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ABSTRACT

Sensor faults and miscalibrated sensors represent an important
challenge in district heating networks, where measurement
errors, drift, calibration inaccuracies, or communication issues
can compromise the reliability of thermal and hydraulic moni-
toring. Detecting such issues in a timely manner is essential for
maintaining operational efficiency and ensuring the trustwor-
thiness of system data. A promising approach for addressing
these challenges is to compare physical measurements with
estimates generated by virtual sensors. Virtual sensing enables
the reconstruction of unmeasured or unreliable variables using
data-driven models and existing measurements, thereby pro-
viding an estimate of the expected measurement value under
the current operating and environmental conditions, which can
serve as reference against which anomalous or inconsistent
sensor behavior can be identified. In this work, we develop
a virtual-sensor–based framework for sensor fault and mis-
calibration detection using a heterogeneous spatial–temporal
graph neural network (HSTGNN). The proposed model learns
both the spatial relationships among sensors and the temporal
dynamics of their measurements to construct accurate virtual
smart heat meter outputs. To evaluate the approach, we use a
controlled laboratory dataset collected at the Aalborg Smart
Water Infrastructure Laboratory, which provides synchronized
high-resolution measurements of flow, temperature, and pres-
sure representative of district heating operating conditions.
Experimental results demonstrate that the proposed HSTGNN
improves fault detection performance compared to several
baseline methods.

1. INTRODUCTION

District heating systems can significantly improve urban en-
ergy efficiency by facilitating the large-scale integration of
renewable and waste heat sources (Huang et al., 2020). The
reliable operation and monitoring of these systems rely heav-
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ily on sensor measurements, including flow rate, temperature,
and pressure, which provide essential information about the
thermal and hydraulic state of the network (Niresi, Bissig, Bau-
mann, & Fink, 2024). However, sensors deployed in district
heating infrastructures are often subjected to harsh operating
conditions and long service lifetimes. Over time, these fac-
tors can lead to various measurement issues, such as drift,
bias, spikes, or communication interruptions (Belgacem &
Chihi, 2025). Such inaccuracies can compromise the quality
of monitoring data and may ultimately lead to suboptimal or
incorrect operational decisions. Consequently, the timely de-
tection of faulty or unreliable sensor measurements is crucial
for maintaining reliable and trustworthy system operation.

A common strategy for detecting faulty measurements is to
compare sensor readings with expected system behavior de-
rived from physical models or data-driven estimators. If the ob-
served measurement deviates significantly from the expected
value under the current operating conditions, the sensor may
be malfunctioning or miscalibrated (Hsu, Frusque, & Fink,
2023). However, developing accurate reference models for
complex infrastructure systems such as district heating net-
works is challenging due to their spatially distributed structure
and dynamic operating conditions. One practical way to obtain
such reference values is to estimate the expected measurement
directly from system data by exploiting relationships between
variables in the network. Virtual sensing represents an effec-
tive approach for this purpose. A virtual sensor estimates the
value of a physical variable by leveraging available measure-
ments and learned relationships within the system, thereby
improving system observability without requiring additional
hardware installations (Sun & Ge, 2021). When a virtual
sensor provides an accurate estimate of the expected measure-
ment under current operating conditions, deviations between
the virtual and physical sensor outputs can be used to iden-
tify abnormal behavior and detect faulty sensors. In this way,
virtual sensing provides a practical and scalable approach for
sensor fault detection in complex infrastructure systems such
as district heating networks (Fink, Nejjar, et al., 2026).
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The effectiveness of sensor fault detection strongly depends
on the fidelity of the virtual estimate. When a virtual sensor
closely represents the true reference under current operating
conditions, deviations between the virtual and physical sen-
sors can more reliably indicate sensor faults. For distributed
sensor networks such as district heating systems, architec-
tures that encode the network’s spatial structure provide a use-
ful inductive bias because they exploit physical or functional
connectivity between sensors (Fink, Sharma, et al., 2026);
graph neural networks (GNN) are a natural way to impose that
bias. Standard GNNs excel at learning spatial relationships in
graph-structured data (Wu et al., 2020). While standard GNNs
are effective at capturing spatial dependencies in such graph-
structured systems, measurements in district heating networks
also evolve over time and exhibit strong temporal dynamics.
To account for both spatial interactions and temporal evolution,
spatial-temporal graph neural networks (STGNNs) have been
proposed. These models are particularly well-suited for this
setting, as they can simultaneously capture spatial dependen-
cies between sensors and temporal dynamics in measurements
(Jin et al., 2024). STGNN-based models can therefore gener-
ate highly accurate predictions of system variables (Theiler &
Fink, 2025) and enable reliable virtual sensing (Niresi, Nejjar,
& Fink, 2025) by learning these spatial-temporal patterns.

Standard STGNN architectures generally do not explicitly
account for node heterogeneity (Zhao, Taal, Baggerohr, &
Fink, 2025) and often assume homogeneous node features and
shared model parameters across all nodes in the graph. How-
ever, district heating systems contain heterogeneous sensor
types, such as flow, temperature, and pressure sensors, each
exhibiting distinct physical behaviors, spatial dependencies,
and temporal dynamics. Ignoring these differences may limit
the model’s ability to accurately capture the underlying system
dynamics and detect abnormal measurements.

In this paper, we propose a heterogeneous spatial–temporal
graph neural network (HSTGNN) framework for virtual sensing-
enabled fault detection in district heating systems. The pro-
posed architecture explicitly accounts for the heterogeneous
characteristics of different sensor types, including flow, tem-
perature, and pressure measurements. Specifically, the model
consists of three sensor-specific streams that learn distinct spa-
tial relationships and temporal dynamics for each sensor type.
The learned representations are subsequently fused through
a fusion module to estimate virtual smart heat meter outputs.
Sensor faults are then detected by analyzing deviations be-
tween the virtual sensor estimates and the corresponding phys-
ical measurements.

To evaluate the proposed approach, experiments are conducted
using a controlled laboratory dataset collected at the Aalborg
Smart Water Infrastructure Laboratory (Val Ledesma, Wis-
niewski, & Kallesøe, 2021), which provides synchronized
high-resolution measurements of flow, temperature, and pres-

sure representative of district heating operating conditions.
Experimental results demonstrate that the proposed HSTGNN
significantly improves virtual fault detection accuracy com-
pared to other methods.

The main contributions of this work are summarized as fol-
lows:

• We propose a virtual-sensor–based framework for sensor
fault detection in district heating systems.

• We develop a sensor-type–aware spatial–temporal graph
neural network that captures heterogeneous spatial and
temporal relationships among flow, temperature, and pres-
sure sensors.

• We demonstrate how deviations between virtual and physi-
cal sensor measurements can be exploited to detect sensor
faults without requiring additional hardware.

• We validate the proposed method using a high-resolution
experimental dataset representative of district heating op-
erating conditions.

The results highlight the potential of graph-based virtual sens-
ing methods to improve monitoring reliability and support
detection of faulty sensors in district heating networks.

2. RELATED WORKS

Virtual sensing methods for district heating are commonly
grouped into three categories: physics-based simulation, purely
data-driven models, and hybrid approaches that combine sim-
ple physical relationships with learned components. Physics-
based estimates can provide physically consistent and inter-
pretable estimates that are valuable for monitoring and fault
detection of sensors, but building and maintaining high-fidelity
digital twins (i.e., virtual replicas of physical assets) at scale is
costly, labor-intensive, and may not always be possible (Bank,
Madsen, Mortensen, Søndergaard, & Shaker, 2023). When
such models are unavailable or impractical, data-driven ap-
proaches offer an alternative. However, many implemented
models are conventional black-box architectures such as mul-
tilayer perceptrons (MLPs) that do not explicitly leverage the
network’s spatial topology or the temporal dynamics of sensor
signals (Darvishi, Ciuonzo, Eide, & Rossi, 2020). The cur-
rent predominant hybrid approaches combine simple physical
relationships with learned components, providing a balance
between interpretability and flexibility. They can improve ro-
bustness under varying operating conditions by incorporating
domain knowledge (Yoon et al., 2020). However, both the
physical priors and the data-driven components of the previ-
ous approaches are relatively simple and do not fully capture
the complex dynamics of district heating networks in hybrid
models. As a result, these models often fail to exploit key
inductive, learning, and observational biases (Fink, Sharma, et
al., 2026; Fink, Nejjar, et al., 2026).
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Recent efforts have therefore turned to graph-based learning
to exploit the natural network structure of district heating sys-
tems and to capture spatial–temporal signal propagation. Ap-
proaches that combine graph inference (Niresi, Kuhn, Frusque,
& Fink, 2024) or physics-derived graph augmentations with
graph neural networks (Niresi, Bissig, et al., 2024) have shown
promise for soft sensing by enforcing spatial consistency and
modeling temporal evolution. However, existing graph-based
methods often share two practical limitations: evaluations are
frequently performed on simulated or synthetic datasets rather
than extensive real-world measurements, and measured signals
in district heating networks are inherently heterogeneous. Few
approaches have accounted for this complexity (Zhao et al.,
2025), as many standard spatial–temporal GNN formulations
assume homogeneous node features and shared parameters,
thereby reducing their ability to represent node-level hetero-
geneity such as varying sensor modalities.

3. METHODOLOGY

3.1. Sensor-Type-Specific Modeling

Virtual sensing in district heating must account for the fact that
different sensor types measure distinct physical quantities that
follow different dynamics, noise characteristics, and spatial-
temporal relationships. Moreover, operating and environmen-
tal conditions, such as network load or ambient temperature,
can affect these measurements differently depending on the
underlying physical process. Temperature sensors primarily
reflect thermal inertia and slow transients, flow sensors re-
spond to hydraulic changes and often display faster dynamics,
and pressure sensors capture compressive and network-wide
propagation effects. These differences imply that a single,
homogeneous processing pipeline will tend to underfit type-
specific behaviour, which reduces the fidelity of the virtual
estimates and degrades downstream fault detection.

For this reason, we treat temperature, flow, and pressure sen-
sors separately in the model design. Separate temporal en-
coders allow the network to learn type-specific response times,
parameter sharing within each type improves sample efficiency
by pooling information among sensors with similar physics,
and dedicated intra-type graph learning captures the most rele-
vant local interactions before integrating information across
types. Cross-type integration is still necessary because physi-
cal couplings exist (for example, changes in flow can lead to
temperature variations), but modelling these couplings after
type-specific processing makes the fused representation more
physically plausible and easier to interpret.

3.2. Problem Formulation

Let X ∈ RN×T denote the multivariate time-series input over
a window of length T forN sensor nodes. The sensor network
is represented as a graph G = (V, E ,A), where nodes vi ∈ V
represent individual physical sensors and A ∈ RN×N denotes

the adjacency matrix encoding the strength of connections
between sensors. Each node belongs to one of three physical
sensor types: temperature, pressure, or flow. Hence, the node
set V is partitioned into three disjoint subsets according to
the physical sensor type: temperature (VT), pressure (VP), and
flow (VF):

V = VT ∪ VP ∪ VF, Vi ∩ Vj = ∅ ∀i ̸= j.

Accordingly, the total number of sensors satisfies N = NT +
NP + NF. Edges in E represent dependencies between sen-
sors, capturing correlations and potential physical interactions
within the network. These relationships may reflect both direct
physical couplings and latent influences learned from data.

The objective of the virtual sensing model in this work is to
generate reliable reference estimates for selected sensors in the
network, which are subsequently used for residual-based fault
detection. The model predicts the expected measurements
of target sensors based on historical observations from the
remaining sensors in the network. These predictions represent
the expected normal behaviour of the system under the current
operating conditions. Potential sensor faults can then be iden-
tified by comparing the predicted virtual sensor values with
the corresponding physical measurements and analysing the
resulting residuals.

The residual between the measured and predicted sensor value
is defined as

ri(t) = yi(t)− ŷi(t),

where yi(t) denotes the measured value of sensor i at time t,
and ŷi(t) denotes the corresponding virtual sensor estimate
produced by the model.

Formally, the model learns an estimator that takes a window
of historical measurements from temperature, pressure, and
flow sensors and predicts the expected measurements of the
target smart meters at the current time step:

ŷt = f
(
Xt−T :t

T ,Xt−T :t
P ,Xt−T :t

F

)
(1)

where ŷt denotes the virtual sensor estimates produced by
the model. These estimates serve as reference signals for the
residual-based fault detection procedure described later.

3.3. Proposed HSTGNN Architecture

Building on our prior HSTGNN virtual sensor architecture
(Niresi, Jensen, Kallesøe, Wisniewski, & Fink, 2026), we
extend it with a residual-based fault detection scheme. The
model uses dedicated branches per sensor type to learn type-
specific temporal dynamics and intra-type spatial relationships.
The representations from the different branches are subse-
quently integrated through an attention-based fusion mecha-
nism to capture cross-type interactions. A branch corresponds
to the complete processing pathway for a single sensor type
and includes a temporal encoder with type-shared parame-
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Figure 1. The Proposed HSTGNN Architecture for Sensor Fault Detection

ters, latent intra-type graph learning, and spatial aggregation.
By separating the processing of temperature, flow, and pres-
sure sensors, the model can capture their distinct dynamics
and measurement characteristics before modeling cross-type
couplings. A schematic overview of the proposed HSTGNN
framework, highlighting the sensor-type–specific processing
streams, and the sensor fault detection workflow, is shown in
Fig. 1.

Temporal Modeling and Sensor-Specific Embedding The
initial processing stage aims to capture two key aspects: the
distinct temporal dynamics of different physical variables and
the node-specific characteristics of each sensor. Even sensors
of the same physical type may exhibit different dynamics
depending on their location within the district heating network.
To address this, the raw input measurements are first projected
into a hidden feature space through a linear transformation. At
this stage, sensors may exhibit similar historical measurement
patterns. To allow the model to distinguish between sensors
and incorporate contextual information about their position
in the network, learnable node embeddings are added to the
projected features. Temporal dependencies are then modeled
independently for each node vi using Gated Recurrent Units
(GRUs):

ht
i = GRU(xt−T :t

i ; Θτ(vi)) (2)

where Θτ(vi) represents parameters shared among sensors of
the same physical type, allowing the model to capture type-
specific temporal characteristics. This enables the model to
learn dynamics such as the slower thermal inertia typically
observed in temperature measurements or the faster response
dynamics associated with hydraulic variables like flow and

pressure.

Latent Graph Learning Rather than relying solely on the
physical network topology, which may not fully capture the
effective interactions between sensors, the intra-type spatial
structure is learned directly from data. In district heating sys-
tems, the influence between sensors is not determined only by
the physical pipe connectivity but also by hydraulic dynamics,
control actions, and varying operating conditions. As a result,
sensors that are physically distant may exhibit strong correla-
tions, while physically connected sensors may interact weakly
depending on the system state.

To capture these effective dependencies, we learn a score
matrix Φ(m) for each sensor type m, representing potential
interactions between sensors of the same type (Cini, Zambon,
& Alippi, 2023). For each node i, a subset of K neighbors
is selected using the Gumbel-TopK trick (Kool, Van Hoof, &
Welling, 2020):

Mi ∼ Categorical
(

Softmax(Φ(m)
i )

)
(3)

This procedure enables discrete neighbor selection during
the forward pass while preserving differentiability through
a straight-through gradient estimator (Bengio, Léonard, &
Courville, 2013). As a result, the model can learn sparse
and informative spatial dependencies that reflect the effective
information flow within the network.

Spatial Aggregation via Diffusion Spatial dependencies are
modeled using Diffusion Graph Convolution (DGC), which
propagates information across the learned graph structure. The
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diffusion process is defined as (Atwood & Towsley, 2016; Li,
Yu, Shahabi, & Liu, 2017):

H =

S∑
s=0

ψ
(
(D−1A)sXW(s)

)
(4)

where D−1A denotes the state transition matrix, W(s) are
learnable diffusion weights, and S represents the number of
diffusion steps. This formulation enables information to prop-
agate across multiple hops in the graph, allowing the model to
capture spatial dependencies beyond immediate neighbors. To
account for the bidirectional nature of hydraulic influences in
district heating networks, diffusion is applied to both the tran-
sition matrix D−1A and its transpose. This allows the model
to capture dependencies corresponding to both upstream and
downstream propagation of hydraulic and thermal effects.

Cross-Type Attention and Decoding After the intra-type
processing stages, the representations of all sensor nodes are
combined and processed using a self-attention mechanism
(Vaswani et al., 2017). This layer enables the model to capture
cross-type interactions between different physical variables,
such as the influence of flow rate variations on temperature
dynamics. The resulting node representations are then ag-
gregated and passed through a linear decoder to produce the
virtual sensor estimates ŷt.

Training Objective The model is trained by minimizing the
Mean Absolute Error (MAE) between the predicted and ob-
served sensor values:

L =
1

D

D∑
j=1

|yt,j − ŷt,j | (5)

where yt,j and ŷt,j represent the ground-truth and predicted
values for the j-th target sensor at time step t, respectively.
The MAE loss is chosen due to its reduced sensitivity to large
errors compared to quadratic losses.

3.4. Fault Detection

To enable detection of both abrupt (bias) and gradual (drift)
deviations in sensor networks, we adopt a residual-based de-
tection scheme. For each sensor s at time step t, the residual
rt,s is defined as the absolute difference between the observed
measurement and the corresponding predicted value obtained
from a reference model (e.g., a virtual sensor):

rt,s =
∣∣yobs

t,s − yvs
t,s

∣∣ , (6)

where yobs
t,s denotes the observed sensor reading and yvs

t,s the
virtual sensor estimate. The residual thus quantifies the instan-
taneous deviation indicative of a potential fault.

A deviation is flagged whenever the residual exceeds a sensor-

specific threshold τs:

ŷdev
t,s =

1, rt,s > τs

0, otherwise
. (7)

The selection of the threshold τs is critical for balancing detec-
tion sensitivity against the false alarm rate. In this work, we
determine the optimal threshold for each sensor individually
using a validation dataset. Specifically, we evaluate a range of
potential threshold values and select the τs that maximizes the
F1 score based on the validation data:

τs = argmax
τ

F1(τ ;Dval,s), (8)

where Dval,s represents the validation residuals for sensor s.
By maximizing the F1 score (the harmonic mean of precision
and recall), we ensure that the detection scheme effectively
identifies true faults while minimizing spurious detections
caused by inherent modeling noise. This detection procedure
is applied independently to each scenario considered: bias,
drift, and mixed, and across all baseline models used for com-
parison.

3.5. Baseline Methods

To evaluate the effectiveness of the proposed HSTGNN model
for sensor fault detection, we compare it with four established
baselines commonly used for time-series modelling. The base-
lines include a Long Short-Term Memory (LSTM) network
(Hochreiter & Schmidhuber, 1997), a one-dimensional con-
volutional neural network (1D-CNN), Diffusion Graph Con-
volution (DGC) (Atwood & Towsley, 2016; Li et al., 2017),
and a Graph Convolutional Network (GCN) (Kipf & Welling,
2016). The LSTM model captures temporal dependencies
in sequential data and has been widely applied in industrial
monitoring tasks. The 1D-CNN relies on convolutional fil-
ters to extract local temporal patterns and has demonstrated
strong performance in short-term anomaly detection. DGC
incorporates relational dependencies between sensors through
diffusion-based graph convolutions, enabling the model to ex-
ploit spatial correlations within the network. Similarly, GCN
models inter-sensor relationships using graph convolutional
layers and have been shown effective in learning structural
dependencies in sensor networks. These baselines represent
temporal-only, convolutional, and graph-based approaches,
providing a diverse set of comparison models for evaluating
the proposed HSTGNN, which jointly captures temporal dy-
namics and spatial dependencies.

4. CASE STUDY

To evaluate the proposed virtual sensing and fault detection
framework, we consider a set of sensor fault scenarios repre-
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Figure 2. Comparison of simulated sensor fault models against
a normal signal.

sentative of common measurement errors in district heating
networks. In particular, we investigate three types of devia-
tions: bias, drift, and mixed faults. A bias fault corresponds to
a sudden offset added to the sensor measurement, represent-
ing abrupt calibration errors or sensor malfunctions. A drift
fault represents a gradual deviation that increases over time,
reflecting progressive sensor degradation. The mixed scenario
combines both effects, where a gradual drift is followed by
an abrupt shift. To illustrate the considered fault types, Fig. 2
provides a schematic example of bias and drift faults.

Faults are injected into selected sensors to simulate deviations
from normal operation, while the remaining sensors provide
contextual information for the virtual sensing models. The
models are trained on data representing normal operating con-
ditions and evaluated on datasets containing the injected faults.
In the Bias scenario, a constant offset corresponding to 10%
of each sensor’s measurement range was added to the signal.
The Drift scenario introduced gradually increasing deviations
with a slope magnitude corresponding to 20% of the sensor’s
range, simulating slowly developing sensor miscalibration.
The Mixed scenario combines both fault types, where bias
faults are injected into the first three sensors and drift faults
into the remaining three, creating a heterogeneous fault en-
vironment representative of a challenging scenario in sensor
networks. This setup allows us to assess the ability of the
proposed method to detect both sudden and slowly evolving
sensor faults under realistic operating conditions.

For each scenario, residual-based fault detection is applied by
comparing the measured sensor values with the corresponding
virtual sensor estimates. Detection performance is evaluated
across all models and scenarios using the residual thresholding
procedure described in the previous section.

4.1. Testbed and Data Acquisition

Experimental data were collected at the Aalborg University
Smart Water Infrastructures Laboratory (SWIL), which im-
plements a tree-structured district heating network topology.
The network contains two consumer stations, each equipped
with a Kamstrup Multical 303 smart meter (Kamstrup, 2026).
Each smart meter provides three measurements: the flow rate,

inlet temperature, and outlet temperature at the consumer sub-
station. Consequently, the smart meters provide a total of
six reference output variables corresponding to the two con-
sumers. In addition to the smart meters, which are treated as
high-accuracy reference measurements, the rest of the network
is instrumented with pressure, flow, and temperature sensors
distributed throughout the network, following the layout il-
lustrated in (Niresi et al., 2026). These sensors provide input
measurements for the learning models and may be affected
by measurement errors such as miscalibration or sensor drift.
Data acquisition is performed using Beckhoff I/O modules
integrated with MATLAB/Simulink, with a Real-Time Pacer
ensuring a uniform sampling rate of fs = 0.5 Hz. The dataset
consists of approximately eight hours of continuous measure-
ments, capturing the dynamic behaviour of the network under
normal operating conditions. During this period, the network
was supplied by a central boiler and pump station, which main-
tained a supply temperature of approximately 45°C. The return
temperature was observed at around 35°C.

The dataset was split chronologically into 70% training, 10%
validation, and 20% test sets. To prevent data leakage, the
mean µtrain and standard deviation σtrain are computed exclu-
sively from the training set for Z-score standardization:

x̂ =
x− µtrain

σtrain
. (9)

5. EXPERIMENTAL RESULTS

5.1. Performance Metrics

To comprehensively evaluate the effectiveness of the proposed
HSTGNN model and the baseline methods, five standard clas-
sification metrics were employed: Accuracy, Precision, Recall,
F1-score, and the Area Under the Receiver Operating Charac-
teristic Curve (AUC). These metrics are calculated based on
the outcomes of the confusion matrix: True Positives (TP ),
False Positives (FP ), True Negatives (TN ), and False Nega-
tives (FN ). In the context of our fault detection framework,
a positive instance indicates a faulty sensor reading, while a
negative instance represents normal system behavior.

The metrics are defined as follows:

• Accuracy: The proportion of correctly classified instances
(both normal and faulty) out of the total dataset.

Accuracy =
TP + TN

TP + FP + TN + FN

• Precision: The ratio of correctly predicted faulty readings
to all instances predicted as faulty by the model. A high
precision score indicates a low false alarm rate, meaning
that when the system raises an alert, it is highly likely to
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be a genuine fault.

Precision =
TP

TP + FP

• Recall (Sensitivity): The proportion of actual faulty read-
ings that were successfully identified by the model. High
recall is critical in safety-critical systems to ensure that
incipient or hidden faults do not go unnoticed.

Recall =
TP

TP + FN

• F1-score: The harmonic mean of Precision and Recall. It
provides a single, unified metric that balances the trade-
off between false positives and false negatives. It is an
especially robust evaluation metric when dealing with
imbalanced data where standard accuracy falls short.

F1 = 2× Precision×Recall

Precision+Recall

• AUC (Area Under the Curve): The AUC measures the
entire two-dimensional area underneath the Receiver Op-
erating Characteristic (ROC) curve. The ROC curve plots
the True Positive Rate (Recall) against the False Posi-
tive Rate (FPR = FP

FP+TN ) across various classification
thresholds. An AUC closer to 1.0 signifies a superior mea-
sure of separability, indicating the model’s robust ability
to distinguish between faulty and normal states regardless
of the chosen threshold.

5.2. Hyperparameter and Model Configuration

Hyperparameters and configurations were identified via a sys-
tematic grid search on the validation dataset to ensure experi-
mental integrity and prevent data leakage across subsequent
tests. These parameters are summarized in Table 1. Temporal
dependencies were captured using a sliding window of length
T = 16 with a stride of 1, providing an optimal balance be-
tween predictive fidelity and computational efficiency. The
final architecture utilizes a 2-layer GRU with 16 hidden units,
followed by a single-layer GNN (K = 8 neighbors) with 16
output channels. Training was conducted using the Adam
optimizer with a learning rate of 0.001 and a batch size of 512,
minimizing the MAE to ensure robust convergence.

To maintain a fair comparison, all baseline models follow
the same procedure. The LSTM baseline uses two stacked
layers with a 256-dimensional hidden state, while the 1D-CNN
utilizes 64 filters followed by adaptive pooling and a linear
output mapping. For graph-based methods, we fix the latent
node representation at a size of 16, combining projected node
features with learnable embeddings of the same dimensionality.
Specifically, the DGC model employs a two-step diffusion
convolution, and the GCN uses a standard graph convolution,
both feeding into a linear decoder.

Table 1. Configuration details: Exploratory search space and
final model hyperparameters.

Modules Hyperparameter Search Space (Optimal in Bold)
Input Processing Window Size {4, 8, 16, 32, 64}

Stride 1 (Fixed)

Graph GNN Layers {1, 2, 3, 4}
Output Channels {4, 8, 16, 32, 64}
Kernel Size {1, 2, 3, 4}
Node Embedding {4, 8, 16, 32, 64}
K neighbors {2, 4, 6, 8, 10, 12}

Recurrent GRU Layers {1, 2, 3, 4}
Hidden Units {4, 8, 16, 32, 64}

Training Batch Size 512
Loss Function Mean Absolute Error (MAE)
Optimizer Adam
Learning Rate 0.001

Table 2. Performance Metrics under Bias Fault Scenario

Method Precision Recall F1 Accuracy AUC
LSTM 0.923 0.955 0.939 0.937 0.956
1D-CNN 0.911 0.926 0.918 0.918 0.943
DGC 0.769 0.932 0.842 0.826 0.882
GCN 0.786 0.928 0.851 0.838 0.886
HSTGNN 0.956 0.970 0.963 0.962 0.989

5.3. Sensor Fault Detection Performance

In the Bias scenario (Table 2), which simulates abrupt de-
viations from normal sensor behavior, most models achieve
relatively high detection performance. The proposed HST-
GNN model achieves the highest overall performance with
an F1-score of 0.963 and an AUC of 0.989, indicating highly
accurate identification of biased readings with minimal false
positives. Among the baselines, the LSTM performs strongly
with F1-score of 0.939, suggesting that abrupt faults can be
effectively detected when temporal dependencies are modeled.
The 1D-CNN also performs reasonably well, achieving an F1-
score of 0.918, while GCN and DGC achieve a lower F1-score
of 0.851 and 0.842, respectively, highlighting their limitations
in capturing temporal characteristics of the sensor signals.

The Drift scenario (Table 3) presents a more challenging de-
tection task. Drift faults, characterized by gradual changes,
are easily obscured by natural temporal variations in the data.
Consequently, all models experienced a performance drop
compared to the Bias scenario. HSTGNN demonstrated su-
perior robustness, maintaining an F1-score of 0.854 and an
AUC of 0.907. Baseline models struggled significantly with
both Precision and Recall, with F1-scores ranging from 0.768
(DGC) to 0.811 (LSTM). The low Recall of many baselines
indicates a high rate of false negatives, meaning subtle drift
faults were frequently missed. HSTGNN’s Recall of 0.839
confirms that its integrated spatial-temporal modeling effec-
tively distinguishes gradual anomalies from normal system
dynamics.

Table 4 details the performance under the Mixed fault scenario,

7



EUROPEAN CONFERENCE OF THE PROGNOSTICS AND HEALTH MANAGEMENT SOCIETY 2026

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

0.0

0.2

0.4

0.6

0.8

1.0

Tr
ue

 P
os

iti
ve

 R
at

e

ROC-AUC: Bias Scenario

LSTM (AUC=0.956)
1D-CNN (AUC=0.943)
DGC (AUC=0.882)
GCN (AUC=0.886)
HSTGNN (AUC=0.989)

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

0.0

0.2

0.4

0.6

0.8

1.0

Tr
ue

 P
os

iti
ve

 R
at

e

ROC-AUC: Drift Scenario

LSTM (AUC=0.865)
1D-CNN (AUC=0.854)
DGC (AUC=0.817)
GCN (AUC=0.828)
HSTGNN (AUC=0.907)

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

0.0

0.2

0.4

0.6

0.8

1.0

Tr
ue

 P
os

iti
ve

 R
at

e
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Figure 3. ROC curves for all models under the Bias, Drift, and Mixed fault scenarios. HSTGNN consistently achieves the highest
True Positive Rate across nearly all False Positive Rate levels, demonstrating superior discriminative ability in detecting both
abrupt and gradual faults compared to baseline models.

Table 3. Performance Metrics under Drift Fault Scenario

Method Precision Recall F1 Accuracy AUC
LSTM 0.831 0.793 0.811 0.816 0.865
1D-CNN 0.822 0.783 0.802 0.807 0.854
DGC 0.740 0.798 0.768 0.759 0.817
GCN 0.748 0.820 0.782 0.772 0.828
HSTGNN 0.869 0.839 0.854 0.856 0.907

Table 4. Performance Metrics under Mixed Fault Scenario

Method Precision Recall F1 Accuracy AUC
LSTM 0.880 0.860 0.870 0.871 0.905
1D-CNN 0.860 0.848 0.854 0.855 0.894
DGC 0.751 0.848 0.797 0.784 0.839
GCN 0.764 0.854 0.806 0.795 0.847
HSTGNN 0.930 0.904 0.917 0.918 0.945

representing a highly realistic environment with both abrupt
and gradual faults occurring simultaneously. HSTGNN again
outperformed all baselines, achieving a Precision of 0.930, a
Recall of 0.904, and an overall F1-score of 0.917. Its ability to
maintain high precision while capturing the majority of faults
highlights its capacity to disentangle overlapping anomaly sig-
natures. LSTM and 1D-CNN achieved moderate performance
(F1-scores of 0.870 and 0.854, respectively), while DGC and
GCN lagged further behind (F1-scores of 0.797 and 0.806).

Overall, HSTGNN consistently achieves the highest detection
accuracy and robustness across all fault types. Its superior
AUC values across Tables 2-4 (ranging from 0.907 to 0.989)
demonstrate stability across different classification thresholds.
The results clearly indicate that HSTGNN’s ability to jointly
model complex spatial graph structures and long-term tem-
poral dependencies allows it to detect both abrupt (bias) and
gradual (drift) faults, as well as their combinations, while
minimizing false positives.

In addition to Precision, Recall, and F1-score, we evaluated
the models using the ROC curve and the corresponding AUC.

The ROC curve plots the True Positive Rate against the False
Positive Rate at varying classification thresholds, providing
a visual assessment of a model’s ability to discriminate be-
tween normal and faulty readings. A higher AUC indicates
stronger overall discriminative performance. Figure 3 shows
ROC curves for the Bias, Drift, and Mixed fault scenarios,
illustrating that HSTGNN consistently achieves the highest
True Positive Rate across nearly all False Positive Rate levels
in every scenario. This demonstrates its superior capability in
detecting both abrupt and gradual faults. In contrast, baseline
models exhibit lower ROC curves, particularly under Drift and
Mixed scenarios, highlighting their reduced effectiveness in
capturing subtle or overlapping anomalies. Overall, the figure
reinforces that HSTGNN’s integrated spatial-temporal mod-
eling effectively captures complex anomaly patterns across
diverse fault types.

Table 5. Fault detection performance (AUC) disaggregated by
sensor modality and fault scenario.

Method Group Bias AUC Drift AUC Mixed AUC
LSTM Flow 0.986 0.909 0.945

Temp 0.936 0.838 0.881
1D-CNN Flow 0.937 0.880 0.907

Temp 0.948 0.841 0.887
DGC Flow 0.984 0.927 0.957

Temp 0.808 0.758 0.768
GCN Flow 0.986 0.943 0.965

Temp 0.813 0.763 0.773
HSTGNN Flow 0.988 0.940 0.965

Temp 0.989 0.888 0.933

The performance breakdown by sensor group, shown in Ta-
ble 5, provides important insight into how well faults can
be detected within the district heating network. Across all
sensors, bias faults remain the easiest to detect, while drift
faults are consistently more challenging, reflecting the diffi-
culty of identifying gradual signal changes. The mixed fault
scenario follows a similar trend, with performance generally
lying between bias and drift results.
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Figure 4. Comparison of AUC and F1 for HSTGNN (with
sensor-type modelling) and the STGNN (without sensor-type
modelling) across bias, drift, and mixed fault scenarios.

A clear difference also appears between sensor types. Standard
graph-based methods such as DGC and GCN perform strongly
on flow sensors but experience a marked decline when applied
to temperature sensors, with AUC scores decreasing by up to
approximately 18%. This indicates that homogeneous graph
convolutions have difficulty capturing the slower dynamics and
high thermal inertia characteristic of temperature signals. This
performance gap is consistent across all fault types, including
the mixed scenario.

In contrast, the proposed HSTGNN delivers strong and con-
sistent performance across both sensor groups and all fault
types. Notably, it eliminates the performance drop observed
for temperature sensors, achieving an AUC of 0.989 for bias
and 0.933 for mixed faults, compared to 0.813 and 0.773 for
GCN, respectively.

5.4. Ablation Study

To evaluate the specific contribution of the proposed sensor-
type modelling component, we conducted an ablation study.
We compared our full HSTGNN architecture against a con-
figuration where sensor-type modelling is omitted. In this
simplified version, all sensor data are fed directly into a stan-
dard STGNN using a single, shared processing branch for all
sensors, regardless of their modality.

As illustrated in Figure 4, the inclusion of sensor-type mod-
elling leads to a significant increase in detection performance.
Specifically, the AUC scores across all fault scenarios—bias,
drift, and mixed—demonstrate that explicitly accounting for
node-level heterogeneity allows the model to better capture the
unique error characteristics of different sensor types compared
to a homogeneous modelling approach.

6. CONCLUSION

This work introduced HSTGNN, a framework for virtual sens-
ing–based sensor quality monitoring in district heating sys-
tems. The proposed model generates reference estimates for
sensor measurements and enables the detection of sensor faults
by identifying deviations between observed measurements and
virtual sensor predictions. The architecture employs a multi-

stream design that captures the heterogeneous temporal dy-
namics associated with different sensor types, learning spatial
dependencies between sensors through a latent graph learning
mechanism. A cross-type attention module further integrates
information across sensor types, allowing the model to capture
interactions between thermal and hydraulic measurements. Ex-
perimental results on simulated bias and drift scenarios demon-
strate that the proposed approach can effectively detect sensor
anomalies by leveraging both temporal dynamics and spatial
relationships within the network. These findings highlight the
potential of combining sensor-type–specific modeling with
data-driven spatial learning to improve the reliability of sensor
quality monitoring in district heating infrastructure. Future
work will focus on evaluating the framework on larger real-
world deployments and extending the approach toward more
comprehensive sensor diagnostics, including fault localization
and root-cause analysis.
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