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Abstract 

The growing adoption of heat pumps for heating and cooling in the residential sector raises the critical issue 
of ensuring their operational reliability over time. Fault Detection and Diagnosis (FDD) methods can identify 
soft faults at an early stage, thereby preventing their evolution into critical failures or long-term performance 
losses. Among the various FDD approaches, process history based techniques are becoming increasingly 
popular due to their minimal requirement for prior system knowledge. However, these methods typically 
require large volumes of labelled operational data, which may be unavailable — especially in cases of limited 
historical records (e.g., new machines or restricted data storage) or when no preliminary laboratory testing has 
been conducted. 

This study proposes an unsupervised methodology based on peer-benchmarking to compare the 
performance of similar, though not strictly identical, heat pumps with the aim of identifying potential outliers. 
These outliers are then analysed to highlight true anomalies, indicative of soft faults. This methodology is 
tested on a real-world dataset of 199 residential geothermal heat pumps, with thermal capacities ranging from 
8 to 14 kW, monitored over a one-year period. 

This study assesses the suitability of peer benchmarking via outlier detection for fault diagnosis. In the case 
study, the methodology detected five outliers, three of which were associated with confirmed heat pump faults. 
These findings demonstrate the capability of this approach to identify malfunctioning units in a heterogeneous, 
label-free heat pump fleets. 
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1. Introduction 

In France, the building sector accounts for 44% of final energy consumption [1]. This energy consumption 
represents 15.8% of the country's total CO2 emissions [2]. In the residential sector, 66% of this energy is used 
for heating. To meet this need, 52% [3] of households use fossil fuels (fuel oil or gas) and 30% use resistive 
heating devices. The signatory states to the Paris Agreement have committed to keeping ”the global average 
temperature increase well below 2°C above pre-industrial levels” [4], which implies a 43% reduction in 
greenhouse gas emissions by 2030. One way to achieve this goal is to decarbonise heating needs through 
increased use of low-carbon energy systems, such as heat pumps (HP), in both new buildings and renovations. 
This trend is already reflected in the increase in heat pump installations, with more than one million units sold 
in France in 2020 [1]. 

 
The effectiveness of this strategy depends on the installed systems achieving the performance levels 

anticipated during the design stage. However, the HP performance of heat pumps is influenced by various 
parameters, many of which lie beyond the designer’s control, —such as user behaviour,on-site settings [5], 
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and the occurrence of faults [6]. This often leads to a gap between expected and observed performances, a 
phenomenon repeatedly observed in the literature. For instance, Chesser et al. [5] found a drop of 16% between 
the in-situ Coefficient Of Performance (COP) and the laboratory-measured COP for an 8.5 kW air-source heat 
pump operating at 7 °C. Deng et al. [7] studied 28 different types of heat (e.g., aerothermal, small and medium-
depth geothermal or surface water) and found that all machines, except two, showed a COP lower than that 
estimated at the design stage. Similarly, O'Hegarty et al. [8] observed an average difference of 40 % between 
the declared seasonal performance factor and the on-site performance factor for a set of 278 air-to-water heat 
pumps installed in the United Kingdom. 

 
 Therefore, the ability to detect underperforming machines as early as possible and to identify the causes 

of such underperformance is crucial. To address this issue, FDD approaches can be used. FDD refers to a 
systematic methodology aimed at identifying and isolating operational faults within a system [9]. Faults can 
be defined as “a deviation from an acceptable range of an observed variable or estimated parameter related to 
the process” [10]. The application of FDD approaches to heat pumps has been extensively studied by the 
scientific community [11], [12]. These studies generally focus on a limited number of machines and consider 
only system-level faults (e.g., inappropriate refrigerant charge) or component-level faults (e.g., fouling of heat 
exchangers) [13]. However, under real operating conditions, machine performance may also be influenced by 
installation-level fault, including improper sizing or incorrect adjustment (e.g., incorrect heating curve setting) 
[14]. In their study of 1 023 HPs, Brudermueller et al. [14] demonstrate that 7.5% of them are incorrectly sized. 
This result highlights the fact , when the analysis is extended from a small group of machines to a large set of 
HPs, the occurrence of installation-level faults becomes significant. It is therefore essential to extend FDD 
approaches to include installation-level faults. 

 
According to Katipamula and Brambley [15], when applied to building systems, FDD approaches can be 

classified into three distinct categories:  
• Quantitative model-based approaches ; 
• Qualitative model-based approaches ; 
• Process history-based approaches. 

The first two approaches rely on an expert knowledge of the monitored system. The quantitative approach 
aims to create a physical models of the monitored system. By comparing the models’ outputs with the physical 
measurements taken at the installation, it is therefore possible to detect a fault and identify its cause. The 
qualitative approach aims to create expert-knowledge rules or thresholds that must not be exceeded in order to 
detect and diagnose a fault. Conversely, process history based approaches do not require prior system 
knowledge and instead use statistical methods or machine-learning methods. These methods have been 
increasingly popular due to recent improvements in computer processing power and access to big data [16]. 
This last category is particularly suitable for a heterogeneous machine fleet, that includes a wide variety of use 
cases, complicates the development of universal detection rules. However, most of these rules require the use 
of labelled data, typically obtained from simulations [17], laboratory tests [18] or tests conducted on a limited 
number of on-site heat pumps [19]. For large machine fleets, the diversity of operating conditions makes 
manual data labelling impractical, and the performance status of each machines is unknown a priori. To address 
this issue, unsupervised FDD approaches (i.e. those that not requiring labelled data) can be adopted. 
Nevertheless, the literature contains only limited examples of such applications. In their review, Zhelun Chen 
et al. [20] identified only one study implementing these approaches for vapour compression systems. To date 
and to the authors’ knowledge, no published work has applied them to large-scale datasets comprising several 
hundred heat pumps. Consequently, there is a need to develop an unsupervised FDD approach leveraging 
process history data that is suitable for application to a machine fleet. 
 

This overview of the scientific literature highlights that, for a fleet of machines, there is a need, on the one 
hand, to adapt current FDD approaches so that they account for installation-level faults, and, on the other hand, 
to adopt approaches that can be applied in a fully unsupervised context. The main contribution of this study is 
to propose and assess an unsupervised fault-detection methodology, suitable for large and heterogeneous heat 
pump fleets. The methodology is built upon outlier detection algorithms that use macro-features aggregating 
daily operating indicators, enabling the identification of heat pumps whose behaviour diverges from the group. 
Its relevance is then tested on a fleet of 199 geothermal heat pumps in operation. The plausibility of the detected 
of HPs considered as outlined is subsequently assessed through detailed data analysis. This methodology is 
described in more detail in the following section. 
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2. Methods 

2.1. Overview of the proposed approach 

As discussed in the previous section, a fault can be defined as a significant deviation in one or more 
operational parameters of the heat pump. However, deviations of this nature may arise from factors other than 
faults. For example, the shutdown of a system in an unoccupied building does not indicate a malfunction. 
Assuming that the majority of systems in the fleet operate normally, both cases could be identified as outliers 
with respect to the fleet average. Consequently, it is crucial to distinguish between these two types of situations. 
If the discrepancy is actually due to a fault (e.g., refrigerant undercharge, incorrect sizing), it is further referred 
to as an anomaly. Otherwise, it is referred to as a true outlier, unrelated to equipment malfunction (e.g., a 
building that is underoccupied in winter). Proper selection of descriptive features is therefore essential to 
distinguish between these two situations and to guide maintainers towards the underlying cause of an abnormal 
behaviour. In this article, we therefore encompass the FDD approach within an outlier detection approach. 

2.2. Description of the monitored fleet and data pre-processing 

As part of our study, we had access to operating data from 207 HPs, all manufactured by the same French 
company. Although the methodology is designed to be applicable to a heterogeneous fleet, we preferred, as a 
proof of concept, to pre-filter the available machines in order to control variability within the case study. To 
do so, we established a list of criteria that a HP must meet in order to be included in the study. These criteria 
are summarised in Table 2. To build a consistent set of machines installation architecture between machines, 
we selected geothermal HP with a buffer tank. The refrigerant used by the manufacturer for this type of 
machine is R407C. We limited the power of the machines to 18 kW and the minimum power of the fleet to 4 
kW. Additionally, as the selected features were obtained from the machines' operating cycles, only single-
compressor technologies were considered to facilitate comparison. The HP in the fleet can be either single or 
dual-purpose (heating and domestic hot water), but this study focuses only on heating. The heat pumps are 
equipped with sensors that measure the operating status (e.g., compressor status, operating time since last start-
up), cycle parameters (e.g., temperature and pressure at various points in the thermodynamic cycle) and inflows 
/ outflows to the heating zones (setpoint and temperature). These variables are measured every 15 minutes one-
year period,, representing 525 600 recording points per variable, assuming continuous data collection, without 
gaps. 

Table 1. selection criterion used for the case study 

Selection criteria Value 

Heat pump type Water to water heat pump 

Installation With buffer tank 

Refrigerant R407C 

Rated power [4 kW ; 18 kW] 

Number of compressors 1 

To mitigate the potential influence of outliers in the data it is filtered using the inter-quantile method [21]. The 
features selected in the methodology are then extracted. A substantial discrepancy exists in the number of 
measurement available per days among the machines. To ensure that the features reflect the actual behaviour 
of the machine, we prefer to exclude machines with too few days of operation. To do this, we filter out 
machines that fall outside the interval centred on the mean and four standard deviations wide, equivalent to 
95% of the values. In our case, this corresponds to machines with less than 8 days of operation. This brings 
the number of machines studied to 199. The features are then averaged annually per machine. 

2.3. Outlier detection algorithms 

Outlier detection has been the subject of in-depth study for decades, and numerous methods have been 
proposed by the scientific community. These methods can be classified according to the techniques used [21] 
or according to label availability [22]. In the context of unsupervised data from steam compression machines, 
Mtibaa [23]proposed the following classification: 
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• Statistics-based approaches: the statistical distribution of points allows to identify observations that 
deviate significantly from the group average. This category can itself be divided into two sub-groups.  
If the data distribution is known, parametric methods such as Elliptic Envelope (EE) [24]can be used. 
Otherwise, non-parametric methods such as Gaussian Mixture Model (GMM) [25] are suitable. 

• Distance-based approaches: the distances between points allows to identify observations that deviate 
from the average group. This category can itself be divided into three sub-groups. The first, based on 
proximity, uses the distance between the observation and its closest neighbours as a sorting criterion. 
A common example is the K-Nearest Neighbours (KNN) [26]algorithm. The second is density-based 
and assumes that an outlier is an observation located in a low-density space, with density estimated 
from the k nearest neighbours. By comparing the local densities of each point, it is then possible to 
distinguish inliers from outliers. The Local Outlier Factor (LOF) [27] is a good example of a density-
based approach. The third category adopts a clustering approach, the idea being that it is possible to 
form different clusters from the observations. Points that do not belong to any cluster or to small 
clusters are considered outliers. The Density-Based Spatial Clustering of Applications with Noise 
(DBSCAN) [28]algorithm is most often cited for outlier detection. 

• Angle-based: similar to distance-based approaches, it is possible to distinguish between outliers and 
inliers based on the angle formed between the data points. Angle-Based Outlier Detection (ABOD) 
[29] uses this approach. 

• Classifier-based approaches: the use of labelled data allows to train a classifier model to recognise a 
normal observation, thereby enabling test data to be classified as inliers or outliers. These methods 
can be adapted to unsupervised cases by assuming that a small proportion of the dataset is outliers. 
An algorithm regularly cited as belonging to this category is Isolation Forest (IF) [30]. 

 
Without assuming which of these approaches is most suitable for the application, one algorithm from each 
family presented above has been selected based on their prevalence in the literature: EE, GMM, LOF, ABOD, 
and IF. This selection aims to compare methods founded on distinct theoretical principles. 

 

2.4. Outlier detection algorithms tuning 

As detection is performed in an unsupervised context, it is difficult to know in advance which of the 
methods' hyperparameters are most effective for detection. We have chosen to keep the default parameters of 
the library algorithms (i.e. Scickit learn for EE, GMM, LOF, IF and PyOD for ABOD), with the exception of 
the contamination rate. This choice aims to limit biases linked to empirical hyperparameter tuning, which is 
difficult to compare in an unsupervised context [31]. The comparison between methods is therefore based on 
their standard behaviour.  

The contamination parameter represents the expected proportion of outliers in a dataset. In the case of 
unsupervised detection It is not possible to access a training dataset that would allow this to be estimated. To 
attain a realistic value of contamination parameter, we propose to optimise it based on the percentage of 
agreement between the different algorithms, reflecting the overlap between methods. This involves adjusting 
the contamination to maximise the consistency of predictions, according to an ensemble agreement principle 
[32]. To do this, we simultaneously vary the contamination scores of the different algorithms. As the 
contamination score is unknown, a conservative approach is preferred. The range of variation chosen is [0.01; 
0.49], with 0.49 being the limit above which the assumption that a majority of HPs exhibit normal behaviour 
is no longer satisfied. At each iteration, an Average inter-method Concordance Score (ACS) is calculated, 
representing the number of times an outlier has been detected by several approaches. This score is calculated 
using the equation Eq. (1).: 

 

𝐴𝐴𝐴𝐴𝐴𝐴 = 1
𝑛𝑛 ∑ 𝐴𝐴𝑗𝑗

𝑛𝑛

𝑗𝑗=1
 (1) 

where 𝐴𝐴𝑗𝑗 is percentage of agreement of one algorithm, is calculated using the equation Eq. (2).:  

𝐴𝐴𝑗𝑗 =
1

𝑛𝑛 − 1 ∑ 𝑀𝑀𝑖𝑖𝑖𝑖

𝑛𝑛

𝑖𝑖=1
𝑖𝑖≠𝑘𝑘

 (2) 

 
where 𝑀𝑀𝑖𝑖𝑖𝑖 is the percentage of agreement between two algorithms, calculated using the following formula: 
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𝑀𝑀𝑖𝑖𝑖𝑖 =
𝑂𝑂𝑖𝑖 ∩ 𝑂𝑂𝑗𝑗

max(𝑂𝑂𝑖𝑖, 𝑂𝑂𝑗𝑗) ∗ 100 (3) 

 
 

where 𝑂𝑂𝑗𝑗 being the outliers detected by algorithm i, and 𝑂𝑂𝑗𝑗 by algorithm j.  
 
Subsequently, the contamination score that maximises this indicator is retained as a hyperparameter. All of 

the methods selected, along with their associated hyperparameters, are summarised in Table 2. 

Table 2. outlier detection method selected and associated hyperparameters  

Category Method Hyper parameter 

Parametric Statistics-based 
approaches  

EE Assume centered : False, Support Fraction : None, Random State=None 

Non parametric Statistics-based 
approaches  

GMM Number of mixture components : 1, Covariance type : full, Convergence threshold 
: 10−3 , Non-negative regularization : 10−6 , Max number of iteration : 100, 
Number of initializations to perform : 1, Method used to initialize the weights : 
‘kmeans’ 

Distance -based approaches LOF Number neighbours : 20, Algorithm : 'auto', Leaf Size : 30, Metric : 'minkowski', 
Parameter for the Minkowsk  : 2,   Novelty : False 

Angle-based approaches ABOD Number neighbours : 5 

Classifier-based approaches  IF Number of base estimators  : 100, Number of samples to draw  : 'auto', , 
Number of features to draw =1.0, Bootstrap=False  

 

2.5. Feature selection 

Generally, the first step in an FDD approach is to select the appropriate features for detection and diagnosis 
[33] or to construct them from other physical quantities. Although it is possible to automate feature selection 
using wrapper methods [23], we prefer to select and construct them manually in our approach in order to 
maintain greater interpretability. The context of a heterogeneous group of machines encourages the use of 
features derived from easily measurable physical quantities that are common to all machines in the group. 
Brudermueller et al [34] adopt such an approach and propose indicators derived from energy metering in 
relation to machine cycle behaviour, assuming that an atypical cycle is an indicator of an underlying problem. 
They therefore select four features calculated per day: the number of operating hours, the number of cycles, 
the average cycle time calculated using the ratio between the number of operating hours and the number of 
cycles, and the inverse of this ratio. In another publications [14], authors evaluate the sizing of machines using, 
in particular, the utilisation ratio calculated from the compressor rotation speed. As we wanted to include both 
fixed and variable speed machines in the study, we use the approximation proposed in [34] Eq. (4).: 

𝑢𝑢𝑑𝑑𝑑𝑑𝑑𝑑 =
𝐸𝐸𝑑𝑑𝑑𝑑𝑑𝑑 ∗ 100%

𝑃𝑃ℎ𝑝𝑝 ∗ 24ℎ  (4) 

   

𝐸𝐸𝑑𝑑𝑑𝑑𝑑𝑑  is the energy produced by the heat pump in one day, expressed in W.h and 𝑃𝑃ℎ𝑝𝑝 is the nominal power 
of the heat pump in W. In the rest of this article, we adopt the viewpoint of Brudermueller et al. [34] by using 
the aforementioned indicators, listed in Table 3 of Section 3, as features for outlier detection. Although relevant 
to this approach, we did not use the COP, which is nevertheless the most frequently cited indicator when 
discussing heat pump performance monitoring [6]. In this case study, approximately 39% of the machines lack 
the necessary equipment to perform this measurement and are therefore excluded from the selection. The 
behaviour of a heat pump is greatly influenced by its environment, particularly the outside temperature, which 
affects both the temperature of the source (aerothermal or geothermal) and the building's heating requirements. 
A common solution is to divide the selected indicators by the average daily temperature. In our case, we prefer 
to retain them as they are, in order to avoid compensatory effects in which an indicator would be artificially 
amplified because it is divided by an excessively low temperature. Although the performance of a heat pump 
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may evolve over time, whether due to a calendar effect or gradual refrigerant leakage, the indicators in this 
study were averaged over the entire observation period. It allows to obtain an overview of the machine fleet 
and limit the amount of data input into the outlier detection algorithms. 

Finally, one of the recurring problems with outlier detection is the ‘curse of dimensionality’ [21]: increasing 
the number of features tends to spread the points further apart, making the task of detecting outliers more 
complex. To guard against this, we first perform a correlation analysis using Pearson's coefficient [23]. 
Subsequently, if two or more features have a coefficient greater than 0.8 [35], we will only retain one. 

2.6. Evaluation procedure 

Reducing the number of false positives is one of the key to operators' confidence in the FDD process [36]. 
This choice is made at the expense of the possibility of detecting all true positives, however, since the work is 
still at the proof-of-concept stage, a conservative approach is preferred. To reduce the number of false 
positives, only outliers detected by all detectors are considered true positives.  

The next step is to classify these true positives as anomalies or true outliers, if possible. To do this, we rely 
on the analysis of Z-scores per feature and per detection. This score allows us to approximate the weight of the 
features in the detection. Z-score is expressed as: 

𝑍𝑍 = 𝑥𝑥 −  


 (5) 

where x is the observation,  is the mean of the observations and  is the standard deviation of the 
observations. The z-score reflects the distance of the observation from the group mean. The greater the absolute 
value of the z-score, the further the observation is from the mean. Thus, an analysis of the classification of z-
scores allows us to understand which feature makes the machine appear abnormal compared to the fleet. In an 
unsupervised context, we do not have access to machine labels. The usual techniques for evaluating outlier 
detectors such as AUC-ROC [32] cannot therefore be applied. Instead, we propose an exploratory evaluation 
in the next section. 

3. Results and discussion 

3.1. Results  

In accordance with the methodology described in section 2.5, we calculated Pearson's correlation coefficient 
for the various features identified in the literature. The correlation matrix is shown in Table 3. The only two 
features exceeding the threshold of 0.8 are the utilisation ratio and the total daily operating time. To reduce the 
dimensionality of the problem, we decided to keep only the utilisation ratio feature. This feature has an 
immediate significance that facilitates the understanding of the detection. 

Table 3. Correlation matrix of the features based on Pearson's coefficient 

 Total daily 
operating time 
[min] 

Number of 
daily starts-up 
[/] 

Utilisation 
[%] 

Average cycle 
operating time 
[min] 

Number of starts per 
operating time [1/min] 

Total daily operating 
time [min] 

/ -0.128660  0.861106 
  

0.707890 -0.589525 

Number of daily starts-
up [/] 

/ / 0.073183  - 0.574844 0.538315 

Utilisation [%] / / / 0.565671 - 0.354455 

Average cycle operating 
time [min] 

/ / / / -0.570471 

Number of starts per 
operating time [1/min] 

/ / / / / 

 
We then optimize the contamination parameter of the various outlier detection algorithms using the average 

concordance percentage indicator, see Figure 1.a. For our application, we have a local maximum of 4 % and a 
global maximum of 15 % .The respective average concordance percentages are 82.8% and 85.7%,. We retain 
the former as the input hyperparameter, assuming that outliers detected for a lower percentage are further from 
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the average group and therefore more abnormal. The correspondence matrix associated with a contamination 
percentage of 4 % is shown in Figure 1.b. Among the different outlier detection methods, GMM has the best 
percentage of agreement (84.4 %), followed by ABOD and IF (81.3 %), then LOF (78.13 %). EE has the worst 
concordance percentage (68.75 %). 

 

  
Figure 1.a. Evolution in inter-method concordance score based on the contamination rate used. Figure 1.b. Inter-method concordance 

matrix for the optimum of 6% selected.  

Figure 2 shows, on the left-hand side, all the machines in the fleet that were detected as outliers, and which 
algorithms classified them as such. The right-hand side of the graph shows the Z-score by outlier and by 
feature. Identification numbers have been assigned to the detected heat pumps to improve readability. 

 
Figure 2.: count of detections by different algorithms, and algorithm that detected the machine. right: Z-score by feature and by machine. 
 

 Of the 13 HPs outliers detected in total, 5 were detected by all five detectors and can therefore be 
considered true positives. The remaining 8 machines can be kept under surveillance without undergoing a more 
detailed diagnostic process. The features average cycle duration and number of starts per operating time 
allowed two outliers to be detected each. Utilisation allowed one outlier to be detected. Conversely, the number 
of starts did not allow outliers to be detected in our case study. The colour gradient indicates how much a 
feature stands out from the others statistically speaking. For example, HP 2 has the highest z-score for the 
average cycle time feature (4.36), clearly stands out from the features of number of starts (-1.23), utilisation 
(1.13) and number of starts per operating time (-0.91). This suggests that the average cycle time feature plays 
a key role in detection and, as a result, the machine stands out from the fleet according to this criterion. 
Although machine HP 5 was probably also detected based on the average cycle time feature (6.15), the z-score 
associated with usage is also clearly evident (3.45). This nuance in the detection and opens up avenues for 
diagnosis. In the second case, the cause of the long operating cycles is probably the same as the one causing 
intensive use of the machine. This could be due to difficult environmental conditions or undersizing. In the 
first case, however, the cause of abnormally long cycles is harder to identify. Possible diagnostic explanations 
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will be discussed in the next section. 

3.2. Discussion 

As explained in section 2.6, the unsupervised context of the study does not allow for the use of standard 
assessment tools. Instead, we propose an exploratory evaluation. To do this, we analyse the time series of the 
five true outliers in order to manually evaluate the detectors and propose diagnostic avenues. Figure 3 shows 
a day of operation for HP 1 that reflects the abnormal nature of the machine. In 24 hours, the heat pump started 
43 times, with each cycle lasting less than 5 minutes. This results in a high number of starts per operating time, 
which is consistent with the z-score of 5 for this feature observed in Figure 2. The ambient temperature in the 
heated area shows minimal fluctuations,, even though the heating circulation control is always set to maximum. 
Several factors could explain this, such as a problem with the heat emitters or excessive heat loss from the 
heated area. In addition, the buffer tank only fluctuates within a range of 4°C around an average temperature 
of 54°C. One possible cause of this behaviour could be that the tank control hysteresis setting is too tight. 
Without determining the precise cause, this heat pump is clearly operating abnormally. The HP 3 shown in 
Figure 4 behaves in a similar manner. In 24 hours, it restarts 36 times and does not have any cycles longer than 
5 minutes. This result is consistent with the Z-scores obtained: in both cases, the feature of the number of starts 
per operating time is the one that enabled detection. The probable causes of malfunction are similar to those 
described above. This heat pump can therefore be considered an anomaly.  

 
 

Figure 3. Evolution of the main operating indicators for heat pump 1. The dotted lines show the outside temperature, the ambient 
temperature in the heated area and the buffer tank temperature. The solid lines show the circulation setpoints to the tank and to the 

heated area, as well as the compressor operating time.  

 
Figure 4. Evolution of the main operating indicators for heat pump 3. The dotted lines show the outside temperature, the ambient 

temperature in the heated area and the buffer tank temperature. The solid lines show the circulation setpoints to the tank and to the 
heated area, as well as the compressor operating time. 

Hp 5 has the highest utilisation z-score (3.94 – see Figure 2). This heat pump differs from the previous two in 
that it supplies heating to two zones. Figure 5 shows a day during which both zones were supplied 
simultaneously. The moment of simultaneity is highlighted by an orange rectangle. Unlike the two previous 
cases, the heat pump's operating cycles are few and long. Despite this, the temperatures in the two zones vary 
slowly, by 0.8°C in 6.5 hours for zone 1 (Z1), and by 1.5°C in approximately three hours for zone 2 (Z2). We 
note that during the simultaneous phase, the temperature of the buffer tank stabilises, even though the outside 
temperature is at 5 °C. These two signals could therefore indicate that this machine is undersized, confirming 
that it is not functioning normally. This diagnosis could be confirmed by more contextual information such as 
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the energy injected into the building, but this would take us away from the machine fleet approach presented 
here.  

 
Figure 5. Evolution of the main operating indicators for heat pump 5. The dotted lines show the outside temperature, the ambient 

temperature in the heated area and the buffer tank temperature. The solid lines show the circulation setpoints to the tank and to the 
heated area, as well as the compressor operating time.  

The HP 2 is also dual-zone. Unlike the previous one, the simultaneous periods highlighted in orange do not 
prevent the buffer tank from heating, even though the outside temperature is similar, see Figure 6. The room 
temperature observed in Z1 warranted further investigation. Although the heating circulation for this zone is 
activated from 9:45 p.m. to 9:15 a.m., the room temperature drops from 18.5 °C to 15.7 °C. As a result, the 
heat pump runs for 5 hours during the night. After that, the room temperature rises rapidly to reach 20.5 °C at 
11 a.m., without any change in the machine's behaviour. This change in room temperature could be attributed 
to the user adopting a particular behaviour upon waking up, but this cannot be verified. As things stand, we 
are unable to attribute the machine's operating deviation from the fleet average to the machine itself. This 
presents a first limitation of the proposed methodology, which is that it is not always possible to classify the 
true outlier without external knowledge. 

 
Figure 6. Evolution of the main operating indicators for heat pump 2. The dotted lines show the outside temperature, the ambient 

temperature in the heated area and the buffer tank temperature. The solid lines show the circulation setpoints to the tank and to the 
heated area, as well as the compressor operating time. 

Finally, when attempting to analyse HP 4, we realised that the operating history file we had access to contained 
numerous gaps, even though this heat pump had passed the first filter described in section 3.1. Most of the data 
we had access to covers a period of twenty days, between 11 and 31 December 2024. During this period, the 
average outdoor temperature was 0.3 °C, which implies significant use of the heat pump. However, the 
prominent z-scores for this machine are those associated with the cycle duration (6.15) and usage (3.45) 
features. This is consistent with the expected behaviour of a heat pump in winter, which will tend to run longer 
and at a higher load, but it does not indicate abnormal machine behaviour. Here, the HP is therefore a true 
outlier. It brings to light a limitation within the proposed methodology. By not including the environment in 
the initial features, a heat pump could potentially be categorised as true positive when in fact it is simply 
reacting to its environment. In our case, this is due to a bias related to the recording period, but it could also 
be true for a machine located in a harsher climate than the average for the fleet. 
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3.3. Limitations and future work 

The methodology presented in this article has demonstrated its effectiveness in detecting abnormal 
machines within a fleet in an unsupervised manner. Nevertheless, several limitations have been identified, 
which are discussed below. 

 
As shown in section 3.2, certain variables such as the number of daily starts, were not decisive in identifying 

outliers. In this work, we chose to select features based on their physical significance and availability, 
attempting to keep the number as low as possible to avoid overfitting. This choice favours the interpretability 
of the results but does not ensure that the features chosen are the most relevant for separating machines between 
normal and abnormal behaviour. Future research could include a broader set of features, with particular 
attention to variables reflecting temperature conditions and seasonal dynamics. Furthermore, the decision to 
retain only the default hyperparameters of the detection methods is also questionable, as tuning these 
parameters can strongly affect detection performance [37]. A first direction for improvement would be to 
introduce unsupervised internal evaluation metrics, such as the IREOS proposed by Marques et al [31]. 
Subsequently, a comparison with labelled data would allow for a more accurate assessment of the 
methodology’s performance. 

Although the case study includes 199 geothermal heat pumps, it remains limited in terms of the 
heterogeneity. This limits the diversity of anomalies that can be encountered across the fleet. The variability 
within the case study was intentionally restricted, since the present work serves as an initial proof of concept., 
such as air source heat pumps. Future work will therefore aim to broaden the scope of the study to a larger and 
more heterogeneous fleet of heat pumps in order to assess the robustness and generalisability of the 
methodology proposed in this article. 

4. Conclusion 

In this article, we have proposed a methodology for the unsupervised detection of faulty heat pumps within 
a fleet of machines, based on inter-comparison. This methodology relies on the assumption that the average 
behaviour of the fleet reflects normal operation, and that a faulty machine deviates from this reference. In this 
respect, detecting defective machines is equivalent to identifying outliers using macro-features derived from 
cycling patterns and produced energy. Five detection methods were compared on a dataset of 199 geothermal 
heat pumps. Only machines detected by all approaches were considered true outliers. In our case study, five 
heat pumps were classified as true outliers, three of which exhibited abnormal behaviour after manual analysis 
of their operating histories. Among the probable causes of malfunction, the hysteresis setting of the buffer tank 
and the undersizing of the machine were suggested, highlighting once again the crucial role of proper sizing 
and configuration in ensuring on-site performance. The results suggest that, once integrated into a maintenance 
programme, outlier detection could become a valuable tool for maintaining the performance of installations. 
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