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ABSTRACT 

The deployment of residential heat pump systems is a key 
enabler of the decarbonization of the heating sector. 
However, their long-term reliability remains a barrier to 
sustained performance and user acceptance. A major 
degradation driver is water contamination within the 
hydraulic circuit, which leads to fouling, scaling, and 
corrosion of components such as plate heat exchangers – 
ultimately reducing efficiency and shortening system 
lifetime. Although installation procedures and operational 
filtration measures, including magnetite filtration, aim to 
reduce particle accumulation, continuous condition-based 
monitoring of component degradation remains limited. To 
address the scarcity of real-world failure data for training 
predictive models, this paper proposes a physics-informed, 
data-prior approach that combines physical knowledge with 
machine learning. Instead of embedding physics into the 
model architecture or loss functions, the approach 
incorporates it at the data level by generating labeled healthy 
and faulty scenarios through a physics-based laboratory 
setup. This enables the model to learn degradation patterns 
grounded in physical behavior, supporting early fault 
detection and producing outputs that remain interpretable and 
plausible for domain experts. The approach is demonstrated 
on a plate heat exchanger contamination use case. A design-
of-experiments campaign in a climate chamber generated 
labeled data representing healthy, moderately contaminated, 
and severely contaminated states. A Random Forest classifier 
achieved consistent cross-validation performance (AUC ≈ 
0.98) with low variance across folds. Precision–recall 
analysis revealed robust early fault detection, with average 
precision values of approximately 0.96 for moderate 
contamination and 0.97 for severe contamination. 
Cumulative gain and lift analyses indicated that inspecting 

the top 20–40 % of systems ranked by model risk can identify 
80–100 % of the contaminated cases, supporting efficient 
maintenance prioritization. Model-derived feature 
importance was assessed using Gini importance and 
subsequently validated through expert review, enabling 
interpretable failure logic for condition-based maintenance 
strategies. The results demonstrate that combining physically 
grounded data, supervised machine learning, and explainable 
diagnostics provides a transferable hybrid approach for 
interpretable reliability assessment and condition-based 
monitoring beyond the specific case. 

1.  INTRODUCTION 

Residential heat pump systems are increasingly deployed as 
part of the transition toward low-carbon heating 
(International Energy Agency, 2022). At the same time, 
ensuring their long-term operational reliability remains a 
central engineering challenge. Persistent degradation 
processes concerns – particularly those linked to operational 
degradation – can compromise sustained system performance 
and increase operational risk (Qarqour et al., 2024). Water 
contamination in the hydraulic circuit is a significant 
degradation factor, as it directly causes scaling, fouling, and 
corrosion in components such as plate heat exchangers. This 
degradation not only reduces thermal efficiency but also 
shortens the system's useful life, underlining the need for 
effective monitoring and predictive maintenance strategies 
(Tovazhnyanskyy et al., 2007; Ardsomang et al., 2013). 

Reliability modeling offers a range of approaches to assess 
degradation in engineering systems. These are typically 
categorized into three types: physics-based, data-driven, and 
hybrid models (Lei et al., 2018). Each differs in how it 
balances physical understanding, data requirements, and 
model interpretability. Heat pump systems involve multiple 
interacting components, often sourced from different 
suppliers. The level of available data and domain knowledge 
varies across components, making the selection of a suitable 

Ahmed Qarqour et al. This is an open-access article distributed under the 
terms of the Creative Commons Attribution 3.0 United States License, 
which permits unrestricted use, distribution, and reproduction in any 
medium, provided the original author and source are credited. 



ANNUAL CONFERENCE OF THE PROGNOSTICS AND HEALTH MANAGEMENT SOCIETY 2026 

2 

modeling approach particularly challenging (Qarqour et al., 
2025). 

In previous work, we addressed this modeling selection 
challenge by developing a structured decision framework that 
links key system indicators – such as physical knowledge and 
data availability – to appropriate reliability modeling 
strategies (Qarqour et al., 2025). When applied to plate heat 
exchanger degradation, this framework indicated hybrid 
modeling as the most suitable approach. However, the 
practical implementation and validation of the identified 
hybrid approach for plate heat exchanger degradation 
remained open and are addressed in this work. 

Hybrid modeling approaches differ in the way physical 
knowledge is incorporated into the learning process. This 
physics-informed learning has been classified by Karniadakis 
et al. (2021) into three types: data priors (physics enters via 
data), inductive biases (via model structure), and learning 
biases (via loss functions). Embedding physics in this way 
supports the generation of physically plausible patterns, 
enabling validation against real-world behavior and 
facilitating explainable diagnostics for condition-based 
monitoring (Wu et al., 2024). 

Fouling in plate heat exchangers is a widespread degradation 
mechanism that reduces efficiency and shortens component 
lifetime – even under proper water treatment (Ardsomang 
et al., 2013). While both physics-based and data-driven 
approaches exist to model fouling, they face limitations in 
real-world applications (Lei et al., 2018; Ardsomang et al., 
2013). Physics-based methods often fail to capture dynamic 
system behavior, while purely data-driven ones require 
extensive sensor data and often lack interpretability (Hou et 
al., 2025; Meng et al., 2025). As a result, a systematic and 
transferable approach that combines physical understanding 
with data-driven monitoring remains missing for residential 
heat pump systems. This motivates the hybrid approach 
proposed in this work. 

To address the identified gap, this work proposes a hybrid 
approach that integrates physical understanding at the data 
level. In line with the data-prior category described above, 
the approach incorporates physical knowledge at the data 
level by generating labeled healthy and faulty scenarios 
through a controlled laboratory setup. This design of 
experiments campaign enables the machine learning model to 
learn degradation patterns grounded in physical system 
behavior. As a result, the outputs remain interpretable, 
physically plausible, and suitable for early fault detection. 
The approach is demonstrated on a plate heat exchanger use 
case, where contamination scenarios are experimentally 
varied to emulate realistic fouling conditions for model 
training and validation.  

In contrast to conventional diagnostic strategies that often 
separate physical system understanding from data-driven 
evaluation, the proposed approach combines controlled 

degradation generation, interpretable machine learning, and 
operationally relevant monitoring concepts within a unified 
diagnostic workflow. By systematically translating 
physically defined degradation mechanisms into data-driven 
diagnostics, the approach establishes a bridge between 
domain knowledge and scalable condition-based monitoring. 
This foundation supports the reliable deployment of 
interpretable machine learning models in residential heat 
pump systems and related engineering applications. It also 
provides a transparent basis for supervised degradation 
modeling in settings where real-world failure data are scarce. 

2. BACKGROUND AND RELATED WORK 

In residential heat pump systems, plate heat exchangers are 
essential for transferring heat between the refrigerant circuit 
and the water or brine loop (Jnod Energy, 2026). Their 
compact design, high heat transfer efficiency, and low 
temperature approach make them well-suited as evaporators 
or condensers (Munnangi et al., 2026). These properties 
contribute to heat pump's ability to operate efficiently across 
a range of conditions. As the primary thermal interface, the 
reliability of PHEs is crucial for maintaining system 
performance, minimizing energy consumption, and ensuring 
stable long-term operation (Kapustenko et al., 2023). 

Fouling is a common and persistent issue in both industrial 
and residential heat exchangers. It leads to reduced heat 
transfer efficiency, increased energy consumption, and 
shorter component lifetimes (Kapustenko et al., 2023). Even 
when water quality is managed during installation, 
contamination can still occur during operation, especially in 
systems with limited filtration or harsh water conditions 
(Virginia Heat Transfer, 2026). In residential PHEs, fouling 
often builds up gradually and silently, making it a critical 
degradation mechanism that is difficult to detect (Berce et al., 
2021). This underlines the need for reliable monitoring 
strategies to assess fouling severity and its impact on system 
performance. 

Fouling in plate heat exchangers has traditionally been 
addressed using empirical correlations or fixed fouling 
factors applied in design calculations. In addition, indirect 
performance indicators derived from measured temperatures 
and flow rates have been used to infer degradation effects 
(Kapustenko et al., 2023). In practice, monitoring often relies 
on estimating heat transfer effectiveness or overall heat 
transfer coefficients based on thermodynamic balances 
(Romanowicz et al., 2023). While these methods are 
straightforward to implement, they depend on strong 
assumptions regarding fluid properties, flow regimes, and 
sensor accuracy. In practice, these assumptions often do not 
hold under real operating conditions (Kapustenko et al., 
2023). Consequently, they often fail to capture the complex, 
time-varying progression of fouling observed in practical 
field deployments (Patil et al., 2022). 
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To overcome these limitations, physics-based approaches 
have been proposed. Alhuthali et al. (2022) developed a 
dynamic plate heat exchanger model integrating protein 
denaturation kinetics with a fouling deposition formulation 
and improved parameter adaptability using dimensional 
analysis and symbolic regression. Ikonen et al. (2023) 
introduced a monitoring framework that combines 
thermodynamic modeling, state estimation, and vibration-
based sensing to estimate heat transfer degradation in real 
time. Although these approaches enhance modeling accuracy 
and operational insight, they depend on detailed system-
specific calibration, comprehensive physical knowledge, and, 
in some cases, dedicated instrumentation. 

Data-driven approaches have gained attention for their ability 
to detect fouling patterns directly from operational 
measurements without requiring explicit thermodynamic 
modeling (Soomro et al., 2026). Kouidri et al. (2025) 
developed cascaded forward and recurrent neural network 
models to estimate fouling resistance using temperature and 
flow data, achieving high predictive accuracy. Similarly, 
Sundar et al. (2020) developed a deep learning model to 
predict fouling thermal resistance in a cross-flow heat 
exchanger using operational data, including temperatures and 
flow rates, and demonstrated its capability to capture 
nonlinear relationships between operating conditions and 
fouling levels. These approaches enable automated detection 
and prognostic assessment from field data. However, despite 
their predictive capability, such models often act as black 
boxes and provide limited physical interpretability for 
engineers and operators (Soomro et al., 2026). 

To address these limitations, recent studies advocate hybrid 
modeling approaches that integrate physical knowledge with 
data-driven learning to enhance interpretability, robustness, 
and deployment readiness in practical applications (Wu et al., 
2024). Tang et al. (2025) present a learning-bias hybrid 
approach by proposing a physics-informed LSTM (PI-
LSTM) framework for dynamic heat exchanger modeling. In 
their work, thermodynamic constraints are incorporated 
directly into the neural network loss function, enforcing 
energy conservation during training. By coupling physical 
residuals with temporal sequence learning, the model reduced 
data dependency and improved generalization compared to 
purely data-driven architectures. However, the framework 
focused on dynamic system response prediction rather than 
degradation classification or reliability assessment.  

In contrast, Hou et al. (2025) adopted a data-prior hybrid 
strategy by combining simulation-based data generation with 
an LSTM network to track degradation and forecast key 
thermal metrics. Their framework linked physically defined 
fouling thresholds with real-time monitoring and 
demonstrated that embedding degradation knowledge at the 
data level can improve predictive consistency under varying 
operating conditions. However, the approach remained 
centered on component-level performance forecasting and 

did not explicitly account for broader system interactions or 
varying operational regimes. Similarly, Sansana et al. (2024) 
integrated mechanistic feature engineering with machine 
learning to forecast fouling-related key performance 
indicators. In their framework, physics-based surrogate 
variables derived from heat transfer principles are 
constructed prior to model training, thereby enhancing 
interpretability and maintenance relevance. While effective 
for long-term forecasting in an industrial heat exchanger, the 
approach was likewise limited to a single component and did 
not explicitly address system-level interactions or 
transferability across different application domains. 

Although hybrid approaches have demonstrated improved 
fouling detection and performance forecasting in plate heat 
exchangers, their applicability to residential heat pump 
systems remains limited. Existing studies predominantly 
focus on isolated component behavior and emphasize thermal 
performance prediction rather than degradation classification 
for reliability assessment. Furthermore, system-level 
interactions under varying operating modes are rarely 
considered. The influence of seasonal conditions and 
operational variability on degradation detection is therefore 
insufficiently addressed. Consequently, the transferability of 
current hybrid solutions to real-world residential heat pump 
environments remains constrained. To address this gap, this 
work introduces a physics-informed, data-prior approach that 
links component-level degradation to system-level behavior, 
enabling interpretable and transferable monitoring in 
residential heat pump systems. 

3. HYBRID RELIABILITY MODELING APPROACH  

For the detection of component degradation in a physically 
meaningful and scalable way, this work introduces a hybrid 
approach that links system behavior to machine learning-
based monitoring. The approach follows a physics-informed 
learning strategy in which physical knowledge is 
incorporated at the data level through experimentally defined 
degradation states. These states form the basis for supervised 
training under controlled operating conditions. The approach 
consists of four stages that translate physical degradation 
behavior into interpretable, data-driven diagnostics: (1) 
degradation design, (2) data generation, (3) model 
development, and (4) evaluation. The overall objective is to 
support condition-based monitoring by enabling early fault 
detection, providing interpretable degradation patterns, and 
supporting maintenance prioritization. These stages are 
summarized in Figure 1 and described sequentially within 
this section. 

The initial stage (Degradation Design) defines the physical 
setup and control strategy required to enable structured data 
generation for degradation monitoring. the proposed 
approach follows a physics-informed strategy in which 
degradation is deliberately induced based on known failure 
mechanisms. This enables the definition of targeted design 
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parameters, which are then actively manipulated to simulate 
the onset and progression of component-level degradation. 
Relevant operational and environmental variables – such as 
flow conditions and temperature profiles – are systematically 
varied to reflect their effect on system behavior under 
different degradation levels. To support learning of 
meaningful and generalizable patterns, the degradation 
process is designed to be reproducible and clearly structured.  
Healthy and degraded states are separated based on 
observable system responses, enabling consistent labeling 
and robust model training. This setup forms the basis for 
interpretable, condition-based diagnostics in the subsequent 
stages. 

The following stage 2 (Data Generation) aims to generate 
structured, labeled datasets that capture system behavior 
under defined degradation conditions. To achieve this, the 
experimental setup must be equipped with domain-relevant 
sensors for measuring variables such as temperature, 
pressure, and flow rate. This ensures accurate and repeatable 
acquisition of key system variables. These variables should 
be selected in consultation with domain experts to ensure they 
capture both degradation-relevant influences and observable 
effects. Each operating scenario is labeled based on 
experimentally defined degradation levels that produce 
observable shifts in thermal and hydraulic system response, 
thereby ensuring physically grounded class boundaries. The 
controlled environment reduces confounding effects 
typically present in field data, such as ambiguous boundary 
conditions. To support balanced learning, class distributions 
must be actively shaped to provide sufficient representation 
of all degradation levels. The resulting dataset is then 
preprocessed into a standardized format, including systematic 
labeling, handling of missing values, and verification of class 
balance. By linking controlled degradation states to 
measurable system responses, this stage establishes a robust 
foundation for supervised model training and subsequent 
interpretability in condition-based monitoring applications. 

The objective of Stage 3 (Model Development) is to convert 
the labeled dataset into a predictive model capable of 
detecting component-level degradation. The modeling 
procedure is designed to ensure both high predictive 
performance and interpretability, thereby supporting 
integration into condition-based monitoring frameworks. The 
process begins with the selection of an appropriate machine 
learning algorithm. Following algorithm selection, the 
training is performed using k-fold cross-validation to assess 
generalization across varying operating conditions. 

A successful training procedure is characterized by stable 
validation performance and low inter-fold variance, 
indicating that the model captures consistent degradation 
patterns across varying validation splits. Upon completion of 
this stage, the approach proceeds to model evaluation and 
interpretability – establishing links between predictive 
outputs and physically meaningful system behavior. 

The fourth stage (Evaluation and Interpretability) assesses the 
model’s predictive performance and ensures that its outputs 
can be meaningfully interpreted in the context of system 
behavior. Evaluation begins with standard performance 
metrics such as precision–recall, which quantify the model’s 
ability to distinguish between healthy and degraded states - 
including early-stage faults. To further assess practical 
usefulness, cumulative gain and lift analyses are applied. 
These metrics evaluate how well the model can prioritize 
systems at highest risk, enabling targeted maintenance 
strategies based on ranked predictions. Beyond predictive 
performance, model interpretability is explicitly addressed. 
Feature importance measures – such as Gini impurity–based 
importance or Shapley values – are computed to identify 
which input variables drive the model’s decisions. These 
results are then examined in relation to known physical 
system behavior, enabling validation of the learned patterns 
from an engineering perspective. This step ensures that the 
model does not function as a black box but provides 
transparent and physically meaningful diagnostics. Together, 

Figure 1. Overview of the proposed hybrid approach for component-level degradation detection and monitoring. The 
workflow illustrates the four-stage process linking controlled degradation design, structured data generation, model 

development, and interpretable evaluation. 
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performance evaluation and interpretability assessment 
establish the model’s suitability for reliable condition-based 
monitoring and informed maintenance decision support. 

The following section applies the described approach to a 
residential heat pump system, focusing on plate heat 
exchanger degradation as a representative use case. The case 
study demonstrates the practical implementation of the 
modeling stages and provides empirical evaluation of the 
proposed approach. 

4. PLATE HEAT EXCHANGER CASE STUDY 

To demonstrate the practical implementation and validation 
of the proposed approach, this section applies it to a plate heat 
exchanger (PHE) within a residential heat pump system. The 
component is prioritized through a prior assessment 
framework (Qarqour et al., 2025) and selected due to its 
relevance for hybrid reliability modeling. The subsequent 
sections present the systematic application of the approach, 
progressing from system characterization and degradation 
design to model development and interpretation. This use 
case demonstrates how experimentally derived knowledge 
can be translated into reliable prognostics and interpretable 
diagnostics suitable for field deployment. 

4.1. System Context 

The investigated use case involves a residential air-to-water 
heat pump system installed in an outdoor environment and 
tasked with providing space heating and domestic hot water. 
The system is integrated into a building infrastructure that 
includes hydronic distribution, domestic water storage, and 
user-specific thermal demands. Its operation is influenced by 
dynamic external factors such as ambient temperature 
fluctuations, water chemistry, installation quality, and 
building-specific usage profiles (Qarqour et al., 2024). The 
core system consists of several interacting components and 
functional modules, including a PHE that serves as the 
condenser. The PHE facilitates thermal energy transfer from 
the refrigerant loop to the water circuit, and its performance 
is critical for achieving the desired heating output and overall 
system efficiency. Given its exposure to variable flow rates, 
fluctuating return temperatures, and long-term water-side 
interactions, the PHE is particularly vulnerable to 
degradation mechanisms such as fouling and scaling 
(Kapustenko et al., 2023). 

To support efficient operation and enable basic fault 
detection, the system is equipped with a range of sensors 
distributed across the refrigerant and water circuits, as well 
as the surrounding environment (Brudermueller et al., 2025). 
These include pressure and temperature sensors distributed 
along the refrigerant circuit (e.g., compressor suction line, 
condenser inlet and outlet), as well as pressure and flow 
sensors on the water side and ambient air temperature 
sensors. The collected measurements are continuously 
processed by the system controller to regulate setpoints, 

determine operating modes, and trigger safety protocols 
through predefined error codes (Qarqour et al., 2024). Sensor 
configurations and placements are sometimes adapted in the 
field to address site-specific issues or improve diagnostic 
coverage. However, the effects of degradation – such as 
scaling or partial blockage - do not manifest uniformly. 
Depending on its location and severity, degradation can 
influence multiple parameters across subsystems, leading to 
complex, nonlinear interactions. As a result, predefined error 
codes – typically designed for control and protection 
mechanisms rather than early fault diagnosis – are often 
insufficient for reliable detection. These challenges motivate 
modeling approaches that leverage system behavior and 
contextual sensor information to identify degradation 
patterns more effectively. The resulting data – spanning 
thermal, hydraulic, and operational variables – forms a high-
resolution stream that enables the development of advanced 
condition-based monitoring strategies. 

The following section corresponds to the first stage of the 
proposed approach for hybrid reliability model development. 
It outlines the experimental setup used to emulate PHE 
degradation under controlled conditions and generate 
representative data for model training. 

4.2. Experimental Setup 

This section demonstrates the implementation of Stage 1 
(Degradation Design) of the proposed approach, which 
focuses on replicating fault conditions in a controlled 
laboratory environment. In this use case, the objective is to 
simulate fouling-related contamination of the PHE, 
specifically on the water side of the component. In real-world 
installations, suspended particles originating from internal 
plumbing systems can accumulate on the plate surfaces over 
time, leading to a gradual reduction of the effective heat 
transfer area. The resulting fouling layer acts as an additional 
thermal resistance on the plate surface, limiting convective 
heat exchange between the fluid and the wall. As a result, the 
overall heat transfer performance of the exchanger decreases, 
impairing energy transfer between the refrigerant loop and 
the water circuit. 

In addition to increased thermal resistance, fouling can also 
alter the flow behavior within the PHE. To emulate these 
coupled degradation effects in a controlled and repeatable 
manner, the experimental setup focuses on reproducing the 
contamination-induced reduction in effective flow and heat-
transfer area. To achieve this, a sleeve is inserted at the water 
inlet of the PHE to create restricted flow distribution across 
defined portions of the internal plate structure. Different 
sleeve lengths are used to generate predefined degradation 
configurations with progressively reduced active plate 
participation. The experimental design includes three 
degradation levels, defined in consultation with domain 
experts: a clean reference case (0% blockage), a moderately 
contaminated state (approximately 50 % blockage), and a 
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severely contaminated state (approximately 75% blockage). 
These states are selected based on observed effects on flow 
rate and thermal behavior and physically correspond to 
reduced active plate area inside the exchanger. The principle 
of this degradation emulation is illustrated in Figure 2, which 
shows the sleeve position within the flow path and the 
resulting reduction of the active water-side flow area in the 
PHE. The exchanger operates in a counterflow arrangement 
between the water and refrigerant liquid. While the setup 
does not directly reproduce microscopic fouling layer 
formation on the plate surfaces, it emulates the resulting 
thermohydraulic effects associated with contamination-
induced flow restriction and reduced effective heat-transfer 
utilization. 

To ensure that degradation effects could be isolated from 
external influences, all three contamination states are tested 
under identical environmental and operational conditions. 
These include a standardized heating curve, a fixed domestic 
hot water draw profile, and outdoor temperature variations d 
erived from a DIN-standard annual profile. This setup allows 
each experiment to simulate a full seasonal cycle (spring, 
summer, autumn, winter) while maintaining consistent 
external load factors across all system states. Each 
contamination state is operated for the same duration to 
ensure comparability and balanced data generation across 
classes. The result is a physically meaningful degradation 
scenario with clearly separable system behavior, forming the 
foundation for the subsequent data generation stage. The 
system is installed in a programmable climate chamber and 
operated using a hardware-in-the-loop setup to ensure 
reproducible execution of temperature and load profiles. 

The effectiveness of the simulated fouling is confirmed by 
consistent shifts in system behavior across degradation states. 
Specifically, compressor start frequency, heating cycle 
duration, and pump energy consumption all increased 
progressively from the healthy to the severely contaminated 
condition. These trends align with physical expectations – 
reduced heat transfer through the PHE increases thermal 
resistance, requiring longer and more frequent operation to 
meet setpoints, and demanding higher flow effort from the 
water-side pump. Figure 3 illustrates these effects in a 
comparative bar chart, highlighting the average values of 

selected parameters across the three states. These results are 
reviewed and validated by domain experts, who confirmed 
the physical plausibility of the trends and their diagnostic 
relevance.  

4.3. Collected Dataset 

This section corresponds to Stage 2 (Data Generation) of the 
proposed approach. Based on the experimental design in 
Stage 1, a labeled dataset is generated to represent three 
system states: healthy, moderately contaminated, and 
severely contaminated. The heat pump system is operated in 
a climate chamber across a simulated annual cycle (spring, 
summer, autumn, winter) for each contamination level, 
ensuring a balanced and representative data distribution. 
Sensor data is recorded at 0.03 Hz (5 samples per minute), 
capturing thermal, hydraulic, and operational dynamics. 

In total, the experiment yields approximately 45,000 samples, 
approximately equally distributed across the three system 
states to avoid class imbalance during model training and to 
enable controlled comparison of physically interpretable 
degradation patterns across the defined contamination levels. 

Figure 4 illustrates the refrigerant and water circuits of the 
heat pump system, which interact through the PHE as the 
thermodynamic interface between both domains, together 
with the distribution of the integrated sensor system across 
these circuits. The dataset includes readings from 
temperature sensors (e.g., refrigerant inlet/outlet of the PHE, 
water supply/return), pressure sensors on both sides, and flow 
meters on the water loop. Additional sensors monitored 
ambient air temperature and key operating signals from the 
controller. This high-resolution multi-domain data captures 
the complex system response to degradation and forms the 
foundation for robust classification. 

Figure 3. Normalized pump energy consumption across the 
three contamination levels (0%, 50%, and 75% blockage), 

showing the average values measured during the 
experiments. 

 

Figure 2. Schematic representation of the plate heat 
exchanger (PHE) blockage setup illustrating the sleeve 

position at the water inlet and the resulting reduction of the 
active flow area. 
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To ensure data quality, a standardized preprocessing 
procedure is applied. This includes time alignment of multi-
sensor streams and removal of corrupted or missing entries. 
High-frequency sensor fluctuations, arising from 
measurement resolution and control dynamics, are smoothed 
using a moving average filter. Short signal gaps result from 
the BUS-based data transmission logic, where values are 
updated only upon change. These gaps are imputed using a 
zero-order hold strategy. Longer gaps are excluded to avoid 
introducing bias. Importantly, no normalization or scaling is 
performed. The selected features represent physically 
meaningful system variables with consistent measurement 
units and comparable operating ranges, such that preserving 
their original scale does not distort the inherent data structure. 
Retaining physical units supports interpretability and 
consistency with domain expertise. The resulting dataset 
maintains the temporal resolution and operational variability 
required for reliable degradation detection. 

4.4. Model Training and Performance  

To implement Stage 3 (Model Development) of the proposed 
approach, a supervised learning model is developed to detect 
and classify the degradation state of the PHE. The modeling 
task is framed as a multiclass classification problem, 
assigning each system instance to one of the three discrete 
classes: healthy, moderately contaminated, or severely 
contaminated. This structure is enabled by fully labeled 
experimental data, generated under controlled conditions 
with clearly defined physical criteria for each degradation 
level. Given the discrete definition of the degradation states 
in the experimental setup, classification is selected over 
regression. A continuous degradation index is not pursued, as 
the laboratory design does not provide a physically 
measurable continuous degradation variable. Instead, the 
objective was to generate interpretable condition labels that 
align with practical maintenance decision categories. 

To identify the most suitable algorithm, a diverse set of 
classification models is evaluated. These included linear 
models (Logistic Regression), kernel-based models (Support 
Vector Classifier, Naive Bayes), and tree-based models 
(Decision Tree, Random Forest, Light Gradient Boosting 
Machine), selected as widely adopted and representative 
implementations of their respective learning paradigms. This 
range of models is chosen to cover fundamentally different 
model assumptions, each offering distinct capabilities in 
handling nonlinearity, feature interactions, and 
interpretability. All models are trained on the same 
preprocessed dataset derived from the controlled degradation 
experiments, ensuring consistent feature distributions and 
balanced class representation. A stratified five-fold cross-
validation scheme is employed to obtain robust 
generalization estimates, with each sample used once for 
validation and class proportions preserved across folds. To 
benchmark classification performance, receiver operating 
characteristic (ROC) curves are generated for each model, 
serving as a robust tool for identifying the most effective 
model. 

To rigorously evaluate model performance and select the 
most suitable algorithm, multiple complementary metrics are 
employed: AUC, balanced accuracy, F1 score, and average 
precision. AUC served as the primary indicator of 
discriminative ability across the three degradation classes, 
capturing the trade-off between true and false positive rates. 
Balanced accuracy ensured fair assessment under class 
imbalance, while the F1 score reflected the trade-off between 
precision and recall. Average precision provides insight into 
the model’s reliability in detecting rare fault cases. Model 
validation is conducted using stratified five-fold cross-
validation, preserving class proportions within each fold to 

Figure 5. ROC curves of the evaluated classification 
models for multiclass degradation detection. Tree-based 

models achieve higher AUC values compared to linear and 
kernel-based approaches, with the Random Forest classifier 

exhibiting the steepest curve. 
 

Figure 4. Simplified schematic of the heat pump system 
indicating the refrigerant and water circuits and the 

locations of the temperature (T), pressure (P), and flow (F) 
sensors used for data acquisition. 

 



ANNUAL CONFERENCE OF THE PROGNOSTICS AND HEALTH MANAGEMENT SOCIETY 2026 

8 

ensure comparability. Performance metrics exhibit high 
consistency across folds, with variation below 1% – 
underscoring the robustness of the evaluation procedure. 
Based on these outcomes, model comparison is further 
supported by ROC curve analysis using the same labeled 
dataset from the controlled degradation experiments. As 
shown in Figure 5, tree-based models outperform linear and 
kernel-based approaches due to two main characteristics of 
the system: nonlinear feature interactions and the presence of 
distinct operating regimes within the feature space. Linear 
models impose a single global decision boundary and 
therefore cannot adequately represent coupled thermal-
hydraulic interactions. Kernel-based models capture 
nonlinearities through global transformations of the input 
space but still rely on a unified decision structure. In contrast, 
tree-based models recursively partition the feature space and 
learn localized, regime-specific decision rules, which better 
reflect the heterogeneous operating behavior of the heat 
pump system. Among them, the Random Forest classifier 
achieves the steepest ROC curve and highest AUC (~0.98), 
along with an F1 score of 0.95 – making it the final model 
selected for downstream reliability diagnostics. The selected 
Random Forest model consists of an ensemble of 200 
decision trees trained on bootstrapped subsets of the training 
data. Final class predictions are obtained by aggregating the 
tree-level votes, which improves robustness against 
overfitting and supports reliable multiclass classification 
across heterogeneous operating conditions.  

4.5. Interpretation and Field Relevance 

To evaluate the model’s suitability for field deployment, the 
precision–recall performance is analyzed for both 
degradation classes. These metrics are particularly relevant in 
maintenance applications, where high precision minimizes 
false alarms, and high recall enables early and reliable fault 
detection. This trade-off directly influences the effectiveness 
of condition-based service strategies. As shown in Figure 6, 
the Random Forest achieves an average precision (AP) of 
0.96 for severe contamination, maintaining stable precision 
up to approximately 90 % recall. The slight drop beyond this 
point reflects the model’s effort to capture borderline cases. 
For moderate contamination, the AP reaches 0.97 with 
similarly consistent behavior. Together, these results confirm 
the model’s ability to detect faults accurately at early stages, 
supporting reliable condition-based maintenance in practical 
deployments. To further assess the model’s utility for field 
deployment, cumulative gain and lift charts are evaluated. 
These metrics show how well the model ranks faulty systems, 
which is essential for prioritizing inspections under resource 
constraints.  

As shown in Figure 7, inspecting the top 20 % of ranked 
instances captures around 80 % of severely contaminated 
systems. This is 4× improvement over random selection. A 
similar effect is observed for moderately contaminated cases. 
Most faults are concentrated in the top prediction band. These 

results confirm that the model supports targeted inspection 
and early intervention. This enables more efficient resource 
allocation and improves the effectiveness of condition-based 
maintenance. 

To interpret the model’s decision logic and assess its 
operational relevance, the feature importance is analyzed 
using the Gini impurity index from the Random Forest 
classifier. Feature importance is quantified based on the mean 
decrease in impurity, reflecting how strongly each variable 
contributes to reducing class uncertainty across the decision 
trees. Results show that refrigerant-side variables – 
particularly the PHE outlet temperature – provide the highest 
discriminative contribution for predicting degradation states 
within the controlled experimental setup. Water-side 
parameters such as flow rate and pressure also contribute to 
degradation detection, indicating that degradation effects are 
reflected across both hydraulic and thermodynamic system 
behavior. The observed relevance of refrigerant-side 
variables suggests that contamination-induced changes in 
heat-transfer behavior can provide complementary diagnostic 

PR Curve (Random Forest) — Severely Contaminated | AP = 0.96

Recall

Pr
ec

isi
on

PR Curve (Random Forest) — Moderately Contaminated | AP = 0.97

Recall
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Figure 6. Precision–recall curves of the Random Forest 
classifier for moderate and severe contamination classes. 
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information beyond conventional water-side measurements 
alone. These findings are validated through expert feedback: 
technicians note that current diagnostics tend to focus on 
water side measurements and welcome the identification of 
previously overlooked indicators with higher diagnostic 
value. To support practical deployment, association rule 
analysis is applied to the trained model, yielding simple if–
then patterns that consistently signal degradation. These 
interpretable rules provide a transparent, low-complexity 
interface between advanced modeling outputs and existing 
monitoring infrastructure. This enables more reliable, data-
driven fault detection in the field.  

5. DISCUSSION AND FUTURE WORK 

The results indicate that physically defined degradation 
mechanisms can be systematically translated into 
interpretable diagnostic models. This is achieved by 
embedding domain knowledge at the data generation stage 
through controlled and reproducible degradation scenarios, 
which establish clearly defined system states. These 
structured degradation regimes allow supervised learning to 

capture patterns that are directly linked to known physical 
mechanisms. This structural consistency is reinforced by the 
staged design of the approach – from degradation design to 
evaluation and interpretability – ensures traceability between 
physical cause, observed system response, and diagnostic 
output. In this way, the approach addresses a central 
challenge in condition monitoring: aligning predictive 
performance with engineering interpretability and domain 
validation. 

The observed performance patterns suggest that the 
controlled degradation design generates structurally distinct 
and physically meaningful operating regimes. Although the 
degradation is introduced through the water-side flow path, 
its effect propagates through the coupled thermodynamic 
interaction between the water and refrigerant circuits inside 
the PHE. As a result, refrigerant-side variables become 
highly sensitive indicators of altered heat-transfer behavior 
and contribute strongly to degradation-state discrimination 
within the controlled experimental setup. The experimentally 
defined degradation states represent controlled reductions in 
active plate participation induced through the sleeve-based 
flow restriction described in Section 4.2, rather than direct 
percentages of real fouling coverage across the full PHE 
surface. As illustrated by the progressive shifts in compressor 
behavior, pump energy consumption, and heating-cycle 
characteristics shown in Figure 3, these laboratory-defined 
operating regimes were intentionally selected to generate 
physically separable and diagnostically interpretable system 
responses under reproducible laboratory conditions. This 
does not imply that hydraulic variables are irrelevant for 
degradation detection. Instead, the results indicate that 
refrigerant-side measurements provide complementary 
diagnostic information beyond conventional hydraulic 
indicators such as flow rate or pressure. This observation 
contrasts with conventional diagnostic practices, which 
typically emphasize water-side measurements alone. The 
results therefore highlight the diagnostic value of integrating 
refrigerant-side measurements for earlier and more reliable 
detection of contamination-related degradation due to their 
strong sensitivity to altered heat-transfer behavior. This 
interpretation is further supported by the stable precision–
recall behavior, which indicates the presence of well-
separated degradation states rather than marginally 
overlapping states. As a result, detection thresholds can be 
adjusted according to operational priorities without an abrupt 
loss of reliability. This flexibility is particularly relevant for 
balancing early fault identification against unnecessary 
service interventions. In practical deployments, intervention 
thresholds would likely be calibrated at earlier degradation 
stages according to operational and maintenance 
requirements. In addition, the pronounced lift performance 
indicates that degradation risk can be concentrated within a 
limited subset of systems, enabling prioritized inspection and 
structured maintenance planning across large populations of 
installed systems. 

Figure 7. Cumulative gains curves of the Random Forest 
classifier for the severe and moderate contamination classes, 
showing the fraction of detected faults as a function of the 

inspected sample fraction. 
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These findings have direct implications for the design of 
condition-based monitoring strategies in residential heat 
pump systems. The ability to detect early-stage fouling 
enables maintenance actions to be initiated before severe 
efficiency losses or system interruptions occur. Beyond 
individual fault detection, the integration of risk-based 
ranking supports structured maintenance planning across 
distributed installations where routine inspection is not 
feasible. The use of interpretable features and rule-based 
explanations further facilitates transparent fault 
communication and supports integration into existing service 
workflows. In contrast to conventional diagnostics that rely 
primarily on static thresholds or isolated water-side 
indicators, the demonstrated relevance of refrigerant-side 
variables suggests a shift toward behavior-based and 
physically informed monitoring concepts. This shift also has 
implications for monitoring system design, indicating that 
thermodynamic indicators from the refrigerant circuit should 
be considered alongside conventional hydraulic 
measurements when developing sensor strategies for heat 
pump diagnostics. At the same time, real field installations 
are expected to be dominated by healthy operating 
conditions. Therefore, the balanced dataset used in this study 
should be interpreted as a controlled basis for learning 
physically separable degradation patterns rather than as a 
direct representation of field class distributions. In practical 
deployment, these diagnostic patterns could support broader 
monitoring workflows in which non-normal operating 
behavior is first identified before detailed degradation 
classification and maintenance prioritization are applied. 

Beyond the specific use case of the plate heat exchanger, the 
proposed approach demonstrates high potential for 
generalization across other degradation-prone components. 
Overall, the results demonstrate that physics-informed data 
generation under controlled operating conditions can support 
the development of interpretable supervised diagnostic 
models even in settings with limited real-world failure data. 
The generalizability of the approach lies less in transferring a 
specific trained model and more in transferring the structured 
approach used to derive physically interpretable diagnostic 
relationships from controlled degradation behavior. Core 
transferable elements include physically motivated 
degradation design, controlled generation of labeled 
operating regimes, integration of domain knowledge into data 
generation, and interpretable evaluation of sensor-response 
relationships. Key prerequisites include access to 
interpretable sensor signals, the ability to define degradation-
relevant control parameters, and sufficient labeling through 
experimental or historical data. These conditions are 
particularly relevant in residential and industrial heating, 
ventilation, and air conditioning (HVAC) applications, where 
components like circulation pumps, filters, or expansion 
valves exhibit similarly observable degradation dynamics. In 
addition, the approach offers transferable value to other 
domains with physics-governed degradation processes. The 

use of physics-informed training data improves 
transferability by embedding real-world operational behavior 
into the learning process, allowing the resulting models to 
maintain diagnostic relevance even under varying field 
conditions. 

While the approach shows promising results, it is important 
to recognize several underlying limitations. First, the 
degradation scenarios are simulated under controlled 
laboratory conditions. While this ensures interpretability and 
reproducibility, it may not fully capture the variability and 
measurement-related disturbances present in real-world 
systems, including sensor drift, installation-dependent flow 
imbalances, and irregular user-driven load profiles. 
Moreover, while certain degradation processes – such as 
contamination in the plate heat exchanger – can be 
deliberately induced and monitored until failure, others 
cannot be easily simulated or may not exhibit clear 
observable transitions. This limits the approach’s direct 
applicability to components with accessible and controllable 
fault mechanisms. Second, the approach relies on domain 
knowledge to define degradation thresholds and relevant 
features, which introduces expert bias and limits automation. 
Third, although Random Forest proved effective in this 
context, the approach does not yet incorporate temporal 
dynamics or explicitly model gradual degradation trends, 
which may be essential for long-term reliability forecasting. 
Future work should therefore investigate data-driven 
approaches based on field data to capture time-dependent 
degradation behavior under real operating conditions. Such 
models could characterize degradation trajectories over time 
and support component-level reliability assessment, 
including risk evolution and potential remaining useful life 
(RUL) estimation. In addition, this data-driven perspective is 
particularly relevant for components whose degradation 
mechanisms cannot be reproducibly induced or clearly 
labeled in controlled laboratory experiments. Finally, beyond 
these modeling aspects, current interpretability relies on 
global importance measures and association rules, which may 
overlook instance-specific effects. Addressing these 
limitations through field deployment, integration of time-
series models, local interpretability techniques, and 
investigation of embedded AI deployment constraints offers 
promising directions for future research. 

6. CONCLUSION 

This work establishes an approach that combines physically 
grounded degradation design with data-driven modeling to 
enable interpretable component-level diagnostics in 
residential heat pump systems. Applied to a plate heat 
exchanger as a representative use case, the approach 
integrates controlled degradation design, physics-informed 
data generation, and supervised machine learning to support 
condition-based monitoring. Each stage of the approach is 
designed to maintain alignment with physical system 
behavior, enabling the generation of structured, interpretable 
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data and the training of robust classifiers. The approach 
demonstrates that meaningful degradation patterns can be 
learned from operationally relevant signals and translated 
into actionable diagnostic insights. Feature importance 
analysis and association rules provide insights into 
underlying mechanisms and informed sensor placement and 
fault prioritization strategies. The approach’s ability to 
support early detection, targeted inspection, and transparent 
decision-making makes it well-suited for real-world 
deployment. While developed for the PHE, the approach is 
generalizable to other critical components in residential or 
industrial systems. Its structured design, grounded in both 
engineering knowledge and data-driven modeling, offers a 
scalable pathway toward predictive reliability diagnostics 
across domains. 
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