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Abstract

The rapid evolution of wearable Internet of Things (IoT) monitoring
systems has transformed healthcare, enabling continuous patient
monitoring, real-time diagnostics, and intelligent decision-making.
Wireless Sensor Networks (WSNs) serve as the backbone of these
systems, facilitating seamless data collection and transmission.
However, challenges such as energy efficiency, scalability,
computational complexity, and real-time processing remain critical
barriers. Deep learning techniques, particularly Graph Neural Networks
(GNNs), have emerged as powerful tools for modelling complex
relationships in interconnected IoT environments. GNNs are capable of
capturing spatial and temporal dependencies in sensor networks,
enabling efficient data analysis and prediction. = Hybrid GNN
architectures combined with optimization techniques such as
reinforcement learning, evolutionary algorithms, and adaptive routing
strategies have demonstrated significant improvements in energy
efficiency and network performance. For instance, hybrid GNN-based
approaches can optimize power allocation and communication
efficiency in wireless networks, enhancing scalability and robustness. In
wearable IoT systems, energy efficiency is a critical factor due to limited
battery capacity of sensor nodes. Advanced energy-efficient routing
protocols and data aggregation techniques have been developed to
extend network lifetime and reduce energy consumption. This review
presents a comprehensive analysis of deep learning and optimization
approaches in hybrid graph neural networks for wearable IoT
monitoring systems integrated with energy-efficient WSNs. It highlights
recent advancements, compares methodologies, identifies research
gaps, and discusses future directions. The study emphasizes the
importance of combining GNN-based intelligence, adaptive algorithms,
and energy-efficient networking to develop scalable and reliable 10T
healthcare systems.

Introduction

continuous  monitoring  of  physiological

Wearable Internet of Things (IoT) monitoring parameters such as heart rate, temperature,

systems have emerged as a

transformative activity levels, and other vital signs. These

technology in modern healthcare, enabling systems leverage interconnected sensor devices
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to collect real-time data, which is transmitted
through Wireless Sensor Networks (WSNs) for
further processing and analysis. The integration
of wearable 10T systems with advanced artificial
intelligence (AI) techniques has significantly
improved the efficiency, accuracy, and scalability
of healthcare monitoring solutions.

Wireless Sensor Networks play a critical role in
wearable 10T systems by enabling seamless
communication between distributed sensor
nodes. These networks consist of energy-
constrained devices that operate on limited
battery power, making energy efficiency a
fundamental design consideration. Efficient data
transmission, routing protocols, and resource
management strategies are essential to prolong
network lifetime and ensure reliable
communication. Recent studies emphasize that
energy-efficient  routing and  clustering
techniques significantly improve network
performance and reduce energy consumption in
WSN-based 10T systems.

Deep learning has revolutionized data processing
in IoT systems by enabling automatic feature
extraction and intelligent decision-making.
Traditional deep learning models such as
convolutional neural networks (CNNs) and
recurrent neural networks (RNNs) have been
widely used for analysing sensor data and
predicting health conditions. However, these
models are limited in handling non-Euclidean
data structures commonly found in IoT
networks, where relationships between nodes
are complex and dynamic.
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Graph Neural Networks (GNNs) address this
limitation by modelling IoT systems as graph
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structures, where nodes represent sensors and
edges represent communication links. This
allows GNNs to capture spatial and temporal
dependencies in sensor networks, enabling more
accurate and efficient data analysis. Recent
research highlights that GNNs can significantly
improve scalability, efficiency, and robustness in
IoT systems compared to traditional deep
learning models.

Hybrid GNN architectures have further enhanced
the capabilities of IoT monitoring systems by

integrating  optimization techniques and
adaptive algorithms. These hybrid models
combine graph-based learning with

reinforcement learning, evolutionary algorithms,
and heuristic optimization methods to improve
system performance. For example, GNN-based
optimization approaches can dynamically adjust
network parameters such as routing paths,
transmission power, and data aggregation
strategies, leading to improved energy efficiency
and reduced latency.

In wearable IoT systems, energy efficiency is
particularly important due to the limited battery
capacity of sensor devices. Continuous data
collection and transmission can lead to rapid
energy depletion, reducing system reliability and
performance. To address this issue, researchers
have developed energy-efficient ~ WSN
architectures that incorporate adaptive routing
protocols, data compression techniques, and
energy-aware scheduling algorithms. These
approaches help reduce energy consumption
while maintaining high system performance.
Another key aspect of wearable [oT systems is
the ability to adapt to dynamic environments.
Adaptive algorithms enable systems to adjust
their behaviour based on changing conditions,
such as network topology, data traffic, and user
activity. This is particularly important in
healthcare applications, where real-time
monitoring and rapid response are critical.
Despite significant advancements, several
challenges remain in the development of
wearable [oT monitoring systems. These include
scalability, data security, privacy, computational
complexity, and integration of heterogeneous
devices. Additionally, the deployment of complex
deep learning models on resource-constrained
devices remains a major challenge.

This review aims to provide a comprehensive
analysis of deep learning and optimization
approaches in hybrid graph neural networks for
wearable IoT monitoring systems integrated
with energy-efficient WSNs. It highlights recent
advancements, key challenges, and future
research directions, emphasizing the need for
intelligent, adaptive, and energy-efficient
solutions in modern IoT healthcare systems.
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Literature Review

Zhou et al. (2020) proposed a Graph Neural
Network (GNN)-based framework for IoT data
analysis, focusing on modelling relationships
between sensor nodes in wireless networks. The
model leveraged graph convolution operations to
capture spatial dependencies and improve
prediction accuracy in sensor-based monitoring
systems. The approach demonstrated enhanced
performance in handling non-Euclidean data
compared to traditional deep learning models.
However, the computational complexity of GNN
layers limited its applicability in resource-
constrained WSN environments. This study
highlights the potential of GNNs in IoT systems
while emphasizing the need for lightweight
architectures.

Wu et al. (2021) introduced a hybrid deep
learning model combining GNNs with Recurrent
Neural Networks (RNNs) for wearable IoT
monitoring systems. The model captured both
spatial and temporal dependencies in sensor
data, improving prediction accuracy for health
monitoring applications. Experimental results
showed significant improvements in
performance compared to standalone CNN or
RNN models. However, the hybrid architecture
increased computational overhead and energy
consumption. This study demonstrates the
effectiveness of combining spatial and temporal
learning in IoT systems.

Li et al. (2022) proposed an energy-efficient
GNN-based routing optimization framework for
wireless sensor networks. The model used graph
learning to dynamically optimize routing paths
based on node energy levels, network topology,
and communication costs. The system
significantly improved network lifetime and
reduced energy consumption. However, the
model required continuous updates and
retraining, which increased computational
requirements. This study highlights the role of
GNNs in optimizing energy-efficient
communication in WSNs.

Zhang et al. (2022) developed an adaptive GNN-
based IoT  monitoring system  using
reinforcement learning for dynamic resource
allocation. The model adjusted network
parameters such as transmission power and
bandwidth allocation based on environmental
conditions. The system demonstrated improved
scalability and reduced latency in wearable IoT
applications. However, the integration of
reinforcement learning increased training
complexity and convergence time. This study
emphasizes the importance of adaptive
algorithms in IoT systems.

Ahmed et al. (2023) proposed a hybrid GNN-
based healthcare monitoring system integrating
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edge computing and deep learning. The model
processed sensor data at the edge level to reduce
latency and improve real-time decision-making.
The GNN component enabled efficient data
representation and communication between
nodes, while optimization techniques improved
energy efficiency. However, the deployment of
edge infrastructure increased system complexity
and cost. This study highlights the importance of

distributed architectures in wearable IoT
systems.
Building wupon the foundational Graph

Convolutional Network (GCN) model by Thomas
Kipf and Max Welling, recent IoT-focused
adaptations (2021) extended GCNs for sensor
network optimization. These models were
applied to wearable [oT monitoring systems to
improve node classification and anomaly
detection. The approach demonstrated improved
scalability and accuracy in network analysis.
However, it required efficient sparsity handling
to reduce computational overhead. This study
highlights the adaptation of foundational GNN
models in IoT environments.

Wang et al. (2022) developed a hybrid GNN and
attention-based model for wearable IoT
monitoring systems. The attention mechanism
enhanced feature extraction by focusing on
critical sensor data, improving prediction
accuracy and interpretability. The model
demonstrated superior performance in health
monitoring  applications. = However, the
integration of attention mechanisms increased
computational complexity  and energy
consumption. This study emphasizes the
effectiveness of attention-based GNN models in
IoT systems.

Liu et al. (2023) proposed an energy-efficient
GNN-based framework for wearable [oT systems
using edge computing. The system processed
data locally at edge nodes, reducing latency and
energy consumption associated with cloud
communication. The model achieved improved
real-time performance and scalability. However,
the deployment of edge infrastructure increased
system cost and complexity. This study highlights
the importance of edge-based architectures in
energy-efficient [oT systems.

Zhao et al. (2021) proposed a graph attention
network (GAT)-based framework for wearable
IoT monitoring systems. The model utilized
attention mechanisms to dynamically assign
importance to different sensor nodes, improving
feature representation and prediction accuracy.
The  approach  demonstrated enhanced
performance in health monitoring applications
such as anomaly detection. However, the
attention mechanism increased computational
complexity, making it less suitable for resource-
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constrained WSN environments. This study
highlights the importance of adaptive feature
weighting in GNN-based IoT systems.

Sun et al. (2022) developed a hybrid GNN and
convolutional neural network (CNN)
architecture for wearable [oT data analysis. The
model combined spatial graph learning with local
feature extraction, enabling improved
classification and prediction accuracy. The
system demonstrated robustness in handling
heterogeneous sensor data. However, the hybrid
architecture increased model complexity and
required significant computational resources.
This study emphasizes the effectiveness of
combining multiple deep learning techniques for
IoT applications.

He et al. (2022) introduced an energy-aware
GNN-based routing protocol for wireless sensor
networks. The model optimized routing
decisions based on node energy levels and
network topology, improving network lifetime
and reducing energy consumption. The system
demonstrated significant improvements
compared to traditional routing algorithms.
However, continuous model updates increased
computational overhead. This study highlights
the role of GNNs in energy-efficient WSN
management.

Gupta et al. (2021) proposed an IloT-based
wearable monitoring system using deep learning
integrated with wireless sensor networks for
real-time health tracking. The system utilized
CNN-based models for feature extraction and
classification of physiological signals. The
framework improved monitoring accuracy and
enabled continuous patient observation.
However, high energy consumption due to
continuous data transmission was identified as a
major limitation. This study emphasizes the need
for energy-efficient communication strategies in
wearable IoT systems.

Alharthi et al. (2022) developed an energy-
efficient clustering-based routing protocol for
WSNs integrated with 1oT healthcare systems.
The model optimized cluster formation and
communication paths to reduce energy
consumption and improve network lifetime. The
system demonstrated enhanced efficiency and
reliability in wearable monitoring applications.
However, clustering algorithms required
additional = computational overhead and
parameter tuning. This study highlights the
importance of efficient network design in WSN-
based IoT systems.

Singh et al. (2023) proposed a federated
learning-based framework for wearable IoT
monitoring systems using GNN models. The
approach enabled decentralized model training
across multiple devices without sharing raw
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data, ensuring privacy and security. The system
achieved improved scalability and reduced
communication overhead. However,
synchronization and communication delays were
identified as challenges. This study highlights the
importance of privacy-preserving learning
techniques in [oT healthcare systems.

Yangetal. (2022) introduced an edge computing-
based GNN framework for wearable IoT systems.
The model processed data locally at edge nodes,
reducing latency and improving real-time
performance. The approach demonstrated
improved scalability and energy efficiency
compared to cloud-based systems. However, the
deployment of edge infrastructure increased
system cost and complexity. This study
emphasizes the role of edge computing in
modern loT systems.

Verma et al. (2023) proposed a hybrid
optimization-based framework combining GNNs
with particle swarm optimization (PSO) for
wearable IoT monitoring systems. The model
optimized network parameters and routing
strategies to improve energy efficiency and
system performance. The results showed
significant improvements in network lifetime
and data transmission efficiency. However, the
integration of optimization algorithms increased
computational complexity. This study highlights
the importance of optimization techniques in
enhancing GNN-based IoT systems.

Hassan et al. (2023) introduced a hybrid GNN-
based wearable monitoring system integrating
deep learning with adaptive algorithms. The
model dynamically adjusted system parameters
such as data transmission rates and node
communication based on real-time conditions.
The system demonstrated improved
performance in terms of energy efficiency,
scalability, and reliability. However, the adaptive
algorithms increased training complexity and
required large datasets. This study highlights the
role of adaptive intelligence in IoT systems.
Wang et al. (2023) proposed an attention-based
hybrid GNN model for wearable IoT systems. The
model combined graph learning with attention
mechanisms to improve feature extraction and
decision-making. The system achieved high
accuracy in monitoring applications by focusing
on critical sensor data. However, the integration
of attention mechanisms increased
computational requirements. This study
demonstrates the effectiveness of advanced GNN
architectures in IoT environments.

Igbal et al. (2021) developed a lightweight IoT-
based monitoring system using traditional
machine learning techniques and efficient
communication protocols. The system focused on
reducing energy consumption and improving
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system efficiency in WSN environments. While
the model achieved moderate accuracy, it lacked
the ability to capture complex relationships
compared to GNN-based approaches. This study
highlights the trade-off between efficiency and
performance in IoT systems.

Park et al. (2022) proposed a Bayesian Graph
Neural Network (BGNN) for wearable IoT
monitoring systems, integrating probabilistic
inference into graph-based learning. The model
provided uncertainty estimation in predictions,
improving reliability in healthcare monitoring
applications. The system  demonstrated
enhanced performance in handling noisy sensor
data. However, Bayesian inference increased
computational complexity, limiting deployment
in resource-constrained WSN environments. This
study highlights the importance of uncertainty-
aware graph models.

Torres et al. (2021) developed a sparse graph
learning framework for IoT systems, combining
sparse coding with graph neural networks to
reduce data redundancy and improve efficiency.
The model enhanced feature representation and
reduced communication overhead in WSNs. The
system  demonstrated improved energy
efficiency and faster data processing. However,
sparse coding required careful parameter tuning,

increasing system complexity. This study
emphasizes efficient data representation
techniques in [oT environments.

Kim et al. (2023) introduced a Deep
Reinforcement Learning (DRL)-based
optimization framework for GNN-enabled
wearable [0T systems. The model dynamically
optimized routing strategies and energy
consumption based on network conditions. The
system significantly improved network lifetime
and reduced latency. However, the training
process required substantial computational
resources and time. This study highlights the
potential of intelligent optimization techniques
in IoT systems.

Chen etal. (2023) developed a hybrid GNN-based
framework integrating deep learning,
optimization  techniques, and  adaptive
algorithms for wearable IoT systems. The model
combined graph-based learning with
optimization strategies such as particle swarm
optimization to enhance system performance.
The system demonstrated improved accuracy,
scalability, and energy efficiency. However, the
integration of multiple techniques increased
system complexity and computational overhead.
This study represents a comprehensive approach
to modern IoT monitoring systems.

Comparative Table

Study Year | Technique Used | Key Contribution | Advantages Limitations

Zhouetal. | 2020 | GNN Graph-based IoT | Handles non- | High
modelling Euclidean data computation

Wu et al. 2021 | GNN + RNN Spatial-temporal High accuracy Energy
learning overhead

Lietal. 2022 | GNN Energy-efficient Improved lifetime | Retraining cost

Optimization routing

Zhangetal. | 2022 | GNN + RL Adaptive resource | Scalable Complex
allocation training

Ahmed et | 2023 | GNN + Edge Real-time Low latency Infrastructure

al. monitoring cost

Chenetal. | 2021 | ST-GNN Temporal-spatial Accurate High memory
modelling prediction

Yao et al. 2022 | GNN +RL Adaptive routing Energy efficient Training

complexity

Wangetal. | 2022 | GNN + Attention Improved feature | High accuracy High
extraction computation

Liu et al. 2023 | GNN + Edge Reduced latency Scalable Cost

Zhao et al. 2021 | GAT Adaptive node | Accurate Complex
importance

Sun et al. 2022 | GNN + CNN Hybrid feature | Robust Heavy model
extraction

He et al. 2022 | GNN Routing Energy-aware Efficient Overhead
routing

Kumar et | 2023 | GNN +RL Adaptive system Scalable Training cost

al.

Pateletal. | 2023 | Quantized GNN Energy-efficient Lightweight Accuracy drop
model
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Guptaetal. | 2021 | CNN + IoT Monitoring system | Accurate Energy usage

Alharthi et | 2022 | Clustering WSN Energy Long lifetime Complexity

al. optimization

Singh etal. | 2023 | Federated GNN Privacy Secure Sync issues
preservation

Yang et al. 2022 | Edge + GNN Real-time Low latency Cost
processing

Vermaetal. | 2023 | GNN + PSO Optimized routing | Energy efficient Complexity

Algahtani 2022 | GNN + Blockchain | Secure system Data integrity Latency

etal.

Reddy etal. | 2022 | Clustering + | Energy-efficient Efficient Complexity

Optimization WSN

Hassan et | 2023 | Adaptive GNN Dynamic Flexible Data

al. optimization requirement

Wangetal. | 2023 | Attention GNN Improved decision | Accurate Resource heavy
making

Igbal et al. 2021 | ML + IoT Lightweight system | Low energy Low accuracy

Park et al. 2022 | Bayesian GNN Uncertainty Reliable High
modeling computation

Torresetal. | 2021 | Sparse GNN Efficient encoding Reduced data Tuning needed

Kim et al. 2023 | DRL + GNN Adaptive Energy efficient Training cost
optimization

Sinha etal. | 2022 | Quantized GNN Low energy | Lightweight Accuracy trade-
consumption off

Chenetal. | 2023 | Hybrid GNN + | End-to-end system | High performance | Complex

Optimization
Yao et al. 2022 | GNN +RL Dynamic routing Efficient Training
complexity

Comparative Analysis

The comparative analysis of the reviewed studies
from 2020 to 2023 reveals a significant
advancement in wearable IoT monitoring
systems through the integration of Graph Neural
Networks (GNNs), optimization techniques, and
energy-efficient wireless sensor networks. Early
studies primarily focused on applying basic GNN
models for representing IoT networks,
demonstrating improved capability in handling
non-Euclidean data structures compared to
traditional deep learning approaches. However,

these models often suffered from high
computational complexity, limiting their
deployment in resource-constrained

environments. A major trend observed is the
development of hybrid architectures that
combine GNNs with other deep learning models
such as CNNs and RNNs. These hybrid models
effectively capture both spatial and temporal
dependencies in sensor data, leading to improved
prediction accuracy and system performance.
Additionally, attention mechanisms and graph
attention networks have further enhanced
feature extraction by assigning importance to
critical sensor nodes, improving interpretability
and decision-making.

Energy efficiency has emerged as a central
research focus in wearable IoT systems. Studies
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integrating optimization techniques such as
particle swarm optimization, reinforcement
learning, and clustering-based routing protocols
have demonstrated significant improvements in
network lifetime and energy consumption. GNN-
based routing frameworks dynamically optimize
communication paths based on node energy
levels and network conditions, enabling efficient
resource  utilization. = Another important
advancement is the adoption of adaptive
algorithms, which allow IoT systems to adjust
their =~ behaviour  based on  real-time
environmental changes. Reinforcement learning-
based GNN models have been particularly
effective in optimizing routing and resource
allocation  dynamically. However, these
approaches introduce additional training
complexity and require large datasets.

Distributed computing paradigms such as edge
computing and federated learning have further
enhanced system performance by reducing
latency and improving data privacy. Edge-based
GNN models enable real-time processing by
performing  computations locally, while
federated learning allows decentralized training
without sharing sensitive data. Security and
reliability are also critical aspects of [oT systems.
Blockchain-based frameworks have been
proposed to ensure secure data transmission and
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integrity, although they introduce latency and
computational overhead. Additionally, Bayesian
GNN models have been developed to provide
uncertainty estimation, improving reliability in
decision-making. Overall, the analysis indicates
that hybrid GNN architectures combined with
optimization techniques and energy-efficient
WSN integration offer the most promising
solutions for wearable IoT monitoring systems.
However, challenges such as computational
complexity, scalability, and real-time deployment
remain key areas for future research.

Discussion

The review highlights that hybrid Graph Neural
Network (GNN)-based wearable IoT monitoring
systems have significantly improved the
efficiency, scalability, and intelligence of modern
healthcare applications. The integration of deep
learning with graph-based models enables
efficient handling of complex, non-Euclidean
sensor data, improving prediction accuracy and
system  reliability. Hybrid  architectures
combining GNNs with CNNs, RNNs, and attention
mechanisms further enhance feature extraction
and temporal-spatial modelling capabilities.
Energy efficiency remains a critical concern in
Wireless Sensor Network (WSN)-based IoT
systems. Quantized GNN models and lightweight
architectures have been developed to reduce
computational complexity and power
consumption, enabling deployment on resource-
constrained wearable devices. Additionally,
optimization techniques such as reinforcement
learning, particle swarm optimization, and
clustering-based routing protocols have
significantly improved energy efficiency and
network lifetime.

Adaptive algorithms play a crucial role in
enabling dynamic system behaviour, allowing
wearable [oT systems to respond to changing
network conditions and user requirements.
Furthermore, distributed computing paradigms
such as edge computing and federated learning
have enhanced real-time processing and data
privacy. Despite these advancements, challenges
such as computational complexity, scalability,
and integration of heterogeneous devices persist.
Future research should focus on developing
efficient, scalable, and secure hybrid GNN
frameworks for real-world deployment.

Conclusion

Wearable Internet of Things (IoT) monitoring
systems have revolutionized modern healthcare
by enabling continuous, real-time monitoring of
physiological  parameters and providing
intelligent insights for early diagnosis and
treatment. The integration of advanced artificial
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intelligence techniques, particularly Graph
Neural Networks (GNNs), has significantly
enhanced the capability of these systems to
process complex and interconnected sensor data.
This review has provided a comprehensive
analysis of deep learning and optimization
approaches in hybrid GNN-based wearable IoT
monitoring systems, with a focus on adaptive
algorithms and energy-efficient Wireless Sensor
Network (WSN) integration. Graph Neural
Networks have emerged as a powerful tool for
modelling non-Euclidean data structures
inherent in IoT systems. By representing sensor
networks as graphs, GNNs can capture spatial
and relational dependencies between nodes,
enabling more accurate and efficient data
analysis. Hybrid GNN architectures that combine
graph-based learning with convolutional,
recurrent, and attention-based models have
further improved system performance by
incorporating both spatial and temporal features.
Energy efficiency is a critical aspect of wearable
IoT systems, as sensor nodes operate under strict
power constraints. The development of
quantized and lightweight GNN models has
enabled the deployment of deep learning
algorithms on resource-constrained devices
while maintaining acceptable accuracy levels.
Additionally, optimization techniques such as
particle swarm optimization, reinforcement
learning, and clustering-based routing protocols
have been widely used to enhance network
performance, reduce energy consumption, and
extend network lifetime. Adaptive algorithms
have played a significant role in improving the
flexibility and responsiveness of wearable IoT
systems. These algorithms enable dynamic
adjustment of network parameters such as
routing paths, transmission power, and data
processing strategies based on real-time
conditions. This adaptability is particularly
important in healthcare applications, where
timely and accurate responses are essential.
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