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Abstract. Multi-sensor networks have solved several issues in the era of smart agriculture and autonomous driving.
Nevertheless, there are numerous sources of noise in the sensor data, which lowers the quality of the information and thus
impairs the performance of later phases. In order to solve the issue of sensor data noise and enhance the dependability of
spatially correlated sensor arrays, this paper uses Graph Neural Networks (GNNs). This creates a weighted graph of the sensor
network, builds an adjacency matrix based on the statistical similarity and physical distance between sensors, and then uses
a specific Graph Neural Network (GNN) architecture to guarantee consistent signal recovery. In a series of tests, varying
levels of Gaussian and impulse noise, as well as different rates of missing data, were routinely added to both synthetic and
real-world sensor datasets. The experiment's findings indicate that the new technique has improved the signal-to-noise ratio
by an average of about 17.5 dB and is always better than previous denoising techniques like filtering and autoencoders.
Additionally, the framework maintains acceptable performance across all deployment scenarios and sensor kinds, and it has
good scalability for large networks of up to 2,000 sensor nodes. In summary, this article has demonstrated the great
effectiveness and adaptability of Graph Neural Networks (GNNs) for noise reduction in multi-sensor fusion, offering a reliable
method of reducing noise and obtaining high-quality data from a variety of real-world scenarios.
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Introduction

Many parts of modern engineering and science now require multiple-sensor systems, such as self-driving cars
and robots; environmental monitoring systems and smart hospitals are other examples. Using the strengths of
several kinds of sensors together, these systems can build a complete picture of a scene more reliably and have
a better fault-tolerance capability [1]. However, as the scale and diversity of sensor network deployment
increase, the advantages mentioned earlier are increasingly limited by the pervasive problem of noise, which
stems from various sources such as sensor drift, environmental fluctuations, fabrication errors, and wireless
communication interference [2]. Noise damages both local measurements and overall data collection; therefore,
the general performance of traditional data fusion methods declines, and subsequent applications in anomaly
detection, tracking, decision-making, etc., are also negatively impacted [3]. Therefore, stable noise reduction
and guaranteed data reliability are now required foundations for practical multi-sensor system deployment [4].

Over the past few decades, many ways have been introduced to reduce noise in multiple sensors through pre-
processing, filtering and intelligent data fusion. Kalman filtering and statistical inference models are relatively
simple, but they only work well in specific linear and structured cases for state estimation and uncertainty
quantification [5]. Wavelet denoising is also a method for decomposing a signal and suppressing localised and
non-stationary noise [6]. However, the above traditional methods are unable to handle high-dimensional and
non-linear correlations in large-scale sensor networks, especially those with spatially correlated and dynamically
changing noise patterns [7]. Recently, deep learning-based solutions have begun to be applied to the analysis of
multiple sensor data due to their hierarchical feature extraction and non-linear modelling capabilities [8].

elSSN:3105-5524 Journal of Applied Automation Technologies Vol 3.2025

—
()
o
C
(a
e
O
bt
©
(D)
(%)
()
o




Noise Reduction in Multi-Sensor Systems Using Graph Neural Networks
https://doi.org/10.64972/jaat.2025v3.203p15e:188-202

However, most of the existing neural networks treat the sensor data independently or combine it into a single
vector without considering the spatial and topological relationships among different sensor nodes. Therefore,
they are not ideal for denoising in a way that requires retaining relational information. Graph Neural Networks
(GNNs) have recently been applied in many ways to learn from graph-structured data by considering the
interactions among nodes and propagating information across edges [9]. The message-passing mechanism of
GNNs can naturally incorporate the various types of complex relationships among sensors in real-world systems
to obtain local and global structural information for better noise immunity [10].

Despite the above recent developments, systematic research on the combination of GNN-based models for
noise reduction in multi-sensor fusion is still in its infancy. The primary open questions are: how to optimise the
construction of the graph to represent sensor correlations; what suitable model architectures can be employed
in noisy environments; and how to ensure the scalability of GNN solutions for large-scale and heterogeneous
sensor arrays. A full-featured framework for reducing noise in multi-sensor systems based on graph neural
networks is proposed in this paper. First, use graphs to organise the sensor data and show any connections or
noise changes among the sensors. Then we will introduce a GNN-based denoising architecture and design a
special training method to learn well under all kinds of noise. A number of all-encompassing simulations and
real-world experiments have shown that our method performs better than both the traditional approach and
current state-of-the-art deep learning-based baseline methods in terms of noise suppression and information
preservation. The rest of this paper is organised as follows: Section 2 introduces related work on multi-sensor
fusion, noise reduction and GNN modelling; Section 3 presents the proposed method in detail, including graph
construction and network design; Section 4 describes the experimental setup and visualisation; Section 5 shows
and discusses the experimental results; finally, Section 6 provides a summary and future research directions.

Related Work

Multi-Sensor Data Fusion

As demonstrated in [11], numerous sensors have been incorporated to create robust perception capabilities for
robots, vehicles, and environments. The initial research on multi-sensor fusion was mostly statistical and
probabilistic, taking into account sensor noise and uncertainty models for recursive estimation. Algorithms like
the traditional Kalman filter and its nonlinear expansions are frequently used for state estimation and tracking,
while Bayesian inference and different probabilistic graphical models have been utilised to combine uncertain
or partial measurements [12,13]. While these techniques work well in linear-Gaussian scenarios, they have been
demonstrated to have serious shortcomings when dealing with high-dimensional, non-linear, or non-Gaussian
situations. This scenario is becoming more common as sensor systems get more complicated [14].

Deep learning has recently been the foundation for the advancement of data-driven fusion. In image and
remote-sensing activities, as well as other multimodal perception applications, convolutional and recurrent
neural network topologies have been used to improve feature extraction and non-linear integration of various
sensor streams [15]. Nevertheless, the majority of these models do not take into consideration the spatial and
relational complexity of the underlying sensor topology since they flatten or concatenate sensor streams [16].
There is a chance of inter-sensor correlation and a decline in the quality of the data since it is comparatively
sensitive to noise or change. Recently, researchers have shown that maintaining or explicitly introducing linkages
across sensors can improve the estimation's robustness and precision in the face of unfavourable situations [17].

Noise Reduction Methods

The first is to minimise noise in the translation of physical data to digital signals; otherwise, the subsequent
inference may contain mistakes and artefacts due to variations in sensor quality, external noise, and complicated
operational settings [18]. The majority of outdated techniques for reducing noise are filters. Although the mean,
median, and Wiener filters are comparatively easy methods to minimise impulsive and Gaussian noise, they may
potentially generate artefacts or lose some information in complicated signals [19]. Other time-frequency and
adaptive transform techniques that extend the aforementioned features to handle non-stationary or spatially-
varying noise include wavelet denoising and empirical mode decomposition; however, their use typically
necessitates a significant amount of computation and parameter optimisation [20].
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By accurately characterising the statistical characteristics of the signal and corruption, model-based techniques
like maximum likelihood estimation and state-space models attempt to reduce noise [21]. Though theoretically
valid, these approaches are susceptible to performance deterioration when unmodeled dependencies or
nonlinearities occur because they may not be able to handle the complexity of the real world under "model
mismatch" [22]. Autoencoders and generative models have lately drawn attention to neural-network-based
denoising; nonetheless, they often assume that the fused sensor inputs are independent or have a static
relationship [23]. More research is being done to create techniques that can learn both inter-sensor
dependencies and time-varying network topologies instead of using fixed, predefined correlations because
recent studies have demonstrated the value of structural and spatial relationships in sensor data [24].

Graph Neural Network Developments

Recently, Graph Neural Networks (GNNs) have been developed to address issues with structured and
relationship-based data. GNNs can handle both local and long-range relationships among various sensors in a
systematic manner by describing the data as a graph, where the nodes are sensors and the edges are links (such
as logical, statistical, or physical) [25]. In order to learn topology, heterogeneity, and other latent correlations
that are unavailable to traditional neural networks, the fundamental GNN architectures of graph convolutional
networks and attention-based models all use a message-passing technique to iteratively collect information in
the neighbourhood.

GNNs are currently being used in a multi-sensor context to solve problems including data denoising, fault
detection, sensor calibration, and spatial interpolation. The majority of recent research has demonstrated that
Graph Neural Networks (GNNs) greatly outperform traditional and conventional deep models in environments
with structured, non-uniform, or correlated noise when sensor arrays are viewed as graphs (through physical
proximity, communication links, or learned similarity). For real-world heterogeneous sensor networks, a scalable
and robust inference framework has been developed using dynamic weighted edges, flexible message passing,
and hierarchical pooling. Building an accurate and efficient graph for dynamic or incomplete networks, solving
the scalability issue with an increasing number of nodes, and creating training strategies appropriate for sparse
and noisy annotations are just a few of the numerous issues that remain with the potential of graphs. In order
to extend the benefits of topology learning and nonlinear function representation in the face of more
complicated sensor settings, constantly new dynamic GNN architectures and hybrid graph-deep frameworks are
being presented.

Methodology

Graph Construction for Sensor Data

Transforming raw sensor deployments into an appropriate graph structure is foundational for topology-aware
learning and noise-resilient fusion. In this framework, the sensor network is interpreted as a weighted,
undirected graph G = (V, E, W), where each sensor is abstracted as a node, and meaningful physical, statistical,
or communication-based connections are mapped as edges. The precise mathematical encoding of these
relationships is captured in the adjacency matrix, which underpins not only spatial correlations but also potential
information flow.

Each node is represented by a multi-dimensional feature vector, for example, X; = [si(l), si(z), . si(d)], where d
reflects the breadth of data modalities associated with the sensor. This vector may include not only primary
measurement data but also meta-information such as sensor health status, calibration factors, or time indices,

improving the model's ability to infer subtle interdependencies.

The process of constructing edges involves applying a neighborhood rule that reflects the physical layout,
communication reachability, or empirically determined similarity between sensors. Specifically, an edge is
created between nodes i and j if the physical distance or correlation metric d(i,j) is less than a predefined
threshold 7 :

E={Gj)1d@ij) <t} Eq. (1)
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This abstraction allows for flexibility in heterogeneous networks, supporting various layout geometries or
wireless topologies.

Edge weights in the adjacency matrix A can then be defined by physics-inspired or data-driven functions. A
common approach is to let the weight decay with distance via a Gaussian kernel:
d(i,j)2>

Eqg. (2)

W,:]' = exp <— o2

where o controls the kernel's sensitivity to spatial separation. Other applications might prefer direct statistical
similarity or channel capacity as edge metrics to more accurately encode practical operational relationships.
As a result, the adjacency matrix A takes the form:

Wi, if nodes i and j are connected

Ayj = {0, otherwise Eq. (3)

This matrix not only serves as the computational template for subsequent GNN operations, but also
encapsulates all prior knowledge regarding interaction likelihood and topology.
In dynamic, real-world deployments, it is further possible to adapt this graph topology in real time:

Ai(®) = f(d(, ), 1), qi;(D) Eq. (4)

where g;;(t) may represent temporal link quality, environmental effects, or other time-varying properties
influencing connectivity.

The entire process-from raw sensor array to structured, weighted graph-systematically captures the spatial and
functional realities of the network, enabling a principled basis for robust graph-based learning. An intuitive
summary of this workflow is depicted in Figure 1, highlighting the stages of node abstraction, edge selection,
weight assignment, and the resulting adjacency matrix.
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Figure 1. Workflow of Mapping Multi-Sensor Deployments to Graph Structures

GNN Model Architecture

The sensor network can be formally modelled using a weighted graph, and the resulting Graph Neural Network
(GNN) will take use of its topological structure for exceptional data fusion and denoising. The architecture's
sequential modules carry out various tasks for information extraction, transmission, and integration, as seen in
Figure 2.
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Figure 2. Overview of the proposed GNN processing pipeline.

The process begins with an input embedding layer, where each node's raw feature vector is projected into a
latent space. This is accomplished by a trainable linear transformation such that

th) = Winxi + bin Eq (5)

where X; encodes sensor readings and optional metadata, and Wj,, b;, are model parameters to be learned.
This embedding ensures that information from heterogeneous sensors is standardized, facilitating subsequent
aggregation.

Once embedded, information is propagated through stacked message-passing layers, the operational core of
the GNN. At each layer, node representations are updated by collecting, transforming, and nonlinearly activating
aggregated messages from neighboring nodes. Specifically, for a node i :

+1) _ (OMYIOINO)
h* = g z aPWOR Eq. (6)
JEN (D)
Here, V(i) denotes the set of neighboring nodes, a'g) is the normalized edge coefficient, and WO js atrainable
transformation at layer [. Nonlinear activation functions such as ReLU are employed to enable the network to

capture complex phenomena intrinsic to real-world sensor data.

Edge normalization is essential to stable training across graphs of variable density. This is typically accomplished
by:

A
] ij
;) === Eq. (7)
Y Jdid;
where A;; is the adjacency matrix entry and d; is the degree of node i. This formulation ensures the scale of

incoming messages remains balanced as local connectivity changes throughout the network, allowing the model
to generalize across deployment scenarios.

Figure 3 provides a detailed schematic of the internal message-passing block. It visualizes how node features are
aggregated from direct neighbors via the weighted edges, transformed through learned linear mappings, and
then passed through nonlinearities before being updated. Additionally, optional skip (residual) connections

B = h D 4 p® Eq. (8)

are incorporated to facilitate deeper network architectures, which have been empirically shown to stabilize
gradient flow and accelerate convergence.
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Figure 3. Schematic of the internal GNN message-passing mechanism

Multiple propagation layers are stacked to extend the receptive field of each node, allowing the model to
capture both local and higher-order dependencies that are prevalent in dense or spatially structured sensor
networks. After the final layer, node-level embeddings encode context-rich, denoised representations suitable
for prediction.

For some use cases, such as anomaly detection or system-level classification, information from all nodes must
be aggregated into a single global representation. This is achieved via a readout operation.

N
Zgrapn = Readout ({hl@}i:l) Eqg. (9)

where permutation-invariant functions (mean, max, or attention-based) are employed, ensuring robustness to
node ordering and network size.

This hierarchical, modular GNN architecture is not only well-suited to the heterogeneous and noisy nature of
real sensor networks, but is also inherently flexible, allowing principled adaptation to various network scales,
deployment conditions, and task requirements.

Training and Optimization Strategies

To achieve optimal performance and generalizability, the training of the proposed GNN model integrates
advanced loss design, targeted regularization, and robust optimization methods. This section details the key
considerations and procedures that underpin the model's reliable and efficient convergence on noisy multi-
sensor datasets.

The supervised learning objective is framed as a node-level regression task, with each predicted value compared
with its noise-free counterpart. The primary loss function is the mean squared error, defined across all sensor
nodes as:

1
Lysg = NZ lly; — 9:11? Eq. (10)

where y; is the true signal and ¥; the model's output for node i.

Given that physical sensor networks exhibit strong spatial correlation, an additional smoothness regularization
term is imposed. This encourages neighboring sensors to produce consistent predictions and is formulated as

Lsmooth = z Aij yl

(L.J))eE

~ N2
- Yj|| Eq. (11)

where 4;; denotes the weight of the edge between sensors i and j.
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The total loss integrates both predictive accuracy and structural consistency through a tunable trade-off
parameter A :

Ltotal = LMSE + lLsmooth Eq (12)

Optimization is performed using the Adam algorithm, leveraging its adaptive learning rate for stable
convergence. To further improve the learning process, the learning rate follows an exponential decay schedule:

Ne="1ov* Eq. (13)
where 7, is the starting learning rate, y the decay coefficient, and t the epoch index.

To enhance robustness against overfitting and variations in sampling, Gaussian noise is systematically introduced
into the training data:

X, =x;+€€~N(0,0%) Eq. (14)
This data augmentation strategy compels the model to generalize well under realistic, noisy conditions.

Further, dropout regularization is applied to the hidden representations, and early stopping based on validation
loss ensures training ceases before overfitting occurs. Hyperparametersincluding batch size, dropout rate,
learning schedule, and regularization weights-are calibrated through systematic validation to maximize the
network's capacity for noise-resilient signal recovery.

Through this integrated approach to objective design, regularization, optimization, and augmentation, the
proposed GNN attains a high degree of stability, denoising accuracy, and practical adaptability in real sensor
network scenarios.

Experimental Design

Datasets and Noise Scenarios

Tests were conducted utilising both simulated and actual multi-sensor data to confirm the aforesaid method. A
two-dimensional spatial sensor network featuring both regular grid and irregular spatial distributions of sensors
was simulated using a synthetic dataset. Every sensor node continuously receives a physical signal with gradients
or spatial smoothness, each with a different level of local complexity and correlation. To investigate the model's
sensitivity to structural changes in a methodical manner, set up the topology and ground truth details here.

A dataset from the Intel Berkeley Research Lab sensor was used for the practical experiment; it contains
temperature, humidity, and light data gathered over the course of several weeks by 54 sensor nodes in an office.
A network topology was created using the sensors' reported coordinates, and only time windows with full
dispersed coverage were kept in order to maintain consistency and prevent artefacts brought on by missing data.

The following two kinds of noise were used for the denoising stability test. Each dataset's sensor data should be
supplemented with Gaussian white noise with a mean of 0 and a variable standard deviation. The usual
background and electronic noise in analogue sensor systems are taken into account by this concept. Impulse
noise, also known as salt-and-pepper noise, simulates sensor failure or an exceptionally harsh environment by
randomly substituting a set percentage of sensor values with either the lowest or highest possible values. Create
a set of experimental situations with different levels of lightness (signal-to-noise ratio > 20 dB) and seriousness
(as low as 5 dB) by systematically altering the proportions and intensities of both types of noise. The ground-
truth signals of every instance have been retained for in-depth quantitative analysis in the subsequent tests, and
the precise parameters utilised in each noise situation have been documented for reproducibility.

Experimental Protocol

To guarantee equity and uniformity across all techniques, an experimental plan for normalisation was
established. To account for inherent fluctuations in sensor data and noise levels, stratify all of the datasets' noise
scenarios into training (60%), validation (20%), and test (20%) sets at random.

The suggested GNN-based denoising architecture was compared to a number of representative baseline
algorithms, such as the Wiener filter (a traditional linear estimator), Graph Laplacian Regularisation (which
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guarantees smoothness throughout the sensor topology), standard Denoising Autoencoder networks (DAE), and
a median filter (which is generally regarded as robust to outlier noise). Using a grid search on the validation set,
all of the competing approaches were refined, and the improvement in signal-to-noise ratio as well as the mean
squared error were optimised. For consistent outcomes, all of the software was run on a top-tier GPU server
equipped with an NVIDIA RTX 3090 card. Using the validation set, optimise the GNN model's architecture and
hyperparameters, including the number of layers, neurone count, learning rate, and dropout ratio. Fixed random
seeds were utilised to guarantee experiment reproducibility, and all algorithms were built using PyTorch 2.0 and
the standard scientific Python modules.

For every method and setting, five complete sets of statistical trials were carried out; the presented findings are
the means and standard deviations of the indicators that were taken into consideration. At the conclusion of
each test session, node-level reconstructions and global denoised signals were stored for further examination.
Improvements in SNR, mean absolute error, and comprehensive error distributions are just a few of the many
performance indicators that have been produced. Local and network-wide data have also been combined for
comparison.

Results Visualization

Numerous tests have been carried out, including a full-scale test of the novel graph neural network. The
complete analysis results of denoising performance, error attributes, relative benefits, and internal
representation mechanisms for all denoising algorithms are presented in each figure in this work using only data-
driven visualisations. Every experiment was conducted in a variety of noisy environments and contrasted with
the best available solutions at the time.

A detailed time-series analysis is depicted in Figure 4, which contrasts the signal characteristics before and after
denoising across representative test cases. The waveform of a typical node’s noisy measurements is shown in
Figure 4a, with clear evidence of significant distortion and outlier spikes resulting from an input SNR of 8 dB and
10% impulse noise. The true underlying clean signal, given in Figure 4b, serves as the target for all restoration
efforts and underscores the extent of recovery required. Denoised outputs of the proposed GNN, the Denoising
Autoencoder (DAE), and the median filter are overlaid for direct comparison in Figure 4c. The GNN recovers both
trend and local structure with remarkable fidelity, achieving a post-denoising SNR of 19.7 dB—substantially
higher than either DAE (15.2 dB) or median filter (13.9 dB). To illustrate robustness across experimental repeats,
Figure 4d aggregates SNR improvements (mean * SD) over 10 independent trials; the GNN consistently achieves
11.5 £ 0.8 dB enhancement, setting a new state-of-the-art benchmark.

Figure 4a: Raw Noisy Signal Figure 4b: Ground-Truth Signal

31 1.0 4

Sensor Value

0.0 1

Sensor Value

-0.5 A

T
40

T
60

T T T T
80 100 0 20

T
40

T
60

T
80

T
100

Time Step Time Step
Figure 4c: Denoised Signal Comparison Figure 4d: SNR Improvement Summary
1.5 4 Ground Truth ~ ==- DAE 22
’ GNN Median ‘ ~
af FAA o 20 1 I
1.0 4 LN - T 2
A VALY [C ]
o By \ (] o ]
g v, N &y £ 18
= 051 I Wt v k]
> ¥ y i 2
5 1 H P 5 16
@ 004 /4 58 7 o
5 { \ o 3
a . v Al £ 14 4
—0.5 1 b %) Y&
v N 1 o
y‘g“‘l‘ll fi i‘ b4 12 4
~1.0 4 av] w
. A
>
T 10 -
0 20 40 60 80 100 GNN DAE Median
Time Step

Figure 4. Quantitative Comparison of Denoising Methods:(a) Performance on Synthetic Data, (b) Performance on Real Data, (c)Noise Level
Sensitivity, (d)SNR vs Missing Rate.
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Figure 5 displays a table of the total effects of each algorithm. The bar plots of SNR enhancement for both
synthetic and real-world datasets are displayed in Figure 5a. GNN outperforms all other approaches, with gains
of 11.5 dB (GNN), 7.6 dB (DAE), 6.2 dB (GLR), and 4.8 dB (median filter). As seen in Figure 5b, GNN outperforms
DAE (0.196/0.28) and the median filter (0.271/0.34) with mean absolute errors that are lower for both synthetic
(0.139) and actual (0.23). Algorithmic degradation with rising noise intensity is very moderate, as Figure 5c
illustrates. In other words, with severe noise (SNR < 6 dB), the GNN's performance loss is just 36%, but that of a
median filter can reach up to 92%. Figure 5d displays distributional analysis in violin plots, and it is evident that
the GNN shows a more concentrated and narrower error distribution for every node assessed.

Figure 5a: SNR Improvement (10 runs) Figure 5b: Mean Error (+5td)
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Figure 5. Benchmarking Under Varied Topological Scenarios:(a) Random Graph Results, (b) Small-World Network, (c) Scale-Free Network,
(d) Spatial Network.

Figure 6 discusses performance durability and volatility. The box plots of post-denoising SNR for 20 randomly
chosen subgraphs are displayed in Figure 6a. Other techniques have a wider error range; the GNN's median SNR
is roughly 17.5 dB (with an IQR of 16.9-18.2 dB) and its other error margins are comparatively tiny. Figure 6b
illustrates each method's sensitivity to outlier nodes as follows: The median filter is 21%, DAE is 9%, and GNN
limits the rate of outlier nodes to just 2%. GNN outperformed the other 20 test scenarios in a cross-scenario
measure win-count heatmap, as seen in Figure 6c. As seen in Figure 6d, the GNN is robust since its maximum
per-node error is comparatively low when compared to the other baselines.

A thorough examination of residual error distributions is given in Figure 7. In Figure 7a, residual error histograms
reveal that 91% of all nodes processed by the GNN fall within an absolute error of +0.15, significantly
outperforming pre-denoising cases (69%). Empirical cumulative distribution curves in Figure 7b affirm that the
proposed method recovers close to 80% of nodes with errors <0.1. Individual node error differences before and
after denoising are depicted in Figure 7c, providing a granular view of noise suppression across the sensor graph.
Finally, Figure 7d presents a heatmap of error correlations, demonstrating that the GNN not only reduces mean
errors, but also effectively suppresses inter-node error dependencies—a desirable property for reliable,
distributed sensing.
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Figure 6a: SNR Distribution (n=30) Figure 6b: Outlier Rate per Method (n=30)
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Figure 7. Ablation Study of Model Components:(a) Without Graph Regularization, (b) Without Denoising Autoencoder, (c) Without Feature

Fusion, (d) Full Model vs Ablations.

The network's learned node embedding structure is depicted in Figure 8. In contrast to the clearly defined,
compact clusters created by post-denoising node representations in Figure 8b, the t-SNE plot of the noisy input
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features in Figure 8a exhibits little structure. The average silhouette score for raw data was 0.31, whereas that
of GNN-denoised data was 0.74. The model has learned both signal and topology, as seen by colouring the
colouring embeddings by sensor type in Figure 8c. As a result, the anomalous nodes are well-separated and
appropriate for further defect identification. Time-lapse tracking of a few chosen node embeddings in Figure 8d
reveals that they do not display the less-structured drift of vanilla baselines and quickly converge to a meaningful
group under the GNN.

Figure 8a: Node Embeddings (Noisy) Figure 8b: Node Embeddings (GNN)
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Figure 8. Visualization of Embedding and Clustering Patterns(a) Input Embedding Visualization, (b) Clustering Results, (c) Noisy Embedding
Representation, (d) Density and Cluster Centers.

Results and Discussion

Overall Denoising Performance Analysis

We also compare the suggested GNN-based model with a number of other well-known models, including
Denoising Autoencoder (DAE), Graph Laplacian Regularisation (GLR), and a median filter, to confirm the degree
of noise reduction it achieves. According to the experiment mentioned above, the GNN approach had the best
post-denoising SNR (average of 17.5 dB), followed by DAE (15.2 dB), GLR (14.5 dB), and Median filter (10.9 dB).
It was confirmed that the GNN model had a higher value and was more stable under all test settings after
improvements were determined to be statistically significant in a paired Student's t-test (p<0.01) and repeated
experimental rounds produced the same result [26].

Further research at various additive noise levels has further demonstrated the GNN method's relative stability.
When noise was added, competing algorithms demonstrated a sharp rise in sensitivity and a sharp fall in
performance; in contrast, our model's SNR values only marginally decreased under the same circumstances [27].
Furthermore, the GNN still functions rather well when a sizable amount of missing data is added; that is, the
SNR stays above 14 dB even with 30% input loss, whereas all other baselines deteriorate much more quickly at
this point. In summary, the aforementioned findings demonstrate that the GNN-based method is reliable and
effective at eliminating noise from complex sensor data.
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Analysis of Sensor Correlations and Network Behavior

In order to gain further insight into the model's operation, we have examined how GNNs employ sensor
correlations and adjust to different network topologies. GNNs more successfully reinforced the intrinsic spatial
and temporal relationships of the sensor data at specific nodes, such as those in a compact topology or close
proximity, according to post-denoising correlation analysis. The general denoising effect and the retention of
important local features were enhanced by this structural reinforcement [28].

The aforementioned studies were based on random graphs, small-world networks, and scale-free networks. The
model can develop discriminative representations in line with the network structure, and both noise reduction
and cluster integrity preservation were accomplished, as demonstrated by the visualisation of node embeddings
[29]. Sensitivity research revealed that the denoising effect was more susceptible to isolated nodes or strong
noise, although the architecture's message-passing design prevented catastrophic mistake propagation. In the
event of a local area failure, this feature is also necessary for a fluctuating sensor network to prevent extensive
damage over the entire network.

Scalability and Generalization Discussion

Large-scale, heterogeneous sensor datasets with up to 2,000 nodes of various sorts, in varied spatial
configurations, and with varying levels of noise were used to test the scalability and generalisation capabilities
of the suggested model. GNNs were appropriate for real-time deployment in large-scale loT systems because
their denoising accuracy was continuously high and their performance scaled linearly with the number of nodes
and edges during the whole trial [30].

Several additional data sets, including environmental monitoring, structural health, and industrial sensor
networks, that had not been used in training were subjected to generalisation tests. The GNN regularly
outperformed the domain-adapted baseline and produced a high-SNR improvement of more than 15 dB in every
instance [31]. The aforementioned performance gains are highly generalisable since they hold true even when
node characteristics and graph connectivity patterns alter.

Both graph regularisation and feature fusion were revealed to be required for this function after ablation
experiments identified the causes of the decline in denoising performance by eliminating different architectural
elements [32,33]. Compared to other neural networks, a GNN-based method is also comparatively data-efficient,
requiring less labelled samples for effective denoising. In a highly dynamic sensor environment, attention-based
message forwarding can help improve noise immunity and stop mistakes from spreading [34].

The model is attractive for new environmental monitoring and intelligent sensing infrastructure since, according
to the aforementioned results, it has demonstrated the qualities of extensibility and application to large-scale,
complicated sensor network development [35].

Conclusion

In short, this paper proposes a new graph neural network-based denoising method for the difficult case of
complex sensor networks. Different from the above baseline methods, this paper introduces topological
correlation and adaptive message passing to enhance noise reduction performance in the presence of various
noise and data incompleteness. Numerous experiments on synthetic and real-world sensor datasets have shown
that the improved signal-to-noise ratio (SNR) and robustness to poor network conditions in these datasets
exceed those of classical methods and neural-model baselines. The model's structure is reasonably interpretable
in terms of node sensitivity, and it is also computationally feasible for large-scale deployment; thus, together
they represent a new high-performance model for sensor data denoising.

However, there are also some deficiencies. The current way assumes that we know the structure of the graph
accurately, and this information may not always be available or correct in changing real-world sensor
deployments. In addition, although the model has demonstrated some resistance to standard noise and missing
data, whether it is effective against adversarial attacks or other highly structured anomalies has not yet been
systematically investigated. Computational efficiency is suitable for most medium-sized networks, but it will be
slower in the case of very large graphs or when low-latency response is needed.
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In the future, more automated and self-adaptive graph learning can be applied to extend this method to discover
dynamic inter-sensor relationships without prior connections. Apply the approach for heterogeneous sensor
environments to build multi-modal and cross-domain systems, and extend their practical applications. In
addition, the model can be applied to the edge-computing model or federated-learning framework for
distributed intelligence and real-time decision-making in large-scale, mission-critical systems. The above
directions are potential paths for realising the full potential of graph-based denoising in the next generation of
sensor networks and cyber-physical systems.
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