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Abstract: 

Large-scale heat pumps are expected to considerably contribute to future district heating and industrial heat 
supply. Seawater and sewage water are among the promising heat sources for large-scale heat pumps. 
However, impurities in such heat sources may lead to fouling on the source side of the evaporator or source 
heat exchanger. 

This study proposes a toolchain for predictive maintenance, including detection of fouling, predicting the further 
development of fouling and the expected plant behaviour. This prediction of system performance may then be 
used to optimize the cleaning schedule of the heat source heat exchanger.  

Different prediction methods for fouling prediction were tested and the effect of fouling on the heat pump 
performance was studied. Finally, it was assessed how errors in the prediction of the fouling indicator influence 
the predicted heat pump performance. 

The effective thermal resistance of the fouling layer, calculated from measurement data, was used as fouling 
indicator. Fouling resulted in a reduction of the evaporation pressure and thereby in a reduction of the 
coefficient of performance and an increase of the overall power uptake as the heat output was fixed. Fouling 
was found to appear irregularly for the studied case, which made the degree of fouling difficult to predict. Linear 
regression and radial base function predicted the further development of fouling with similar errors. Prediction 
errors did not have a significant influence on the predicted plant performance. Therefore, the chosen fouling 
indicator as well as the prediction methods were feasible for predicting fouling in large-scale heat pumps. 
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1. Introduction 
Large-scale heat pumps supplying district heating are increasingly employed to decarbonize the district heating 
production. Vapour compression heat pumps utilize electricity and a low-temperature heat source to provide 
heat at a higher temperature level. Suitable heat sources include air, industrial excess heat, groundwater, 
seawater, sewage water and others.  

In particular, the operation of sewage water source heat pumps was described to be affected negatively by 
fouling [1–5]. Fouling corresponds to the undesired deposition of material on a heat transfer surface, which 
may decrease the thermal performance and increase the pressure drop in heat exchangers. This leads to a 
decrease in the overall heat pump performance and thereby higher operation expenses. Regular cleaning is 
required to keep the performance degradation low. To clean the heat source heat exchanger, the heat pump 
needs to shutdown [6]. Therefore the increased cost of operation due to fouling needs to be compared to the 
cost of cleaning, i.e. missed income due to non-productive cleaning periods and cost for cleaning materials, in 
order to find the optimal time of cleaning.  

The optimization of cleaning procedures requires a suitable estimation of fouling development over time. The 
fouling growth is dependent on the specific mechanisms related to material deposition and the estimation of 
the initiation period of deposition [7], which may differ considerably with location, water quality, ambient 
conditions, etc.. This makes it difficult to predict fouling. Therefore, model-based detection and diagnosis 
methods that incorporate measurement data are useful tools for the prediction of fouling development.A 
number of studies have developed model-based methods for fouling detection and diagnosis. Gjengedal et al. 
[8] proposed a method for online detection of fouling in groundwater source heat pumps based on the dynamic 
response of the hydraulic resistance in the groundwater circuit to a step in the rotational speed of the 



groundwater pump. Zhou et al. [9] compared the outputs from a dynamic simulation model of a chiller with 
data-driven adaptive thresholds to evaluate if indicators such as COP, UA-value and pump power intake, were 
outside the expected limits where fouling is present.  

In the present study a toolchain is proposed to optimize the maintenance schedule, which comprises the 
following steps:  

 determining the current state of fouling from measurement data 

 predicting the further development of fouling based on the measurement data 

 calculating the corresponding change in system performance using a thermodynamic model of the 

system and 

 optimizing the maintenance schedule taking the predicted system performance as well as predictions 

of thermal boundary conditions and electricity prices into account. 

Here, we demonstrate the implementation of the first three steps of the proposed toolchain for a case study of 
a sewage water source heat pump located in Denmark, which is further described in section 2.1. 

2. Method 

2.1. Heat pump case study 

The case used to exemplify the proposed toolchain in this study is a two-stage heat pump using ammonia as 
refrigerant. The heat pump is part of a heat pump unit including two two-stage ammonia heat pumps in series 
to provide district heating to the local network. The set-up of the heat pump unit and the thermal boundary 
conditions are depicted in Figure 1.  

The heat source is sewage water. To reduce the risk of contaminating the source stream with ammonia in 
case of a leakage, an intermediate circuit is used between the source stream and the heat pump evaporator. 
The intermediate circuit uses deionized water as working fluid and an additional water pump to control the 
water flow in the intermediate circuit. The nominal source temperature is 15 °C and it gets cooled down to 5 °C 
by the intermediate circuit. The return temperature from the district heating grid is 52 °C and is heated to a 
temperature of 66 °C in the first heat pump. The 66 °C warm water is then passed on to the second heat pump, 
where it is further heated to the desired 82 °C district heating forward temperature. Within the source heat 
exchanger, fouling has been observed and it is cleaned irregularly using chemical cleaning in a cleaning-in-
place loop (CIP). Currently the cleaning schedule is not optimized but decided heuristically by the operator. 

In order to keep the analysis reasonably simple we focused on a single heat pump for this study, namely heat 
pump 1 in Figure 1. This simplification is justified as the indicators that can be used to detect fouling are the 
same for both heat pumps, as well as  the proceeding used to predict the further development of fouling used 
for predictive maintenance. 

 

Figure 1 Heat pump unit consisting of two heat pumps in series with an intermediate water loop 

between the heat source and the evaporators of the heat pump. 

 



2.2. Implementation of toolchain for case study 

To optimize the maintenance schedule, it is necessary to predict the further development of fouling in the near 
future, such that the effect on the heat pump performance can be taken into account in the usual operation 
scheduling. Here we propose a toolchain that is based on coupling analysis of operation data with a 
thermodynamic model and may be applied for fouling as well as for similar problems, such as refrigerant 
leakage. The proposed toolchain combines thermodynamic models and data-driven models This has two major 
advantages compared to purely data-driven prediction of the plants performance. Firstly, the performance may 
also be predicted for conditions that have not been seen before, i.e. no training data is available for purely 
data-driven models. Secondly, by including fouling into the thermodynamic model, the current status of the 
heat pump is represented more precisely and the model may be used as a digital twin of the plant to gain 
further insights into the process and to provide other services, such as advanced plant monitoring, set point 
optimization, etc. 

The proposed toolchain is depicted in Figure 2 and was implemented in Python. The thermodynamic plant 
model was implemented in Modelica using the TIL library [10] and exported as an FMU (functional mockup 
unit, [11]) to Python. In the first step, operational data from the heat pump is read and the data is cleaned for 
further use. In the second step, fault indicators are calculated from operational data. In the third step, the 
further development of the fault indicators is predicted using a suitable prediction method. Then the predicted 
fault indicators are fed into the thermodynamic model. This represents an adaptation of the thermodynamic 
model, which allows mimicking how the state of the system changed from nominal conditions due to fouling. 
This adapted model may then either be coupled to an optimization algorithm directly to do the operation 
scheduling of the plant based on predicted heat demand and electricity prices or the predicted behaviour for 
different loads could be exported as look up table for existing operation schedule optimization routines. The 
optimization step was beyond the scope of the current study and will be dealt with in future work. Overall this 
routine will result in an economically optimal time of maintenance, i.e. when it is most feasible to stop the plant 
operation in order to clean the heat exchangers. 
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Figure 2 Proposed toolchain for predictive maintenance using a thermodynamic model to calculate 

the expected performance. A – Tasks implemented in Python. B- Scope of the presented study. 

2.2.1. Data treatment 

Data treatment included aligning the time index of all data points, joining the time series of all data points into 
a common file and adding an additional time variable called “Time after cleaning (TAC)”, which is defined as 



the difference between the current time and the time of the last CIP. This allows comparing the growth of 
fouling during different operation periods. The data available for this study, was logged every minute. 

2.2.2. Fouling indicators 

Fouling of heat exchangers is defined as the deposition of material on the heat exchange surface, this includes 
biological fouling, scaling, etc. The rate of fouling is influenced by many factors, such as the flow, fluid 
properties, plate surface, standstill periods, temperature and others. Further, the rate of fouling may vary 
considerably over time. Accordingly, the prediction of fouling is not trivial [12]. 

Fouling of a heat exchanger surface will lead to a pressure drop along the heat exchanger (on the side where 
fouling occurs) and to an increase of the heat transfer resistance. Here, we chose to use the thermal resistance 
as fouling indicator [13]. Possible other indicators include the effective heat transfer coefficient and temperature 
differences across the heat exchanger. The thermal resistance due to fouling 𝑅𝑓 is defined as:  

𝑅𝑓(𝑡) =
1

𝑈𝐴(𝑡)
−

1

𝑈𝐴(𝑡 = 0)
 (1)  

Where, (𝑡=0) refers to the heat transfer coefficient before fouling starts. This is however hard to identify, since 

this data is not measured directly. Two possible alternatives could be chosen, either defining (𝑡=0) as the heat 
transfer coefficient after the last CIP or as the highest observed heat transfer coefficient. In any case, the 
calculated resistance will be a relative value. Here, we chose the latter definition in order to have the same 
reference for all operation periods that were studied.  
 
As can be seen in Eq. (1), the thermal resistance is the reciprocal of the UA value. Therefore, using the thermal 
resistance as fouling indicator is in line with the results from [8], who identified the UA-value of heat exchangers 
as a suitable indicator for fouling detection in large-scale heat pumps. As the water mass flow rates of the 
source stream �̇�𝑠𝑜𝑢𝑟𝑐𝑒  and the water stream in the intermediate cycle �̇�𝐼𝑀𝐶 , as well as inlet and outlet 

temperature of the source stream (𝜗𝑠𝑜𝑢𝑟𝑐𝑒,𝑖𝑛  and 𝜗𝑠𝑜𝑢𝑟𝑐𝑒,𝑜𝑢𝑡 ) and the intermediate water cycle (𝜗𝐼𝑀𝐶,𝑖𝑛  and 

𝜗𝐼𝑀𝐶,𝑜𝑢𝑡) are available in the operational data, the UA value of the source heat exchanger may be calculated 

from: 

�̇�𝐻𝑋 = 𝑈𝐴𝐻𝑋 ⋅ Δ𝑇ln,HX ⟺  𝑈𝐴𝐻𝑋 =
�̇�𝐻𝑋

Δ𝑇ln,HX

 (2)  

With 

Δ𝑇ln,HX =
(𝜗𝑠𝑜𝑢𝑟𝑐𝑒,𝑖𝑛 − 𝜗𝐼𝑀𝐶,𝑜𝑢𝑡) + (𝜗𝑠𝑜𝑢𝑟𝑐𝑒,𝑜𝑢𝑡 − 𝜗𝐼𝑀𝐶,𝑖𝑛)

𝑙𝑜𝑔 (
𝜗𝑠𝑜𝑢𝑟𝑐𝑒,𝑖𝑛−𝜗𝐼𝑀𝐶,𝑜𝑢𝑡

𝜗𝑠𝑜𝑢𝑟𝑐𝑒,𝑜𝑢𝑡−𝜗𝐼𝑀𝐶,𝑖𝑛
)

 
(3)  

And  

�̇�𝐻𝑋 = �̇�𝑠𝑜𝑢𝑟𝑐𝑒 ⋅ 𝑐𝑝,𝐻2𝑂 ⋅ (𝜗source,in − 𝜗source,out) (4)  

Here, �̇�𝐻𝑋 refers to the heat flow rate transferred in the heat source heat exchanger, and Δ𝑇ln,HX refers to the 

logarithmic mean temperature difference across the heat exchanger. 𝑐𝑝,𝐻2𝑂 is the specific heat capacity of 

water, which was assumed to be constant at 4.18 kJ/kg/K. 

2.2.3. Prediction of fouling development 

This study focused on the prediction of the thermal resistance of fouling in the source heat exchanger. Two 
different forecasting methods were applied, namely linear regression (LR) and radial basis function network 
(RBF). LR corresponded to a linear model adjusted to a set of observations based on the least squares method. 
As described in [14], the weights of the linear regression model minimize the residual sum of squares S 
between observations and predictions from the linear model f(x), as represented by: 

 

𝑆 = ∑(�̂�𝑖 − 𝑓(𝑥𝑖))2

𝑝

𝑖=1

 (5)  

𝑓(𝑥) = ∑ 𝑤𝑗ℎ𝑗(𝑥)

𝑚

𝑗=1

 (6)  

 

Where �̂� corresponds to observed values and w are the weights of any basis function h(x) included in a linear 
model f(x).    



The RBF algorithm, which was originally proposed by Broomhead and Lowe 1988 [15], represents a linear 
combination of radial basis functions. These are functions that have a monotonic response (i.e. either decrease 
or increase) that only depends on a distance from a central point. In this study, RBF was trained based on 
hourly values of the observed data, where a least squares method was applied to Gaussian radial basis 
functions:  

ℎ(𝑥) = exp (−
(𝑥 − 𝑐)2

𝑟2
) (7)  

Where c represents the centre of the Gaussian radial basis function and r its radius.  

LR and RBF were implemented in Python programming language through the modules Scikit-learn 1.0.2 [16] 
and Localreg 0.5.0 [17], respectively. 

The predictions from LR and RBF were compared for a forecast horizon of 3 days, 7 days and 14 days. We 
further compared the results by either training the forecasting methods with all data points since the last CIP 
or only with the data from 7 days prior to current point in time. The different prediction methods were compared 
in terms of the root mean square error (RMSE) of the predicted thermal resistance of fouling:  

𝑅𝑀𝑆𝐸 = √∑ (𝑅𝑓,𝑖,𝑟𝑒𝑎𝑙 − 𝑅𝑓,𝑖,𝑝𝑟𝑒𝑑)𝑁
𝑖=1

2

𝑁
 (8)  

Here, N is the number of predictions in the forecasted horizon and Rf,real and Rf,pred correspond to the real and 

predicted values of thermal resistances, respectively.  

2.2.4. Calculation of plant behaviour 

The predicted development of fouling was used together with the predicted thermal boundary conditions to 
calculate the expectable heat pump performance for one month of operation during winter. The prediction of 
the thermal boundary conditions depends on the type of heat source and the operation of the district heating 
system supplied and is part of the heat demand planning of the utility company. The prediction of the thermal 
boundary conditions was beyond the scope of this study. Instead the actual historical boundary conditions 
were used to evaluate the heat pump performance together with the predicted values of the fouling resistance.  

The thermal boundary conditions that were adapted during the simulation to evaluate the influence of prediction 
errors on the predicted plant behaviour were: 

 District heating volume flow rate 

 District heating return temperature 

 Heat pump capacity set-point 

 Heat source volume flow rate (as input to source pump) 

 Heat source temperature 

 Intermediate cycle volume flow rate 

 Pressure drop of source side of heat source heat exchanger 

The changes in pressure drop in the source heat exchanger were included as a linear function of the predicted 
thermal resistance of fouling that was derived from the available measurement data. 

2.3. Thermodynamic model 

The two-stage ammonia heat pump was modelled in Modelica using the TIL library. The system is depicted in 
Figure 3. Heat from the heat source is transferred in the heat source heat exchanger to the water in the 
intermediate circuit. The heat is then transferred from the water in the intermediate circuit to the heat pump 
cycle. The district heating water is preheated in the low-stage desuperheater and then further heated in the 
subcooler and condenser.  

All model components were taken from the TIL library [10]. The compressors were modelled using compressor 
polynomials to represent the off-design behaviour [16]. To model the heat transfer, correlation by Ayub [17], 
Yan [18] and Martin [19] were used for evaporation, condensation and single-phase fluids, respectively.  

The source heat exchanger model was extended to include fouling and is shown in Figure 4. The heat 
exchanger model is set up with two fluid cells and a wall cell between the fluid cells. The fluid cells have two 
fluid ports (blue circles) and a heat port (red circle). Heat can flow from one fluid cell through the wall cell to 
the other fluid cell. The wall cell from the TIL library was extended to include an additional heat conduction 
model representing the fouling layer.  

The overall thermal resistance of wall material and fouling layer 𝑅𝑡𝑜𝑡 is the sum of the thermal resistance of the 

wall 𝑅𝑤𝑎𝑙𝑙 and the thermal resistance of the fouling layer 𝑅𝑓: 

𝑅𝑡𝑜𝑡 = 𝑅𝑤𝑎𝑙𝑙 + 𝑅𝑓 (9)  



Here, we chose to set the thermal resistance of the fouling layer as an external parameter input to the model 
to feed in the predicted data points. Further, the pressure drop caused by fouling may be set as an input to the 
model. 

The general influence of fouling in the heat source heat exchanger on the heat pump operation was studied 
by conducting a parameter variation of the thermal resistance of fouling input parameter and observing the 
reaction of the heat pump. All other boundary conditions were kept constant.  

 

 

CondenserSubcooler

Evaporator

Inter-
cooler

Receiver

LS Desuperheater

Separator

HS Expansion valve

LS Expansion valve

Source HEX

LS compressor

HS compressor

IMC pump

Source pump

DH return

DH forward

Source in Source out
 

Figure 3 Heat pump as modelled in Modelica (LS - low-stage, HS - high-stage, IMC - intermediate 

circuit, DH – district heating) 
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Figure 4 Extension of heat exchanger model to include fouling 

3. Results 

3.1. Evaluation of fouling criteria 

Figure 5 shows the development of the thermal resistance of fouling measured on the real plant in the time 
20.05.2019 to 24.06.2019 (left) and a close-up showing the reduction of the thermal resistance due to cleaning 
that took place the 24.06.2019 (right). The thermal resistance is increasing between to cleaning events. It may 
be observed that the gradient varies throughout the period and is superposed by minutely variations. When 
cleaning the heat exchanger, the plant does not operate for some hours and the resistance due to fouling 
drops due to cleaning. It may however be seen, that for the depicted example a thermal resistance of around 

5·10-4  K/kW remained after the cleaning. This may be due to imperfect cleaning or due to uncertainties related 

to determining the thermal resistance without fouling. The thermal resistance of fouling was calculated as the 
difference of the current resistance minus the minimum resistance in the available data set. In this way, the 
remaining thermal resistance is not associated with the wall itself. 

a) b)

 

Figure 5 Example of development of thermal resistance of fouling between two incidents of 

cleaning (left) and effect of cleaning on thermal resistance of fouling (right). The data shown was 

logged every minute. 

3.2. Prediction of further development of fouling 

The time-dependant behaviour of thermal resistances related to fouling was analysed for eight different periods 
between cleaning of the heat exchanger, shown in Figure 6. It was observed that the increase of thermal 
resistance over time varied depending on the cleaning interval, where some intervals (e.g. periods 2 and 4) 
were shorter and with a faster thermal resistance increase than other intervals with slower increase (e.g. 
periods 6 and 7).  



 

Figure 6 Thermal resistances associated to fouling for eight different periods between the 

implementation of cleaning measures.  

Figure 7 shows the errors of the predictions of thermal resistance of fouling using LR and RBF. The errors 
were determined as the RMSE between the predicted thermal resistance and its real value, which was known 
from historical data.  The results are represented by box plots that were built based on the percentiles 10%, 
25%, 50%, 75% and 90%. A percentile of 90 % corresponds to an absolute value that is larger or equal to 90 
% of the observed prediction error values. 

The RMSE obtained from RBF had lower mean values and lower variability than those obtained from LR when 
7 days were considered as training period. However, when the entire period since the heat exchanger was last 
cleaned was considered to train the forecasting methods, no significant differences were observed between 
the mean values of RMSE obtained from LR and RBF. Larger and more uncertain values of RMSE were 
obtained for longer forecast periods compared to short forecasts, which was expected. For a forecast period 

of 14 days, 90% of the predictions of thermal resistance from RBF and LR were below 2·10-4 K/kW and 8·10-4 

K/kW, respectively.  

It was found that the lowest mean errors for a prediction horizon of 3 days, 7 days and 14 days, were obtained 
with 7/3/RBF, 7/7/RBF an 0/14/LR, respectively. The predictions from these methods will therefore be further 
evaluated in section 3.3.2. 

 

Figure 7 Root mean square error (RMSE) related to the prediction of thermal resistances due to 

fouling, where 12 different cases were included. Training period: 0 – all data since last cleaning 

was used to fit prediction function, 7 – data from seven days prior to the start of the prediction was 

used to fit the prediction function 

  



3.3. Impact on heat pump performance 

3.3.1. Parameter variation of thermal resistance of fouling 

The reaction of the heat pump performance to changes in the thermal resistance of the heat source heat 
exchanger is shown in Figure 8. Here, the heat pump was controlled to deliver a constant heat flow rate of 
1 MW. It was observed that the COP decreased slightly with increasing thermal resistance. The overall 

reduction in COP for an increase of the thermal resistance of 2·10-3 K/kW was 0.16. This was mainly due to an 

increased temperature difference across the source heat exchanger that led to a lower evaporation pressure 
and thereby to an increased compression power.  

Here, a thermal fouling resistance of 2·10-3K/kW corresponds to 68 % of the total thermal resistance of the 

wall, i.e. the thermal resistance of the wall material plus the thermal resistance of fouling. As may be seen by 
comparison with Figure 6, this value is rather high and in most cases the heat exchanger was cleaned before 
reaching to such a high thermal resistance of fouling. For most of the hours presented in Figure 6, the 
deviations of the COP caused by fouling in the heat source heat exchanger may therefore be expected to be 
lower. 

 

Figure 8 Reaction of a) the heat pump coefficient of performance (COP), b) cooling load 

(Qdot_cold) and overall power uptake (Wdot_tot) of the heat pump and c) logarithmic mean 

temperature difference (DeltaT_log) to a variation of the thermal resistance of fouling. 

3.3.2. Error in predicted heat pump performance 

The estimated errors related to the prediction of the heat pump performance due to prediction errors of the 
thermal resistance of fouling are depicted in Figure 9. These were determined for the prediction methods for 3 
days, 7 days and 14 days prediction horizon, respectively, that were chosen in section 3.2. In case of the COP 
90 % of all predicted data values lie within a distance of 0.009, 0.011 and 0.013 from the actual value in the 
respective hour. The average COP in the simulated period of one month was found to be 4.23, with a minimum 
value of 4.11 and a maximum of 4.90 during part load operation for the base case, i.e. with the thermal 
resistance of fouling obtained from measurement data assuming a prediction error of 0. 

The average heat flow rate supplied from the heat pump was calculated to be 1331 kW, with a minimum of 
576 kW and a maximum of 1513 kW in the base case. The respective prediction error was found to be below 
8 kW, 12.4 kW and 11.2 kW in 90 % of the predicted hours for a prediction horizon of 3 days, 7 days and 14 
days, respectively.  

Further, the overall heat transfer coefficient of the heat source heat exchanger is depicted in Figure 9 as a 
measure of uncertainty in heat exchanger performance. The uncertainty here was comparably large, as the 
average value during the simulated period assuming no prediction error was 639 kW/K, with a minimum and 
maximum of 487 kW/K and 715 kW/K, respectively.  



 

Figure 9 Errors in predicted heat pump performance due to prediction errors of the thermal 

resistance of fouling.  

4. Discussion 
The three first steps of the proposed toolchain were applied to the case of heat source heat exchanger fouling, 
but may similarly be applied for other maintenance tasks, such as defrosting, extraction of non-condensables, 
etc. The next step will be perform the optimization of the time of maintenance based on the predicted heat 
pump performance (step 4 of the proposed toolchain). 

In the present study, we chose to use a dynamic thermodynamic model of the system. This may however be 
replaced by any other thermodynamic model representing the state of the system. For the presented case a 
less complex steady-state model would be appropriate, as the minutely variations of the fouling layer are not 
relevant for determining the time of cleaning and the problem can be handled using a quasi-static simulation. 
The advantage of using a thermodynamic model for predictive maintenance rather than a purely data based 
prediction is that other factors influencing the heat pump performance (such as weather conditions) can be 
taken into account for the maintenance decision making, even when measured data from unseen boundary 
conditions is not available. 

Another potential advantage of using a thermodynamic model is that the model included the representation of 
the current state of fouling may be used to supply other services. This could e.g. be optimization of the 
controller set-points taking the current status of the system into account. 

Fouling of the source heat exchanger is difficult to predict as no correlation with other measured source 
conditions, e.g. temperature or seasonal effect could be found. It may however be expected that the type and 
amount of material in the source stream vary throughout the year, the respective data was however not 
available for the studied case. Reasonable prediction results were obtained using both LR and RBF as 
prediction functions. RBF reached slightly lower errors than LR but requires the adjustment of parameters 
related to its structure (e.g. definition of the number and type of radial basis functions considered in the 
algorithm) to obtain suitable results. LR represents a simpler algorithm than RBF and thereby LR could be the 
preferred alternative in cases where it is desired to obtain fast predictions that require less computational 
power. 

The effective heat transfer coefficient in a heat exchanger exposed to fouling is reduced by the additional 
thermal resistance of the fouling layer, but positively influenced by the increased velocities of the source stream 
due to the reduced cross-sectional area inside the heat exchanger. In the presented approach for fouling 
detection, both effects were lumped into an effective thermal resistance, thereby, describing the effect of 
fouling on the heat pump without knowing the exact fouling characteristics. This approach is reasonable 
because information on the actual fouling layer characteristics is not available from measurement data, and 
because the lumped effect on the heat transfer coefficient is decisive for maintenance scheduling.  

Overall, it was found that the prediction error of the heat pump COP and heat flow rate were below 0.5 % 
and 0.9 % of the average absolute values during the simulated period. These values were around 10 % of 
the overall expectable impact of fouling on the COP in nominal conditions and far lower than the variations of 
the heat pump performance due to load changes and changes in the thermal boundary conditions of the heat 
pump. It was therefore found that the accuracy of the prediction methods was acceptable for the presented 
case. A comparison to the uncertainties of the available measurements would be relevant, but the respective 
data was not available. 

  



5. Conclusion 
The present study proposed a toolchain for predictive maintenance based on calculating fault indicators from 
monitoring data, predicting the further development of the fault indicator based on historic values and the use 
of a thermodynamic model. The implementation of the first three steps of the proposed toolchain were shown 
for the case of heat source heat exchanger fouling. Future work will deal with the implementation of the final 
step, i.e. the optimization of the time of maintenance based on the predicted heat pump performance. 

It was found that the thermal resistance of the fouling layer, calculated from measurement data is a suitable 
fouling indicator. However, the decision of when to clean the heat source heat exchanger is reliant on the 
dependency of the heat pump performance to the impact of fouling. We found that fouling resulted in a 
reduction of the evaporation pressure and thereby in a reduction of the coefficient of performance and the 
overall power uptake as the hat output was fixed. Fouling was found to appear very irregularly for the studied 
case, which made the exact degree of fouling difficult to predict. Linear regression and radial basis function 
network predicted the further development of fouling with similar errors. Radial basis function network resulted 
in slightly lower errors, while the implementation of linear regression is simpler and computationally efficient. 
The effect of prediction errors was found to not have a significant influence on the predicted heat pump 
performance. Therefore, the chosen fouling indicator as well as the prediction methods were found to be 
feasible for predicting fouling in large-scale heat pumps. 

 

Nomenclature 
Symbols Indices 

𝑐𝑝,𝐻2𝑂 – Specific heat capacity of water, kJ/kg/K 𝑓 - Fouling 

Δ𝑇ln – Logarithmic mean temperature difference, K 𝐻𝑋 – Heat exchanger 

�̇�𝑠𝑜𝑢𝑟𝑐𝑒 – mass flow rate, kg/s 𝐼𝑀𝐶 – Intermediate water circuit 

𝑁 – Number of data points, - 𝑖𝑛 – At inlet 

�̇� – Heat flow rate, kW 𝑜𝑢𝑡 – At outlet 

𝑅 – Thermal resistance, K/kW 𝑝𝑟𝑒𝑑 – Predicted value 

𝑅𝑀𝑆𝐸 – Root mean square error 𝑟𝑒𝑎𝑙 – Measured value 

𝜗 – Tmeperature, °C 𝑠𝑜𝑢𝑟𝑐𝑒 – Heat source stream 

 𝑡𝑜𝑡 - Total 

 𝑤𝑎𝑙𝑙 - Wall 
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