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Fault Detection and Diagnosis (FDD) in District Heating (DH) systems is vital for improving operational
efficiency. As DH networks evolve towards Fourth-Generation District Heating (4GDH), their reliance on lower
operational temperatures intensifies the need for robust FDD. However, implementing effective FDD faces
challenges due to the lack of labelled fault data and the complexity of DH substations. This paper introduces
a novel FDD methodology using Transfer Learning (TL) to bridge the gap between faulty bearings, controlled
DH substation experiments and real-world operational data. We propose a fault signature method that aligns
the data to reduce the domain gap, revealing similarities between faulty bearings’ vibration patterns and
AT readings in DH substations. The TL-enhanced models demonstrated robust performance, achieving F1
scores up to 98% on lab data and 91% on real-world operational data, respectively. These results mark a
notable advancement in FDD of DH substations, as our method offers accurate fault detection and valuable
insights across diverse operational contexts, ranging from valve issues, faulty sensors, wrong control strategies
and normal behaviour. Notably, temperature dynamics resemble behaviour akin to faulty bearing vibrations,
highlighting their potential as a critical indicator of a faulty substation, enabling more effective FDD in DH
systems.

1. Introduction

As global cities confront the pressing need to reduce greenhouse
gas emissions and transition towards sustainable energy systems, dis-
trict heating (DH) networks have emerged as a key technology for
delivering low-carbon thermal energy on a large scale. DH systems are
transforming into smart, demand-adaptive distributed energy grids, and
operating temperatures have fallen from roughly 180-200 °C (1GDH)
to 130-150 °C (2GDH) and 80-100 °C (3GDH) to a maximum of 60-70
°C (4GDH) for newer networks to minimise losses and integrate low-
grade renewables [1]. Therefore, DH systems are considered among the
most efficient energy systems for delivering thermal heat in densely
populated areas [2]. DH systems transport thermal energy from cen-
tralised production units through a network of insulated pipelines,
often incorporating renewable or recovered sources to enhance energy
efficiency and mitigate environmental impacts [3]. At each building,
a compact substation interface efficiently transfers and regulates heat

between the main network and the building heating circuit. Typically,
a substation consists of a combination of plate heat exchangers, cir-
culation pumps, valves, an array of temperature, flow, and pressure
sensors, and vendor-specific control systems. However, communica-
tion hardware often restricts data to hourly intervals, and control
logic can vary by network or from substation to substation. Moreover,
when the equipment ages unevenly, it leads to undocumented, ad-hoc
fixes over time. The coarse hourly sampling, undocumented hardware
heterogeneity and site-specific control idiosyncrasies make automatic,
data-driven substation monitoring extremely challenging.

As the complexity and scope of these networks grow, ensuring their
operational reliability becomes a critical concern [4]. Faults [5], such
as poorly tuned valves, faulty sensors, suboptimal control strategies,
or suboptimally designed or operated systems, can lead to elevated
return temperatures, wasting valuable energy, increased financial costs,
diminished reliability, and reduced integration potential with advanced
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Abbreviations

4GDH Fourth-Generation District Heating

AE Autoencoder

ARIMA Autoregressive Integrated Moving Average

CNN Convolutional Neural Network

DBA-DTW Dynamic Time Warping Barycentre Averag-
ing

DH District Heating

DL Deep Learning

DTS Deviating Temperature Sensor

DTW Dynamic Time Warping

FDD Fault Detection and Diagnosis

HHC High Heat Curve

IF Isolation Forests

LSL Large Secondary Leakage

LSTM Long Short-Term Memory

ML Machine Learning

MVL Minor Valve Leak

OCSVM One Class Support Vector Machines

OCSVM++ Our enhanced OCSVM model with domain
adaptation

OoCVv Oversized Control Valve

PdM Predictive Maintenance

SV Stuck Valve

TL Transfer Learning

VAE Variational Autoencoder

VL Valve Leak

WSP Wrong Sensor Placement

low-temperature networks [6,7]. For instance, a large sub-optimal sub-
station can incur up to 100,000 euros per year in additional pumping
power [8]. Previous works [6,9] indicate that between 43%-75% of the
tested substations and secondary systems perform sub-optimally due
to faults, while in Copenhagen it is estimated to be over 50% [10].
A survey [5] has shown that the topic of Fault Detection and Diagnosis
(FDD) is gaining popularity. Out of 56 participating utilities, 50 stated
that they performed some form of analysis on customer data to de-
tect deviating installation behaviours. Most utilities currently identify
faults during service visits to their customers’ installations. While some
utilities employ methods primarily based on the analysis of individual
customer installations, e.g., using threshold methods [11], most utilities
perform this analysis manually. Therefore, a significant portion of faults
remains undetected and persists for an extended period. This challenge
becomes more apparent as the DH sector transitions to 4GDH sys-
tems. These systems operate at lower temperatures, facilitating better
integration with renewable energy sources and enhanced flexibility to
meet future energy grid demands [12,13]. While these DH generations
promise greener and more adaptive infrastructures, they also narrow
the margin for error, intensifying the need for effective FDD techniques.

Nevertheless, recent developments in smart heat metering offer
opportunities for data-driven FDD [14] and predictive maintenance
(PdM) [15]. Automatic FDD can reduce customer energy use by as
much as 14% [16]. Furthermore, FDD and PdM strategies are more
cost-effective and less disruptive than traditional (annual) maintenance
audits [6,17]. Smart heat meters in DH substations typically log supply-
and return temperatures, accumulated volume, flow rates, and accu-
mulated energy at hourly intervals via commercial metering solutions
(e.g., Kamstrup Multical, Landis+Gyr E450) and SCADA controllers
(e.g., Siemens QVD). While this leads to more open datasets [18],
the granularity, which is sufficient for billing and general monitoring,
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complicates accurate fault detection, which requires higher resolution
data [19]. Most FDD methods in DH rely on hourly trained models,
such as using Autoregressive Integrated Moving Average (ARIMA) for
forecasting and anomaly detection [14]. However, such models may
suffer from baseline contamination, whereby undiagnosed faults in the
training data become integrated into the learned pattern, reducing
sensitivity to actual anomalies. Additionally, traditional Gaussian-based
fault detection models often fail in real-world scenarios, e.g., heavy tails
and non-linearities, motivating the development of more advanced and
robust methods [20]. Moreover, lacking labelled and high-frequency
data hinders the advancement of robust FDD and PdM solutions [21].
Fortunately, studies aim to address the issue of data collection practices
in DH systems [22,23]. Nevertheless, without consistent, high-quality
labelled datasets, it is difficult to train and validate algorithms capable
of generalising the diversity of equipment, network configurations, or
end-user consumption patterns for accurate FDD. Moreover, the com-
plexity of the impact of faults, which may vary widely across different
substations and contexts, further undermines the direct transfer of
knowledge from one scenario to another.

In response, we propose a novel approach that uses Transfer Learn-
ing (TL) to bridge the gap between controlled lab experiments and the
complexities of real-world DH substations. TL has proven effective in
numerous fields for mitigating data scarcity and domain adaptation
challenges [24]. We use lab-generated data from an experimental setup
built at the VITO/EnergyVille! Thermo-Technical Laboratory in Genk,
Belgium [25]. to identify and learn ground-truth fault patterns of a
DH substation. Interestingly, we observe trends in vibration patterns
from faulty bearings similar to the return or AT readings of substations.
To capitalise on this similarity, we enhance our models with TL to
perform fault detection and link these patterns, from faulty bearings,
fine-tuned by controlled lab experiments, to real-world operational
substations. This study also proposes a novel fault signature generation
method designed to encapsulate daily substation operational patterns
over specified time frames, thereby mitigating the domain discrepancy
between fault characteristics in bearings and DH substations.

The main contributions of this work are:

» We propose a TL framework for fault detection in DH substa-
tions, leveraging labelled vibration data from faulty bearings and
fine-tuning on lab-emulated DH faults.

» We propose a novel daily-signature generation pipeline to min-
imise the domain gap between mechanical vibrations and high-
lighting temperature dynamics.

+ We demonstrate that the differenced temperature differentials
(4T) and return temperatures (7,) of faulty substations exhibit
vibration-like, high-variance fault signatures akin to faulty bear-
ing vibrations, justifying cross-domain feature learning.

+ Our TL-enhanced models achieve F1 scores up to 98% on unseen
lab emulation data and 91% on independent real-world substation
data, showcasing excellent performance and generalisation.

The remainder of this paper is organised as follows: Section 2
reviews relevant advances in DH FDD and TL, Section 3 describes
the data acquisition process and provides a brief overview of the
laboratory emulations, Section 4 details our methodology for imple-
menting TL-driven FDD solutions, Section 5 presents our experimental
setup including training protocol and performance evaluation metrics,
Section 6 presents our results and discusses their implications, and we
conclude with insights from our experiments in Section 7.

1 A research facility focused on sustainable energy system development
(https://energyville.be).
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2. Related work

In recent years, Deep learning (DL) has significantly advanced
FDD [26-30]. These models excel in capturing the complex, non-
linear patterns inherent in real-world engineering systems, effectively
modelling sophisticated relationships that traditional methods often
fail to capture. Of particular relevance to fault detection is the Au-
toencoder (AE), a type of neural network that is particularly adept at
semi-supervised learning, allowing it to detect anomalies by learning
compressed representations of input data [31].

Traditional shallow ML models are presently the primary contribu-
tors to FDD in DH systems [14]. Consequently, studies are addressing
the data scarcity [32]. For instance, a study in [25] details a sys-
tematic method for generating data from a lab-based DH substation
emulations and evaluates the performance of common ML models,
such as an One-Class Support Vector Machine (OCSVM) and Isolation
Forest (IF). These models achieved F1 scores of 0.74 and 0.85 on a
controlled laboratory-generated dataset, respectively. Although these
models provide a baseline for fault detection, they often face challenges
in handling complex non-linear patterns and adapting to the diverse
operational contexts typically encountered in real-world DH scenarios.

To address these limitations and the challenge of limited labelled
data, Transfer Learning (TL) presents a compelling solution by lever-
aging knowledge transfer from related domains to improve model
performance [24,33]. Comprehensive reviews by Chen et al. [34] and
Li et al. [35] emphasise the potential of TL to enhance FDD by improv-
ing model adaptability across different domains. These works explore
key TL frameworks, including knowledge calibration, joint distribu-
tion adaptation, and deep adaptation networks, which are particularly
relevant for addressing the challenges of generalisation and domain
variability.

The application of TL and AE techniques for FDD tasks, however,
remains an underexplored area within the domain of DH [14]. Chavan
et al. [36] proposed a TL methodology for FDD applied to building
services and DH systems, while Wang et al. [37] introduced layer
transfer and merged transfer models for thermal load prediction in
DH substations using TL techniques. Vallee et al. [38] developed a
synthetic dataset to enhance FDD in DH systems, evaluating multiple
models and highlighting the potential for model transfer via TL. The
AE method has recently been employed, as seen in [39], where the
authors proposed a hybrid anomaly detection method that combines a
physical model with a Long Short-Term Memory (LSTM)-based Varia-
tional Autoencoder (VAE), comparing it to LSTM and LSTM-AE baseline
models. Similarly, Choi and Yoon [40] applied AE-driven FDD methods
to building automation systems, including DH systems. Hong et al. [41]
proposed a system-level virtual sensing method using AE to improve
sensing accuracy and address sensor absences in DH systems. Shahid
et al. [42,43] employed LSTM-VAE and Convolutional Neural Network
(CNN)-LSTM AE for anomaly detection in DH consumption in school
buildings.

AE-driven FDD research is more prevalent in other domains such
as electrical systems [44-47], telecommunications [48,49], and the
automotive domain [50-56]. The latter domain, particularly faulty
bearings, represents an established FDD domain with abundant la-
belled data, such as [57], which provides an opportunity to transfer
knowledge to FDD in DH. While deep models (AEs, VAEs, LSTM-
AEs) and TL approaches have each shown promise for FDD in various
domains, their joint application to real-world DH systems remains
underexplored. Moreover, prior DH studies had to rely on simulated
data due to labelled data scarcity, which can fail to capture field-level
noise and dynamics. Therefore, it remains an open question as to how
these proposed solutions would hold up in real-world operational sce-
narios. Additionally, while faulty-bearing datasets offer rich anomaly
signatures, as far as we are aware, no work has yet transferred that
knowledge to the DH FDD.
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It is important to recognise that moving from synthetic data gen-
erated by simulations to real-world applications involves significant
(domain-mismatch) challenges observed in [38,58]. While beneficial,
as large amounts of data can be generated in a short period, simulated
signals often omit the complex measurement noise, non-linear interac-
tions and unmodelled dynamics present in real DH networks. Moreover,
there may be discrepancies between optimal simulated sensors and
field-deployed equipment, which can degrade over time, introducing
additional bias. Simulated data can also have incomplete fault cover-
age, as it only captures a limited set. At the same time, operational
networks experience a diverse, overlapping, or simultaneously occur-
ring spectrum of faults, which complicates model generalisation. In
general, depending on the simulation, data can become too synthetic,
resulting in a domain shift. To address this, our work seeks to exploit
faulty bearing datasets to mitigate the scarcity of labelled data and
to leverage controlled lab emulations, a physical simulation and step
closer to reality, of DH substations to ease the generalisation process to
real-world DH systems. Specifically, we propose a novel TL framework
that leverages fault signatures from DH substations, integrating knowl-
edge from faulty bearing datasets and DH lab emulations to improve
fault detection in real-world DH systems, even when labelled data is
scarce.

3. Data acquisition process

To validate our proposed approach, we have used three different
datasets, namely:

1. Faulty Bearing dataset: This dataset is provided by the Bear-
ing Data Center at the Case Western Reserve University [57],
which serves as a key source for our proposed TL approach.
The dataset offers vibration data captured under various fault
conditions, including normal operations and single-point defects
in drive and fan-end bearings. Data collection was performed at
a standard sampling rate of 12,000 samples per second across
all experiments, with an additional dataset recorded at 48,000
samples per second for drive-end bearing tests, providing a
comprehensive basis for fault diagnosis analysis.

2. Lab DH substation dataset: We utilise experimental data from
DH substation lab emulations to train and validate our ML mod-
els. We provide a brief overview of the lab setup and data below,
for full details, we refer the reader to [25]. The experimental
setup, illustrated in Fig. 1, mimics a residential DH substation,
enabling the generation of realistic consumption data. The labo-
ratory skid represents the DH network, supplying the necessary
temperature approximately 80 °C and flow via a circulation
pump. Additionally, a bypass system ensures continuous wa-
ter circulation on the primary side during periods of no heat
demand.

The substation includes a heat exchanger, controllable valve,
and external controller for inducing faults. On the secondary
side, a pump circulates water to radiators in a climate chamber,
where a power profile controls heat demand. When the chamber
temperature drops below (21 °C), the pump activates, and the
primary valve opens to maintain the required secondary supply
temperature based on a heating curve aligned with outdoor
temperatures. We monitor temperatures, flow rates, and pressure
drops using calibrated PT100 sensors and electromagnetic flow
meters. To simplify control, radiators lack thermostatic valves.
Table 1 summarises our collected features.

We conducted six test scenarios: normal operation, Minor Valve
Leak (MVL), Valve Leak (VL), Stuck Valve (SV), High Heat
Curve (HHC), and Deviating Temperature Sensor (DTS). These
six fault scenarios were chosen according to three criteria: (i)
their frequency in field-survey studies; (ii) reproducibility in
our laboratory emulation; and (iii) their varying severity in
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Table 1

Time series data characteristics from the lab-simulated and real-world DH substations.
Feature Abbr. Type Description
Timestamp TS Datetime Recorded time of measurement
Primary supply temp. T, Continuous Temperature of primary supply line (°C)
Primary return temp. T, Continuous Temperature of primary return line (°C)
Primary flow Q Continuous Flow rate of primary circuit (L/min)
Outdoor temp. T, Continuous Ambient temperature outside the system (°C)
Secondary supply temp. T,, Continuous Temperature of secondary supply line (°C)
Secondary return temp. T,, Continuous Temperature of secondary return line (°C)
Secondary flow Q, Continuous Flow rate of secondary circuit (L/min)
Temp. difference A Continuous Difference between T, and 7, (°C)
Energy consumption E Continuous Total energy used by a substation (kWh)
Volume |4 Continuous Total volume of water circulated (m?)

thermal-signal impact from easily detectable (SV) to more sub- where T, is the primary supply temperature and 7, is the primary

N

tle deviations (MVL, HHC, and DTS). In particular, Mansson
et al. [5] report that these faults collectively account for many
real-world substation failures. These faults were induced un-
der identical outdoor temperature and heating demand profiles,
based on a typical Belgian winter. Outdoor temperatures (see
Fig. 2 for the temperature and heat demand profile) during a
typical Belgian winter can range from cold days (approximately
—5 °C) up to milder days (up to approximately 10 °C), which
provides a broad spectrum of thermal boundary conditions for
analysis. The fault dynamics were observed over a two-week
period, with data sampled every 10 s (resulting in 120.960
samples for each scenario per sensor measurement), allowing
for resampling to coarser intervals. Each scenario began with
an initialisation phase to reach a steady state, after which data
collection started. Upon completion of a fault test, the substation
was returned to its normal baseline operation and verified before
the same protocol was applied for the next fault scenario. All
experiments ran under identical boundary conditions throughout
the two-week test.

3. Real-world DH substation dataset: This dataset was collected
at 5 min intervals during January 2024, resulting in 8928 sam-
ples from 248 substations in a DH network (operating tempera-
tures of approximately 85 °C) in Shandong Province, China. We
selected this dataset through our collaboration with the local
DH utility, as DH datasets with fault annotations are excep-
tionally scarce and difficult to obtain, yet vital for progressing
data-driven FDD in DH. The dataset includes both primary and
secondary side data, along with geographic coordinates of the
substations. It is partially labelled, identifying fault types such
as HHC, Wrong Sensor Placement (WSP), Oversized Control
Valve (OCV), and Large Secondary Leakage (LSL), as well as
normal operational behaviour. Unique labels are assigned to
distinguish scenarios across different substations. For instance,
we labelled substations under normal operation as ‘normal’,
where ‘XX’ serves as a unique identifier for each substation
within the class. Similarly, fault scenarios such as ‘WSP01’ and
‘WSP02’ correspond to distinct substations with the WSP fault.
Notably, not all faults are observed in every substation, resulting
in an unequal distribution of class types. For instance, only three
substations exhibited the LSL fault, named ‘LSL01’, ‘LSL02’ and
‘LSLO3’, respectively, leaving ‘LSL04’ absent. This labelling struc-
ture ensures clarity and granularity for analysing and modelling
substation behaviour.

Return temperatures 7, are an important indicator of operational
efficiency and potential faults in DH substations [59]. T, (patterns) can
signal heat transfer inefficiencies or faulty components, making them
valuable for fault detection. Therefore, in this work, we analyse both
the return temperature signature (7,) and the temperature differen-
tial (47T) signature at a 15 min sampling frequency to improve fault
detection. (AT) is defined as:

AT =T, -T,, ™

return temperature. Higher AT values indicate a more efficient system
with better heat transfer performance. Furthermore, because our TL
pipeline is pre-trained on bearing vibration data, which only provides
temperature-analogous signals, we restrict our analysis to 7, and AT to
maintain a consistent feature space across source and target domains.

3.1. Pre-training rationale

Fig. 3 shows that bearing and DH fault signatures visually share
high-variance spikes in their stationary signals. To quantify this re-
semblance, we extracted the per-day variance in each domain and
computed summary metrics, such as mean and standard deviation, to
capture central tendency and spread, as well as kurtosis and skewness,
to characterise tail behaviour and asymmetry. We then applied three
non-parametric hypothesis tests: (i) the Kolmogorov-Smirnov test for
distributional shape, (ii) the Fligner—Killeen test for variance homo-
geneity, and (iii) the Mann-Whitney U test for differences in central
tendency. The detailed results are reported in Section 6.1 (Table 4).

4. Methods and model construction

This section outlines our methodology for fault detection in DH sub-
stations, focusing on capturing operational signatures to differentiate
between normal and faulty behaviour while minimising the domain gap
with faulty bearings (see Section 4.1). We incorporate TL to leverage
knowledge from the related faulty bearing domain and fine-tune using
DH lab-generated data. This combined approach aims to produce a
robust model that enhances detection accuracy while improving its gen-
eralisation and reliability for real-world DH systems (see Section 4.2)
in data-scarce scenarios.

4.1. Data preprocessing—fault signature generation-

The fault signatures serve two purposes. First, they aim to capture
the daily operational dynamics of substations over a defined period.
Importantly, our approach focuses on the relative behavioural changes
and temporal patterns in those dynamics, i.e., how signals evolve,
rather than on their absolute magnitudes, which makes the detection
robust to scale differences. Second, they help reduce the domain gap
between fault characteristics in faulty bearings and those in faulty
substations. Fig. 4 illustrates the process of creating a fault signature,
which comprises the following steps:

(a) Segmentation: The time series data from a substation is divided
into individual days over a specific period. Dataset 1 consisted
of 14 consecutive days, and Dataset 2 of 31 consecutive days,
respectively. This step enables the isolation of daily operational
patterns for analysis.
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Fig. 1. A schematic of the lab setup used for the DH substation emulation [25]. This setup was built at the VITO/EnergyVille Thermo-technical Laboratory in Genk, Belgium. The
figure is licensed under CC BY 4.0 License http://creativecommons.org/licenses/by/4.0/.
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Fig. 2. The temperature and heating demand profile used in the lab setup [25]. The figure is licensed under CC BY 4.0 License http://creativecommons.org/licenses/by/4.0/.

Bearing faults DH AT fault signatures

Standardised value

0 20 40 60 80 0 20 40 60 80
Sample index (1-96 per daily segment)
Fig. 3. Comparison of processed fault-signature time series in the bearing and DH domains. (a) The first five faulty bearing vibration segments. (b) The first five return temperature

differential (A7) segments from the lab DH substation emulation. Both series exhibit intermittent, high-variance excursions characteristic of fault events, illustrating the cross-domain
resemblance that motivates our TL approach.

(b) Standardisation: The segmented data is standardised using z- (d) Average Pattern: DBA-DTW generates a robust average pattern
score normalisation. This operation transforms the series to zero that represents consistent daily behaviour for the specified pe-
mean and unit variance to remove absolute scale differences, riod. This step effectively filters out noise, resulting in a more
enabling direct overlay of operational patterns across days, reliable fault signature.
whereas min-max (0-1) scaling would preserve relative am- (e) Differencing: We apply first-order differencing, Ap; = p, — p,_;, to
plitudes and thus retain differences in temperature magnitude. the daily signature p,. This operation transforms the series into

its dynamic component, i.e., the incremental changes, thereby
emphasising behavioural patterns driven by faults while sup-
pressing baseline offsets and slow trends [62].

Since our goal is to characterise dynamic behaviour (step-to-step
variations) rather than absolute temperature levels, z-score is

preferred.

(c) Alignment: Dynamic Time Warping Barycentre Averaging (DBA- The fault signature generation process builds upon our previous
DTW) [60], with a warp constraint (Sakoe-Chiba [61]), aligns work [25] but with a distinct objective. While the earlier method aimed
the daily patterns. This step prevents over-extension of the time to capture and demonstrate the impact of faults, our new approach
series and maintains meaningful temporal relationships. targets reducing the domain gap between faulty bearings and DH
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Fig. 4. Fusion process of the daily DH substation signatures.

substations. Moreover, we introduce several key enhancements. No-
tably, we have replaced the traditional Dynamic Time Warping (DTW)
alignment method with the DBA-DTW approach. This change enables
the simultaneous alignment of multiple time-series data, resulting in a
more robust average pattern. By doing so, we avoid the biases that arise
from selecting a single representative sample, such as the reference
day used in our previous work [25]. Furthermore, we incorporate an
additional differencing step to highlight and capture dynamic changes
more effectively. This new approach transforms DH data to align more
closely with the source domain of faulty bearings, thereby reducing
the domain gap and enhancing the model’s capacity to generalise from
bearing faults to faults in DH systems.

4.2. Model training for fault detection

We employ an OCSVM [63] model enhanced with a domain adap-
tation technique (which we designate as OCSVM++ in this study), an
AE [64,65], and a VAE [66] to detect faults in DH systems. In typical
fault detection scenarios, models are commonly trained on normal
operational data due to its abundance, as faulty data is often scarce
and challenging to obtain. While we still have data scarcity challenges
for both class types, we have more faulty labelled data.

Given the scarcity of labelled data in DH systems, we employ a
TL approach. The source domain for TL consisted of faulty bearing
data, which exhibit characteristics similar to faults in DH substations,
such as irregular vibration patterns and large disturbances. The models
were initially trained on the source domain to learn generalisable fault
features. Subsequently, we fine-tune the models using lab-generated
data from controlled substation fault scenarios, optimising the model
parameters to suit the specific operational context of DH substations.

The OCSVM++ model is trained to delineate a decision boundary
encompassing faulty behaviour patterns. This approach enables the
identification of anomalies that deviate from the encapsulated class,
effectively detecting instances of normal operation through a process of
exclusion. In contrast, the AE, an artificial neural network, learns the
underlying data distribution of a class by minimising the reconstruction
error [67]. Any significant deviations from this learned representation
signal an anomaly, effectively distinguishing between faults and normal
operations. While OCSVMs are not traditionally designed for TL in the
same way DL models (like AEs or VAEs) are. DL models often excel at
TL because they can learn hierarchical, generalisable features that can
be fine-tuned across domains [68]. OCSVMs, in contrast, are inherently
kernel-based models that rely on explicit feature mappings, making
their performance heavily dependent on the quality and compatibility
of input features across domains [69]. Therefore, the feature distribu-
tions between the source (faulty bearings) and the target domain (DH
data) should be similar or made similar by careful feature engineering
as explained in Section 4.1. While this aligns with TL principles, where
knowledge from a source domain aids in performing tasks in a target
domain [70], we should be extra aware of challenges such as negative
transfer if the source and target domains are not well-aligned [71].

Our AE architecture, illustrated in Fig. 5, is designed to encode
and decode the variability in the provided signature of 15 min time
series data for fault detection in DH systems. The model comprises
an encoder, bottleneck, and decoder, using fully connected dense lay-
ers to capture patterns in the data. The encoder reduces the input

dimensionality through three dense layers. At the model’s core is a
bottleneck layer (latent space), capturing the most salient features of
the input data. The decoder mirrors the encoder with dense layers,
progressively reconstructing the input data. Dense layers were chosen
over convolutional layers, as we aim to capture a signature’s statistical
structure and variability rather than localised spatial patterns [72].

The VAE follows a similar architecture to the AE but introduces
a probabilistic latent space. Instead of learning fixed latent variables,
the VAE learns a probability distribution with a mean (x) and a
logarithmic variance (log 2). This enables the model to sample from a
Gaussian distribution during training and inference. The loss function
for the VAE combines two components: the reconstruction loss and
the Kullback-Leibler divergence [73]. This hybrid loss function ensures
that the VAE not only reconstructs the input data accurately but also
learns a structured latent space that facilitates anomaly detection and
allows the model to generalise better.

5. Experimental settings

We partition the bearing dataset into training and evaluation subsets
using an 80%/20% ratio. For the laboratory dataset, we use the first
week for fine-tuning and validation, while the second week forms
an unseen test set (dataset 2). The real-world dataset served as a
completely independent unseen test set (dataset 3). This split ensures
sufficient data for training while maintaining a robust evaluation set
to assess the generalisation capability of the models. We evaluate the
proposed approach over these two unseen test sets. Dataset 2 consists
of unseen lab data, which serves as known ground-truth information.
Dataset 3 contains real-world DH data to assess the model’s prac-
tical applicability in operational environments. To ensure a robust
evaluation, we employed Monte Carlo cross-validation [74], taking
into account the time-dependent nature of the time series data. We
segment the data into daily intervals, with each day treated as an
independent unit. This approach assumes that fault signatures, reflect-
ing the first data cycle, are minimally influenced by previous days.
While some dependencies between consecutive days may exist, they
are considered negligible in detecting the fault patterns driven by the
faults themselves. To quantify whether differences in performance or
distributions were systematic rather than random, we applied a suite of
non-parametric hypothesis tests and effect-size measures. Specifically,
we used the Kolmogorov-Smirnov test to compare the overall score
distributions, the Fligner—Killeen test to assess the homogeneity of
variances, and the Mann-Whitney U test to evaluate two independent
distributions. Wherever we found statistically significant differences (at
the @ = 0.05 level), we additionally reported Cohen’s d to quantify the
practical magnitude of those effects. Moreover, we have used different
evaluation metrics to examine the proposed approach performance,
including:

» Accuracy: Proportion of correctly identified instances (normal
and faulty) among the total number of instances:
TP+TN
TP+TN+FP+FN’
where TP are True Positives, TN are True Negatives, FP are
False Positives, and FN are False Negatives, respectively.

@

Accuracy =
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+ Precision: Proportion of correctly identified positive instances
among all instances identified as positive:

_rer 3)

TP+ FP

» Recall (Sensitivity): Proportion of correctly identified positive
instances among all actual positive instances:

_rer )

TP+ FN

» F1 Score: Harmonic mean of precision and recall, balancing false
positives and false negatives:

Precision =

Recall =

Precision x Recall

F1l Score =2 X —————————
Precision + Recall

(5)

6. Results and discussion

To investigate the impact of various faults on DH substations, we
conducted controlled experiments in a laboratory setting [25], emulat-
ing both normal operation and specific faulty conditions. Fig. 6 presents
the daily signatures for each lab scenario, depicting the daily behaviour
of a substation over a given period. Using first-order differencing in its
last step, these signatures highlight temporal changes between consec-
utive time steps, effectively removing trends and rendering the time
series stationary. This allows us to focus the analysis on the system’s
short-term adjustments and the magnitude of its responses.

In the signatures, higher peaks correspond to larger deviations
between time steps, indicating abrupt adjustments or fluctuations in
the substation’s behaviour. These peaks reflect the system’s response to
dynamic operational conditions or faults, with more significant peaks
suggesting severe or sudden changes in thermal dynamics. Conversely,

lower peaks indicate smoother and more stable adjustments, which
are characteristic of normal operation. The signatures facilitate the
comparison of system stability across different scenarios, particularly
under faulty conditions where larger peaks signify increased instability.

This distinction is apparent in Table 2, where we rank the scenarios
based on the variability of their AT and return temperature signatures
over two weeks. The rankings demonstrate that normal operation con-
sistently ranks the highest in stability, exhibiting the lowest variance in
both signatures. In contrast, faulty scenarios such as SV and VL display
significantly higher variances, ranking lowest in stability.

To statistically validate the observed differences in variability be-
tween normal and faulty conditions, we performed the Fligner—Killeen
test [75], a robust, non-parametric method for assessing homogeneity
of variances across multiple groups. This test determines whether the
observed variability patterns, where faulty conditions exhibit higher
variances than normal operations, are statistically significant rather
than random fluctuations, thereby supporting our hypothesis that faults
introduce more significant variability. Table 3 summarises the p-values
obtained when comparing normal operation to each faulty scenario
for the AT and T, signatures over two weeks. The results reveal a
statistical significance in variances between normal operation and all
faulty scenarios, with p-values far below the significance («) threshold
of 0.05 (largest p-value observed for T, = 0.002 and AT = 0.006 with
the exception for week 1 MVL and DTS where p-value is 0.082 and
0.128, respectively). Notably, normal operation consistently exhibits
the lowest variance, reflecting stable system behaviour. In contrast,
major faults such as stuck or leaking control valves display signifi-
cantly higher variances, indicating substantial variability in the daily
signatures.
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Average ranking of scenarios for Week 1 and Week 2 of the signature using AT and 7, Stability. Fault scenarios include MVL,
VL, SV, HHC, and DTS. We highlight the lowest variance in bold.

Scenario AT signature T, signature
Average rank W1 w2 Average rank w1 w2
Normal 1.5 0.00424 0.00223 1.0 0.00018 0.00009
DTS 3.0 0.00557 0.00380 2.0 0.00083 0.00046
HHC 4.0 0.00746 0.00617 3.0 0.00140 0.00082
MVL 15 0.00443 0.00178 4.0 0.00334 0.00148
ocv 5.0 0.10767 0.05239 5.0 0.04187 0.02305
SV 6.0 0.25919 0.17003 6.0 0.06524 0.04288
Table 3 Table 4
Fligner—Killeen test of variance p-values for normal operation compared to faulty Per-day variances summary for bearing and DH fault signatures.
scenarios (MVL, VL, SV, HHC, DTS). Values are shown in three decimals; those below Domain Mean Std dev Kurtosis Skewness
0.001 are reported as <0.001. Statistical significance at a = 0.05 is in bold.
- Bearing faults 0.711 0.703 4.85 1.95
Scenario Week 1 Week 2 DH substation faults 0.632 0.624 0.59 1.19
AT T, AT T,
MVL 0.082 <0.001 0.006 0.002
VL <0.001 <0.001 <0.001 <0.001
Normal N <0.001 <0.001 <0.001 <0.001 In summary, faulty conditions manifest as larger and more erratic
HHC 0.001 <0.001 <0.001 <0.001 peaks in the signatures than normal operation, indicating abrupt or
DTS 0.128 <0.001 0.003 <0.001

This statistical evidence supports the conclusion that faulty con-
ditions inherently introduce greater instability to the signature, as
captured by the increased variability in the stationary AT and T,
signatures.

We can explain the distinct behaviour patterns observed in the daily
signatures by considering how each specific fault impacts the thermal
dynamics of the DH system:

» Normal Operation: The system maintains a stable thermal ex-
change with gradual and consistent adjustments. The signatures
show small, regular peaks, indicating smooth management of tem-
perature changes. The low variance reflects steady-state operation
with minimal and predictable shifts.

MVL: A minor leak in the control valve slightly disrupts the
flow, causing minor deviations in thermal balance. The system
makes subtle adjustments to compensate, resulting in small but
noticeable peaks in the signature. Variance is higher than normal
but remains moderate.

VL: A significant control valve leak exacerbates the disruption
between the primary and secondary sides. When heat demand is
low or absent, the leaking valve allows unintended circulation on
the primary side without corresponding demand on the secondary
side. This mismatch leads to unstable heat transfer and irregular
temperature fluctuations, reflected in higher variance.

SV: This represents a severe fault where the control valve is
stuck, causing constant flow on the primary side regardless of
demand on the secondary side. This imbalance results in severe
and unpredictable temperature fluctuations, with larger and more
erratic peaks in the signature and significantly higher variance
due to the system’s inability to regulate flow properly.

HHC: Adjusting the heat curve to a higher setting forces the sys-
tem to overcompensate, pushing more heat into the system than
required. This leads to rapid and aggressive adjustments. The sig-
natures exhibit higher peaks, indicating the system’s overreaction
to the imposed demand and increased variability.

DTS: A faulty sensor provides inaccurate temperature readings,
causing the system to misinterpret the secondary side tempera-
tures. This results in incorrect adjustments to the heat supply,
with the system either overcompensating or undercompensating.
The signatures show higher peaks and increased variability due
to the instability introduced by sensor errors.

irregular adjustments in system behaviour. Faults directly impacting
the heat exchange process, such as stuck valves and control valve
leaks, cause more severe instability. Deviations in sensor accuracy
introduce artificial variability by causing incorrect control responses.
These findings confirm that faults inherently lead to greater shifts in
system dynamics, as captured by the AT and 7, signatures.

6.1. Pre-training validation

To quantify the resemblance between faulty bearing and DH sub-
station data, we computed the per-day variances of the signals in each
domain. Summary statistics (Table 4) show comparable heavy-tailed,
skewed behaviour. Non-parametric tests, the Kolmogorov-Smirnov test
(D = 0367,p = 0.412) for distributional shape, the Fligner—Killeen
test (V = 2.682,p = 0.101) for variance homogeneity, and the Mann—
Whitney U test (U = 3947, p = 0.345) for median differences. Cohen’s
d = 0.52 indicates a moderate mean shift.

The early layers of our DL model learn generic features [76]. By pre-
training on the larger, label-rich bearing dataset, we acquire reusable
low- and mid-level representations of abrupt temporal changes. Fine-
tuning then adjusts higher-level weights to the DH domain, bridging
any residual scale or distributional gap, to better fit the nuances of the
target data, thereby improving model performance without requiring
extensive retraining from scratch. Theory shows that TL delivers its
greatest gains when source and target domains are related but not
identical, with moderate differences that fine-tuning can effectively
bridge [77]. Tan et al. [78] state that TL relaxes the hypothesis that the
training data must be independent and identically distributed (i.i.d.)
with the test data. The authors review deep TL techniques, including
fine-tuning, which help address distributional shifts between source
and target domains. Although bearing-vibration variances exhibited
substantially higher kurtosis, suggesting some domain-specific charac-
teristics, the moderate mean shift and non-significant results from all
three tests (a = 0.05) suggest that the distributions are similar enough
to justify the cross-domain pre-training assumption.

6.2. Real-world substation analysis

To assess the applicability of our findings to real-world conditions,
we analysed data from operational DH substations (details in Sec-
tion 3). Fig. 7 presents examples of a daily AT signature for eight
real-world substations under normal and faulty conditions, and Table
5 ranks scenarios based on stability.

While some faults and normal behaviours can be visually distin-
guished in real-world scenarios, the signatures exhibit less visible dis-
tinction compared to the lab-generated data. This reduced clarity makes
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Fig. 7. Examples of daily temperature differential (4T") signatures from eight substations of the real-world DH network (5-min timesteps). Left: Normal operation, showing tighter
fluctuations around zero mean. Right: Faulty operation, with markedly higher variance around the mean, highlighting the pronounced step-to-step excursions induced by faults.

Table 5

Average ranking of scenarios for Week 1 to Week 4 using AT and 7, Stability. We denote the top 5 best-performing scenarios
per signature type in bold. Fault scenarios include HHC, WSP, OCV, and LSL.

Scenario AT signature T, signature

Average rank w1 w2 W3 w4 Average rank w1 w2 w3 w4
NormalO1 1.00 1 1 1 1 1.00 1 1 1 1
Normal02 3.50 4 3 3 4 5.25 4 6 5 6
Normal03 3.50 3 4 4 3 6.25 5 7 6 7
Normal04 2.00 2 2 2 2 2.50 2 3 3 2
Normal05 5.75 6 6 6 5 10.50 10 10 11 11
HHCO01 9.75 8 13 9 9 10.50 9 13 10 10
HHCO02 6.50 5 7 7 7 11.50 11 11 12 12
WSP01 9.75 7 12 10 10 4.75 6 4 4 5
WSP02 13.50 10 15 15 14 14.75 14 15 15 15
WSP03 7.50 14 5 5 6 9.25 13 8 8 8
WSP04 14.50 15 14 14 15 14.25 15 14 14 14
OCvo1 11.25 12 11 11 11 12.50 12 12 13 13
LSLO1 8.25 9 8 8 8 2.50 3 2 2 3
LSLO2 12.00 13 10 13 12 5.75 7 5 7 4
LSLO3 11.25 11 9 12 13 8.75 8 9 9 9
Normal 3.15 - - - - 5.10 - - - -
Faulty 10.43 - - - - 9.45 - - - -

manual interpretation challenging, highlighting the need for advanced
methods like DL models. Such models are adept at identifying subtle,
salient features in complex datasets, enabling reliable FDD even when
the human eye does not discern the patterns.

We employed the Mann-Whitney U test [79], a non-parametric
rank-sum test for comparing two independent distributions. A p-value
below our threshold of « = 0.05 indicates the observed difference is
unlikely due to chance. We found that both AT (U = 12.0; p < 0.001) and
T, (U = 168.0; p < 0.001) differ significantly between normal and faulty
substations. These results demonstrate that the distributional patterns
in the faulty group are systematically distinct from the normal group
over the four weeks.

However, as observed in Table 5, it is essential to note that not
all faults impact the T, signature substantially. For instance, the LSL
shows low variation in their 7, signatures, which may suggest that this
feature is not optimal for detecting their impact on the DH system.
These issues are mitigated when analysing the AT signature, where
all normal scenarios consistently rank higher in stability than faulty
conditions. Despite potential uncertainties in the labelling accuracy
of real-world data, these observations suggest that the phenomena
observed in the lab are also present in operational systems and that
faults cause instability in system dynamics.

6.3. Model evaluation

We tested several ML models on both lab and real-world datasets to
evaluate the effectiveness of our proposed TL fault detection approach.
We summarise the performance metrics based on the unseen test data in
Table 6. The OCSVM++ model used for fault detection was configured
with a radial basis function kernel, a y value of 0.89 to control the
influence of individual data points, and a v value of 0.7 to specify the
upper bound on the fraction of training errors and the lower bound on
the fraction of support vectors.

We compared the F1 scores of our best-performing TL models to
those of OCSVM and IF reported in [25]. We assessed statistical signif-
icance with the Mann—-Whitney U test (a = 0.05) and effect sizes with
Cohen’s d. We found that the VAE model significantly outperforms both
baselines with large effect sizes (vs. OCSVM: p = 0.002;d = 6.49 and
vs. IF: p = 0.005;d = 2.69, respectively). Consequently, the AE model
significantly outperforms OCSVM with a large effect while showing a
moderate, non-significant effect against IF (vs. OCSVM: p < 0.001;d =
5.38, and vs. IF: p 0.533;d 0.64, respectively). These findings
strongly suggest that our TL approach has a positive effect on model
performance. However, while the lab emulation data is crucial to our
research, it is essential to note that performance may be optimistic,
given the noise-free nature of the lab emulation dataset compared to
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Table 6
Performance metrics in percentages for OCSVM++, AE, and VAE (Highest scores in bold).
Data Type Model Accuracy (%) Precision (%) Recall (%) F1 score (%)
OCSVM++ 97.2+4.30 97.2 £4.30 100 + 0.00 98.5+£2.28
T, AE 83.1 £4.82 98.0 +£3.92 82.0+3.92 89.2+2.93
Lab VAE 98.3+333 100 +0.00 98.0+£3.92 989 +2.16
OCSVM++ 90.1 +9.88 94.0 +£5.99 94.0 +5.99 94.0 +5.99
AT AE 86.4 +4.44 100 + 0.00 84.0£5.23 91.2+5.23
VAE 84.7+3.33 100 +£0.00 82.0 +3.92 90.1 £2.16
OCSVM++ 732+ 0.68 82.2 +1.66 752+ 1.66 78.8 +£0.28
T, AE 75.8 +1.02 74.0 +£3.39 78.2+1.02 78.2+1.02
VAE 70.0 +1.44 71.1 +£1.07 90.5 +1.50 79.4+1.14
Real-world
OCSVM++ 722+ 1.11 70.0 +£0.88 100 + 0.00 82.6 £0.55
AT AE 88.7+0.47 94.0 +£0.23 88.6 +0.70 90.9 +0.23
VAE 85.4 +1.47 92.5+1.31 86.5 +3.07 88.5+1.31
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Fig. 8. Contingency tables showing the performance of the best-performing model for
(b) results for the AE model using the AT signature on the real-world dataset.

real-world operational datasets. Therefore, we should be cautious when
generalising these results to operational environments.

However, when applied to the real-world dataset, the models gen-
eralised effectively, particularly when using the AT signature. The
AE achieved an F1 score of approximately 91%, and the VAE ap-
proximately 89%, indicating strong fault detection performance under
real-world conditions. This is noteworthy, given the inherent noise,
variability, and potential confounding factors in real-world operational
data. For instance, our results contrast with [58], where the authors en-
countered significant difficulties maintaining performance when tran-
sitioning from controlled experiments to real-world scenarios.

Furthermore, while the OCSVM++ demonstrated strong perfor-
mance on laboratory data, this highlights the inherent limitations of
such controlled datasets. In laboratory conditions, boundaries between
classes are typically well-defined, allowing the OCSVM++ to establish
accurate decision boundaries. However, a significant performance drop
is observed when transitioning to real-world data, where the data
distributions are inherently more complex and overlapping.

The contingency table, presented in Fig. 8, shows the classification
outcomes in terms of percentages for each fault type (TP, FN, TN,
and FP). The VAE demonstrated near-perfect performance for the lab
data, with a misclassification observed only in the MVL scenario. This
suggests that the scenarios exhibit distinct behaviour patterns, which
the model successfully identifies and leverages for classification. How-
ever, as mentioned earlier, this high accuracy can be attributed to the
controlled, noise-free nature of the lab environment, which simplifies
the modelling process compared to real-world scenarios. For the real-
world data in the normal category, 89.5% of instances were correctly
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each dataset. (a) Results for the VAE model using the 7, signature on the lab dataset, and

classified as normal (TN), while 10.5% were misclassified as faulty
(FP). All instances for HHC, LSL, and OCV fault types were correctly
identified, resulting in 100% TP rates with no misclassification. This
suggests that these faults have distinctive signatures and substantial
impact on AT that the model can effectively recognise. For the WSP
fault type, 71.4% of faulty samples were correctly classified (TP), while
28.6% were incorrectly classified as normal (FN). These results demon-
strate the model’s high performance in identifying most fault types
while maintaining reasonable specificity for normal behaviour. How-
ever, the misclassification rate for WSP indicates a potential area for
improvement in distinguishing this fault type from normal behaviour.

The superior performance of the AT signature dynamics suggests
that it may be a more robust and reliable feature for fault detection
across various fault scenarios, including those like LSL that may not
substantially affect the 7, signature. One potential explanation for
this success is the smaller domain gap between the source domain
(e.g., faulty bearings in mechanical systems) and the target domain
(DH data) when using AT. Moreover, the AT signature may capture
system dynamics that are more generalisable across different fault
types. In contrast, features such as the 7, may exhibit sensitivity to
only a limited subset of faults, reducing their reliability in diverse
fault detection tasks. Interestingly, the results indicate that substations
exhibit behaviour akin to faulty bearings, where AT demonstrates
vibration-like patterns. This is a promising find, suggesting that AT
can be effectively used for fault detection. Furthermore, the observed
patterns in AT could also be crucial in fault diagnosis, as specific faults
may correspond to distinct behavioural patterns. Nevertheless, the
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results strongly suggest that both the AT and T, relative dynamics are
reliable features for detecting faulty substations (i.e., substations with
operational faults have more abrupt system changes) showing unstable
performance across its AT and 7, relative dynamics, as compared to
normal operation substations. One of our key contributions is a TL
pipeline that overcomes the scarcity of labelled DH fault data while
training a robust model. First, we pre-train the models on abundant,
well-annotated faulty-bearing signals. Second, we fine-tune these mod-
els on ground-truth lab-emulated data. Third, we deploy the resulting
models on real-world DH substation data. By leveraging controlled
lab experiments to bridge domain gaps, this approach delivers more
reliable and confident fault detection in operational networks despite
limited field annotations.

Beyond these technical advances, our approach yields clear op-
erational and economic benefits. Early detection using AT and T,
signatures enables strategic interventions that maintain optimal AT,
reduce return temperatures, and limit the impact of faults. Lowering
distribution temperatures translates directly into cost savings [80].
Moreover, stable operation at reduced return temperatures decreases
network heat losses and facilitates the integration of low-grade renew-
able and recovered heat sources [81]. Not only would our proposed
method contribute to this goal, but it may also facilitate the systematic
collection of annotated real-world DH fault data, e.g., through targeted
maintenance, addressing the substantial challenge of labelled data
scarcity, which currently slows the development of more advanced,
data-driven diagnostic models [14]. Thus, these findings can inform
utilities’ decisions on sensor deployment, data infrastructure invest-
ment, and control strategy design, ultimately supporting cost-effective,
resilient, and low-carbon DH networks.

6.4. Limitations

While this study demonstrates promising results for fault detection
in DH substations, several limitations must be acknowledged:

Uncertain fault persistence in field data. The real-world data
used in this study introduces uncertainties, particularly regarding
the persistence of faults. For instance, it is unclear whether faults
were consistently present throughout the four-week data collec-
tion period. This ambiguity may influence the observed fault
detection performance, as seen in Table 5, potentially skewing the
results.

Limited fault diversity. The models were trained on a limited
range of fault types that may not fully capture the diversity of
faults occurring in DH systems. This could restrict the model’s
ability to generalise to unseen or rare fault types in operational
settings.

Data scarcity. The scarce labelled dataset, which, while highly
valuable and challenging to obtain in DH, introduces constraints
on the evaluation of model performance and, therefore, may be
subjected to variability, potentially leading to underestimation or
overestimation of the model’s true performance.

Economic and operational integration. We have not yet eval-
uated how detected faults would be routed into real-time process
optimisation or network-level heat-supply strategies. Likewise,
quantifying the trade-off between investing in higher-resolution
sensors, richer data annotation processes, and the resulting gains
in energy efficiency and maintenance savings remains an open
research question. Addressing these aspects will require collabo-
ration with DH utilities to upgrade field instrumentation, establish
systematic labelling workflows, and perform cost-benefit analyses
tailored to specific network technologies and business models.
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7. Conclusion

In this study, we proposed an emulation-driven fault detection
approach for DH substations, leveraging TL to bridge the gap between
controlled laboratory data and real-world operational conditions. The
methodology involved pre-training models on a source domain with
abundant fault data, such as faulty bearings, and fine-tuning them on
lab-generated DH data. This process enables the models to transfer
knowledge from lab experiments to real-world scenarios, effectively
addressing the challenges of scarce and uncertain labelled fault data
in operational DH environments. Moreover, this research introduces an
innovative approach to fault signature generation, which captures the
characteristics of substations’ daily operational patterns across defined
temporal intervals.

We evaluated several models, including OCSVM++, AE, and VAE,
using both T, and AT signatures. Results indicate the AT signature is
more robust for fault detection across diverse conditions than the 7, sig-
nature. Notably, the AE model achieved an F1 score of approximately
91% on real-world data using the AT signature, demonstrating strong
generalisation capabilities in complex, real-world DH substations. This
level of performance is particularly significant given the inherent noise,
variability, and confounding factors in operational DH environments.
Our TL-based approach highlights the practical potential of integrat-
ing simulation-driven learning into real-world DH applications. By
combining domain knowledge from well-labelled source domains with
experimental DH data, we established a robust framework to mitigate
data limitations in the DH field, offering a viable strategy for proactive
maintenance, reduced downtime, and enhanced system efficiency.

Beyond these technical advances, our focus on relative tempera-
ture dynamics highlights that observing the step-to-step correlations
enables automated fault detection in modern DH systems, given sam-
pling frequencies lower than hourly (e.g., 15 min). By facilitating
early fault detection and targeted interventions, we can prevent un-
necessary energy losses and inefficient resource allocation while, in
parallel, gathering high-quality, fault-annotated operational data to
support the development of more advanced diagnostic methods in
DH. Moreover, the controlled lab experiments highlight which data
frequencies and sensor signals are most informative for reliable detec-
tion and diagnosis. These insights can directly inform utility decisions
on sampling intervals, data storage, and instrumentation investments,
helping to design cost-effective, high-performance monitoring systems
for next-generation DH grids.

Future work will extend our approach beyond fault detection to
fault diagnosis, enabling the identification of fault types and sever-
ity. This advancement would provide deeper insights into the opera-
tional health of DH substations and support more targeted maintenance
strategies. Additionally, efforts will be directed towards improving the
performance of our method, for instance, by reducing the domain
shift of faulty bearings, lab, and real-world DH data, and investigate
integration of additional sensor measurements.
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