water 

source heat pump,” Appl. Therm. Eng., vol. 112, pp. 201–207, Feb. 2017, doi: 

10.1016/j.applthermaleng.2016.10.081. 

[70] L. Yan et al., “The performance prediction of ground source heat pump system based on 

monitoring data and data mining technology,” Energy Build., vol. 127, pp. 1085–1095, Sep. 

2016, doi: 10.1016/j.enbuild.2016.06.055. 

[71] J. Cirera, M. Quiles, J. A. Carino, D. Zurita, and J. A. Ortega, “Data-driven operation 

performance evaluation of multi-chiller system using self-organizing maps,” in IEEE 

International Conference on Industrial Technology (ICIT), 2018, pp. 2099–2104, doi: 

10.1109/ICIT.2018.8352513. 

[72] J. M. Tardif, F. Diaz-Gonzalez, M. Kegel, A. Sola, and J. Salom, “A Co-simulation Framework 

for Assessing the Interaction between Heat Pumps and the Low Voltage Grid on a District 

Scale,” in Proceedings of the 16th IBPSA Conference, 2019, pp. 3242–3249, doi: 

10.26868/25222708.2019.210320. 

[73] T. Green, R. Izadi-Zamanabadi, and H. Niemann, “On the choice of performance assessment 

criteria and their impact on the overall system performance — The refrigeration system case 

study,” in 2010 Conference on Control and Fault-Tolerant Systems (SysTol), 2010, pp. 624–

629, doi: 10.1109/SYSTOL.2010.5676067. 

[74] P. Mehrfeld, M. Nürenberg, and D. Müller, “Model calibration of an air source heat pump 



23 

 

system for transient simulations in model,” 2021. 

[75] H. Pieper, T. Ommen, F. Buhler, B. Lava Paaske, B. Elmegaard, and W. Brix Markussen, 

“Allocation of investment costs for large-scale heat pumps supplying district heating,” in Energy 

Procedia, Aug. 2018, vol. 147, pp. 358–367, doi: 10.1016/j.egypro.2018.07.104. 

[76] W. Kim and S. Katipamula, “A review of fault detection and diagnostics methods for building 

systems,” Sci. Technol. Built Environ., vol. 24, no. 1, pp. 3–21, 2018, doi: 

10.1080/23744731.2017.1318008. 

[77] CEN, EN 13306:2017 Maintenance - Maintenance Terminology. Brussels, Belgium: European 

Committee For Standardization, 2017. 

[78] S. Katipamula and M. R. Brambley, “Review article: Methods for fault detection, diagnostics, 

and prognostics for building systems—A review, part I,” HVAC R Res., vol. 11, no. 1, pp. 3–25, 

2005, doi: 10.1080/10789669.2005.10391123. 

[79] J. Wronski and R. I. Jonsson, “Intelligent fault detection for refrigerated reefer containers,” 

Refrig. Sci. Technol., vol. 2019-Augus, pp. 3688–3695, 2019, doi: 10.18462/iir.icr.2019.1089. 

[80] R. Huang et al., “An effective fault diagnosis method for centrifugal chillers using associative 

classification,” Appl. Therm. Eng., vol. 136, pp. 633–642, May 2018, doi: 

10.1016/j.applthermaleng.2018.03.041. 

[81] Y. Wang, Z. Wang, S. He, and Z. Wang, “A practical chiller fault diagnosis method based on 

discrete Bayesian network,” Int. J. Refrig., vol. 102, pp. 159–167, Jun. 2019, doi: 

10.1016/j.ijrefrig.2019.03.008. 

[82] Z. Wang, L. Wang, K. Liang, and Y. Tan, “Enhanced chiller fault detection using Bayesian 

network and principal component analysis,” Appl. Therm. Eng., vol. 141, pp. 898–905, Aug. 

2018, doi: 10.1016/j.applthermaleng.2018.06.037. 

[83] X. Zhu, S. Zhang, X. Jin, and Z. Du, “Deep learning based reference model for operational risk 

evaluation of screw chillers for energy efficiency,” Energy, vol. 213, p. 118833, 2020, doi: 

10.1016/j.energy.2020.118833. 

[84] S. Zhang, X. Zhu, B. Anduv, X. Jin, Z. Du, and Z. DU Ã, “Fault detection and diagnosis for the 

screw chillers using multi-region XGBoost model Fault detection and diagnosis for the screw 

chillers using multi-region XGBoost model,” Sci. Technol. Built Environ., vol. 27, no. 5, pp. 

608–6, 2021, doi: 10.1080/23744731.2021.1877966. 

[85] D. A. T. Tran, Y. Chen, M. Q. Chau, and B. Ning, “A robust online fault detection and diagnosis 

strategy of centrifugal chiller systems for building energy efficiency,” Energy Build., vol. 108, 

pp. 441–453, Dec. 2015, doi: 10.1016/j.enbuild.2015.09.044. 

[86] D. Li, G. Hu, and C. J. Spanos, “A data-driven strategy for detection and diagnosis of building 

chiller faults using linear discriminant analysis,” Energy Build., vol. 128, pp. 519–529, Sep. 

2016, doi: 10.1016/j.enbuild.2016.07.014. 

[87] H. T. Grimmelius, J. Klein Woud, and G. Been, “On-line failure diagnosis for compression 

refrigeration plants,” Int. J. Refrig., vol. 18, no. 1, pp. 31–41, Jan. 1995, doi: 10.1016/0140-

7007(94)P3709-A. 

[88] M. B. Bailey and J. F. Kreider, “Creating an automated chiller fault detection and diagnostics 

tool using a data fault library,” ISA Trans., vol. 42, no. 3, pp. 485–495, Jul. 2003, doi: 

10.1016/S0019-0578(07)60149-9. 

[89] Q. Zhou, S. Wang, and F. Xiao, “A Novel Strategy for the Fault Detection and Diagnosis of 

Centrifugal Chiller Systems,” HVAC&R Res., vol. 15, no. 1, pp. 57–75, 2011, doi: 

10.1080/10789669.2009.10390825. 



24 

 

[90] H. Han, L. Xu, X. Cui, and Y. Fan, “Novel chiller fault diagnosis using deep neural network 

(DNN) with simulated annealing (SA),” Int. J. Refrig., vol. 121, pp. 269–278, 2021, doi: 

10.1016/j.ijrefrig.2020.10.023. 

[91] A. Beghi, R. Brignoli, L. Cecchinato, G. Menegazzo, M. Rampazzo, and F. Simmini, “Data-

driven Fault Detection and Diagnosis for HVAC water chillers,” Control Eng. Pract., vol. 53, 

pp. 79–91, Aug. 2016, doi: 10.1016/j.conengprac.2016.04.018. 

[92] Y. Hu, H. Chen, J. Xie, X. Yang, and C. Zhou, “Chiller sensor fault detection using a self-

Adaptive Principal Component Analysis method,” Energy Build., vol. 54, pp. 252–258, Nov. 

2012, doi: 10.1016/j.enbuild.2012.07.014. 

[93] Y. Fan, X. Cui, H. Han, and H. Lu, “Chiller fault detection and diagnosis by knowledge transfer 

based on adaptive imbalanced processing,” Sci. Technol. Built Environ., vol. 26, no. 8, pp. 1082–

1099, 2020, doi: 10.1080/23744731.2020.1757327. 

[94] G. Li et al., “An improved fault detection method for incipient centrifugal chiller faults using 

the PCA-R-SVDD algorithm,” Energy Build., vol. 116, pp. 104–113, Mar. 2016, doi: 

10.1016/j.enbuild.2015.12.045. 

[95] F. Xiao, C. Zheng, and S. Wang, “A fault detection and diagnosis strategy with enhanced 

sensitivity for centrifugal chillers,” in Applied Thermal Engineering, Dec. 2011, vol. 31, no. 17–

18, pp. 3963–3970, doi: 10.1016/j.applthermaleng.2011.07.047. 

[96] Y. Zhao, S. Wang, and F. Xiao, “Pattern recognition-based chillers fault detection method using 

Support Vector Data Description (SVDD),” Appl. Energy, vol. 112, pp. 1041–1048, Dec. 2013, 

doi: 10.1016/j.apenergy.2012.12.043. 

[97] K. Yan, W. Shen, T. Mulumba, and A. Afshari, “ARX model based fault detection and diagnosis 

for chillers using support vector machines,” Energy Build., vol. 81, pp. 287–295, Oct. 2014, doi: 

10.1016/j.enbuild.2014.05.049. 

[98] K. Yan, L. Ma, Y. Dai, W. Shen, Z. Ji, and D. Xie, “Cost-sensitive and sequential feature 

selection for chiller fault detection and diagnosis,” Int. J. Refrig., vol. 86, pp. 401–409, 2018, 

doi: 10.1016/j.ijrefrig.2017.11.003. 

[99] Y. Zhao, S. Wang, and F. Xiao, “A statistical fault detection and diagnosis method for 

centrifugal chillers based on exponentially-weighted moving average control charts and support 

vector regression,” Appl. Therm. Eng., vol. 51, no. 1–2, pp. 560–572, Mar. 2013, doi: 

10.1016/j.applthermaleng.2012.09.030. 

[100] S. Kotsiantis and D. Kanellopoulos, “Discretization Techniques: A recent survey,” GESTS Int. 

Trans. Comput. Sci. Eng., vol. 32, no. 1, pp. 47–58, 2006. 

[101] S. Wang and J. Cui, “Sensor-fault detection, diagnosis and estimation for centrifugal chiller 

systems using principal-component analysis method,” Appl. Energy, vol. 82, no. 3, pp. 197–213, 

Nov. 2005, doi: 10.1016/j.apenergy.2004.11.002. 

[102] I. B. D. McIntosh, J. W. Mitchell, and W. A. Beckman, “Fault detection and diagnosis in chillers- 

Part 1: Model development and application,” ASHRAE Trans., vol. 106, no. 2, 2000. 

[103] D. S. Naidu and C. G. Rieger, “Advanced control strategies for heating, ventilation, air-

conditioning, and refrigeration systems—An overview: Part I: Hard control,” HVAC\&R Res., 

vol. 17, no. 1, pp. 2–21, 2011, doi: 10.1080/10789669.2011.540942. 

[104] D. Subbaram Naidu and C. G. Rieger, “Advanced control strategies for HVAC&R systems - An 

overview: Part II: Soft and fusion control,” HVAC R Res., vol. 17, no. 2, pp. 144–158, 2011, doi: 

10.1080/10789669.2011.555650. 

[105] D. J. Burns, C. Danielson, S. Di Cairano, C. R. Laughman, and S. A. Bortoff, “Model predictive 



25 

 

control of vapor compression systems,” in Intelligent Building Control Systems, 2018, pp. 105–

137. 

[106] J. H. Lee, “Model predictive control: Review of the three decades of development,” Int. J. 

Control. Autom. Syst., vol. 9, no. 3, pp. 415–424, 2011, doi: 10.1007/s12555-011-0300-6. 

[107] M. U. Kajgaard, J. Mogensen, A. Wittendorff, A. T. Veress, and B. Biegel, “Model predictive 

control of domestic heat pump,” in 2013 American Control Conference, 2013, pp. 2013–2018, 

doi: 10.1109/ACC.2013.6580131. 

[108] H. Weeratunge, G. Narsilio, J. de Hoog, S. Dunstall, and S. Halgamuge, “Model predictive 

control for a solar assisted ground source heat pump system,” Energy, vol. 152, pp. 974–984, 

Jun. 2018, doi: 10.1016/j.energy.2018.03.079. 

[109] S. Antonov and L. Helsen, “Robustness analysis of a hybrid ground coupled heat pump system 

with model predictive control,” J. Process Control, vol. 47, pp. 191–200, Nov. 2016, doi: 

10.1016/j.jprocont.2016.08.009. 

[110] P. H. Jørgensen, T. Ommen, W. B. Markussen, and B. Elmegaard, “Performance optimization 

of a large-scale ammonia heat pump in off-design conditions,” Refrig. Sci. Technol., vol. 2019-

April, pp. 107–114, 2019, doi: 10.18462/iir.nh3-co2.2019.0014. 

[111] B. Hu, Y. Li, F. Cao, and Z. Xing, “Extremum seeking control of COP optimization for air-

source transcritical CO2 heat pump water heater system,” Appl. Energy, vol. 147, pp. 361–372, 

2015, doi: 10.1016/j.apenergy.2015.03.010. 

[112] W. Wang, Y. Li, and B. Hu, “Real-time efficiency optimization of a cascade heat pump system 

via multivariable extremum seeking,” Appl. Therm. Eng., vol. 176, p. 115399, Jul. 2020, doi: 

10.1016/j.applthermaleng.2020.115399. 

[113] W. Wang, Q. Zhou, G. Tian, B. Hu, Y. Li, and F. Cao, “The intermediate temperature 

optimization for cascade refrigeration system and air source heat pump via extreme seeking 

control,” Int. J. Refrig., vol. 117, pp. 150–162, Sep. 2020, doi: 10.1016/j.ijrefrig.2020.05.007. 

[114] K. B. Ariyur and M. Krstić, Real-Time Optimization by Extremum-Seeking Control. Hoboken, 

New Jersey, USA: John Wiley & Sons, Inc., 2003. 

[115] D. J. Burns, C. Danielson, J. Zhou, and S. Di Cairano, “Reconfigurable Model Predictive Control 

for Multievaporator Vapor Compression Systems,” IEEE Trans. Control Syst. Technol., vol. 26, 

no. 3, pp. 984–1000, 2018, doi: 10.1109/TCST.2017.2701772. 

[116] T. Peirelinck, F. Ruelens, and G. Decnoninck, “Using reinforcement learning for optimizing 

heat pump control in a building model in Modelica,” in 2018 IEEE International Energy 

Conference (ENERGYCON), 2018, pp. 1–6, doi: 10.1109/ENERGYCON.2018.8398832. 

[117] F. Chollet and Others, “Keras: The Python Deep Learning library.” Astrophysics Source Code 

Library, 2018. 

[118] T. Green, R. Izadi-Zamanabadi, R. Razavi-Far, and H. Niemann, “Plant-wide dynamic and static 

optimisation of supermarket refrigeration systems,” Int. J. Refrig., vol. 38, no. 1, pp. 106–117, 

Feb. 2014, doi: 10.1016/j.ijrefrig.2013.08.011. 

[119] A. Laferrière and M. Cimmino, “Science and Technology for the Built Environment Linear 

model predictive control for the reduction of auxiliary electric heating in residential self-assisted 

ground-source heat pump systems,” 2019, doi: 10.1080/23744731.2019.1620564. 

[120] V. Venkatasubramanian, R. Rengaswamy, K. Yin, and S. N. Kavuri, “A review of process fault 

detection and diagnosis part I: Quantitative model-based methods,” Comput. Chem. Eng., vol. 

27, no. 3, pp. 293–311, Mar. 2003, doi: 10.1016/S0098-1354(02)00160-6. 

[121] B. P. Rasmussen and B. Shenoy, “Dynamic modeling for vapor compression systems-Part II: 



26 

 

Simulation tutorial,” HVAC R Res., vol. 18, no. 5, pp. 956–973, 2012, doi: 

10.1080/10789669.2011.582917. 

[122] A. S. Willsky, “A survey of design methods for failure detection,” Automatica, vol. 12, pp. 601–

611, 1976. 

[123] H. Li and J. E. Braun, “Decoupling features and virtual sensors for diagnosis of faults in vapor 

compression air conditioners,” Int. J. Refrig., vol. 30, no. 3, pp. 546–564, May 2007, doi: 

10.1016/j.ijrefrig.2006.07.024. 

[124] W. Kim and J. E. Braun, “Extension of a virtual refrigerant charge sensor,” Int. J. Refrig., vol. 

55, pp. 224–235, Jul. 2015, doi: 10.1016/j.ijrefrig.2014.09.015. 

[125] F. Gustafsson, Adaptive filtering and change detection. Linkoping, Sweden: John Wiley & Sons, 

2000. 

[126] A. Staino, R. Abou-Eid, A. Rojas, B. Fitzgerald, and B. Basu, “Health Monitoring and Aging 

Assessment of HVAC Refrigerant Compressors in Railway Systems,” in 2019 IEEE Intelligent 

Transportation Systems Conference (ITSC), 2019, pp. 2177–2182, doi: 

10.1109/ITSC.2019.8917186. 

[127] C. H. Zhang, Z. G. Yang, and D. X. Sun, “Characteristics of Fouling in Urban Sewage Source 

Heat Pump System,” Adv. Mater. Res., vol. 446–449, pp. 1502–1505, 2012, doi: 

https://doi.org/10.4028/www.scientific.net/amr.446-449.1502. 

[128] B. A. Qureshi and S. M. Zubair, “Performance degradation of a vapor compression refrigeration 

system under fouled conditions,” Int. J. Refrig., vol. 34, no. 4, pp. 1016–1027, Jun. 2011, doi: 

10.1016/j.ijrefrig.2011.02.012. 

[129] C. Shen, Z. Lei, G. Lv, L. Ni, and S. Deng, “Experimental performance evaluation of a novel 

anti-fouling wastewater source heat pump system with a wastewater tower,” Appl. Energy, vol. 

236, pp. 690–699, Feb. 2019, doi: 10.1016/j.apenergy.2018.12.033. 

 


