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Abstract

The growing demand for efficient and reliable sensor networks in
applications such as environmental monitoring, healthcare, and smart
cities has highlighted the need for optimizing communication
protocols, power consumption, and data management. Traditional
methods often focus on optimizing individual layers of the network
without considering the interactions across layers. This approach limits
the overall performance, especially as networks scale in size and
complexity. The lack of effective cross-layer optimization strategies
hinders the performance of sensor networks, leading to suboptimal
energy usage, low throughput, and high latency. Moreover, sensor
nodes in such networks often face constraints such as limited energy,
computation power, and memory, making traditional optimization
methods inadequate for achieving high efficiency across all layers of
the network. This paper proposes a cross-layer design and optimization
framework leveraging Artificial Intelligence (Al) and Deep Learning
(DL) algorithms, specifically Recurrent Neural Networks (RNN) and
Deep Belief Networks (DBN), to address these challenges. The RNN is
employed to model the temporal dependencies in the sensor data, while
the DBN is used for optimizing decision-making processes across
multiple network layers. The proposed framework dynamically adjusts
routing, data aggregation, and power control parameters based on real-
time conditions, improving overall network performance. Simulation
results demonstrate that the proposed approach outperforms
traditional cross-layer design methods. The RNN-DBN framework
achieved a 35% improvement in energy efficiency, a 25% reduction in
latency, and a 40% increase in data throughput compared to existing
optimization techniques. These enhancements are particularly
significant in large-scale, real-time sensor networks.
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1. INTRODUCTION

Sensor networks have emerged as an essential infrastructure
in numerous applications, such as environmental monitoring,
healthcare, and smart cities. These networks consist of a large
number of autonomous sensors that collect data and transmit it to
a central server for analysis and decision-making. However,
designing and optimizing these networks has become increasingly
challenging due to the heterogeneity of the devices and the
complexity of the tasks they must perform. Traditional
approaches have focused on optimizing specific layers (e.g.,
physical, data link, network layers), but they often fail to account
for interactions between different layers, leading to inefficiencies.
Recent advances in Artificial Intelligence (Al) and Deep Learning
(DL) offer new opportunities to optimize the performance of these
networks by addressing cross-layer interactions more effectively
[1-3]. The incorporation of machine learning techniques such as
Recurrent Neural Networks (RNNs) and Deep Belief Networks
(DBNs) into the optimization process has shown promise in
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achieving better performance in real-time sensor networks by
enabling dynamic, data-driven decision-making.

Despite the advantages of sensor networks, several challenges
persist. First, the limited energy resources of sensor nodes
constrain their ability to continuously collect and transmit data,
making energy efficiency a critical aspect of network
performance [4]. Second, sensor nodes operate under varying
conditions, which can lead to fluctuating network topology and
unpredictable data patterns, requiring adaptive protocols that can
adjust to changing circumstances [5]. Third, the communication
between nodes, especially in large-scale networks, faces
challenges such as high latency, congestion, and packet loss,
which can significantly degrade the overall system performance
[6]. Additionally, traditional cross-layer optimization methods
have not sufficiently addressed these issues, as they typically
focus on isolated optimizations within individual layers rather
than on the dynamic interactions between them.

Given the above challenges, the main problem lies in the
inability of traditional network optimization methods to
effectively manage energy consumption, latency, and throughput
in a way that accounts for the complex interdependencies across
the different layers of the sensor network [7]. The need for a cross-
layer design framework that can dynamically optimize the
performance of the entire network based on real-time data and
network conditions remains unfulfilled. This research proposes
the use of Al-driven methods, particularly RNNs and DBNs, to
address these issues by optimizing multiple layers
simultaneously.

This work aims to develop a cross-layer optimization
framework for sensor networks, leveraging Al and deep learning
algorithms. The specific objectives are:

» To enhance the energy efficiency of sensor networks by
dynamically adjusting power control and data transmission
parameters.

* To reduce latency and improve throughput by optimizing
routing protocols and data aggregation techniques based on
real-time data analysis.

The novelty of this work lies in its integration of RNN and
DBN into the cross-layer optimization process. The use of RNN
allows the network to model and adapt to temporal dependencies
in sensor data, while the DBN optimizes decision-making across
layers by learning complex relationships between network
parameters. This approach contrasts with traditional methods that
focus on individual layers in isolation. The contributions of this
paper are as follows:

+ A novel cross-layer design framework for sensor networks
that incorporates Al and deep learning to optimize network
performance.



ISSN: 2229-6948(ONLINE)

+ A hybrid model combining RNN and DBN for adaptive
routing, power control, and data aggregation in real-time
sensor networks.

 Performance  evaluation through simulations that
demonstrate significant improvements in energy efficiency,
latency, and throughput compared to traditional methods.

2. RELATED WORKS

Recent research has explored various approaches for
optimizing sensor networks, particularly in the context of cross-
layer design. A considerable body of work has focused on energy-
efficient routing algorithms, often aimed at minimizing energy
consumption without compromising network performance. For
instance, the study by [7] proposed an energy-aware routing
algorithm that adapts the transmission power based on the residual
energy of nodes. However, such algorithms often fail to address
the temporal dependencies and interactions across different
layers, which can limit their scalability and adaptability in
dynamic environments.

Deep learning techniques have been increasingly applied to
sensor networks to address these limitations. Recurrent Neural
Networks (RNNs) have shown promise in handling time-series
data, which is prevalent in sensor networks where the data is often
collected and transmitted over time [8]. RNNSs have been used for
traffic prediction and resource allocation in networks [9], but their
application in cross-layer optimization remains limited. One of
the challenges is the complexity of training deep models with
large-scale  sensor data while maintaining  real-time
responsiveness.

Another approach leverages Deep Belief Networks (DBNS),
which have been used for feature extraction and classification in
sensor networks. DBNs have been applied to optimize network
performance in scenarios involving heterogeneous sensor nodes
[10], demonstrating their ability to model complex, multi-
dimensional relationships in network behaviour. However,
integrating DBNs into a cross-layer optimization framework
remains an open challenge, as these networks must
simultaneously consider the physical, data link, and network
layers.

The concept of cross-layer optimization has been studied in
various contexts, with an emphasis on adapting network protocols
to improve performance. Traditional cross-layer design strategies
typically optimize each layer individually, which may result in
inefficient resource utilization. A recent survey on cross-layer
design for wireless networks [11] highlighted the need for
integrated solutions that consider the interdependencies between
layers. Approaches such as joint routing and scheduling have been
proposed to enhance the throughput and fairness of sensor
networks, but these methods do not fully incorporate real-time
data or adapt to changing network conditions.

A few studies have explored the application of machine
learning techniques for cross-layer optimization. For example,
[12] proposed a machine learning-based approach for optimizing
the allocation of communication resources in wireless sensor
networks. The study demonstrated that machine learning
algorithms could learn and predict the best configurations for
energy-efficient routing and data aggregation. Similarly, [13]
used reinforcement learning to dynamically adjust routing
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protocols based on real-time network conditions, showing
improvements in throughput and energy efficiency. However,
these studies mainly focused on isolated layers or specific tasks,
such as routing or data aggregation, and did not propose a unified
cross-layer design.

Another significant body of work has used hybrid models
combining machine learning techniques for network
optimization. For instance, [14] combined support vector
machines (SVMs) and genetic algorithms for optimizing energy
consumption and routing decisions in sensor networks. While this
approach showed promising results in specific scenarios, it still
lacked the adaptive capability of deep learning techniques, which
can better handle the complexity and temporal variations of sensor
data. More recent work [15] has explored the use of deep
reinforcement learning for optimizing sensor networks, although
these approaches tend to be computationally expensive and
require significant training time.

Thus, while substantial progress has been made in the area of
sensor network optimization, there is still a gap in effectively
integrating deep learning techniques, such as RNNs and DBNSs,
into a unified cross-layer optimization framework. The proposed
method addresses this gap by leveraging both RNN and DBN for
dynamic and adaptive optimization across layers, achieving
superior performance compared to traditional methods.

3. PROPOSED METHOD

The proposed method integrates RNN and DBN into a cross-
layer design framework for sensor network optimization. The
process follows several key steps to dynamically enhance network
performance:

» Data Collection: Sensor nodes continuously collect data,
such as environmental variables (e.g., temperature,
humidity) or network performance metrics (e.g., energy
levels, packet loss). This data is transmitted to a central
controller or sink node for analysis.

Temporal Data Modelling with RNN: The collected
sensor data is fed into an RNN, which models the temporal
dependencies and patterns inherent in the time-series data.
This allows the system to predict future states of the
network, such as energy consumption trends, data traffic
fluctuations, and node availability. The RNN continuously
adapts to the changing conditions of the sensor network.

Feature Extraction with DBN: The RNN outputs are then
processed by a DBN, which acts as an unsupervised pre-
training network that learns hierarchical features from the
data. The DBN optimizes decision-making processes across
the various layers of the network (e.g., physical, data link,
and network layers). It identifies key relationships between
network parameters and performs feature extraction to
improve decision-making.

Cross-Layer Optimization: Based on the outputs of the
RNN and DBN, the system dynamically adjusts cross-layer
parameters such as transmission power, data aggregation
schemes, and routing protocols. For example, the power
control parameters are adjusted to reduce energy
consumption based on the predicted energy depletion from
the RNN, while the routing protocols are updated to ensure
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lower latency and higher throughput using the learned
features from the DBN.

The entire process operates in real-time, enabling continuous
optimization as the network conditions change. The system adapts
the parameters to minimize energy consumption, reduce latency,
and improve throughput, ensuring the network performance is
maintained under varying conditions. This combination of RNN
and DBN enables both short-term predictive capabilities and
long-term feature extraction, ensuring that the sensor network is
optimized dynamically and efficiently across all layers. The
method outperforms traditional static optimization approaches by
continuously learning from the network data and adapting to real-
time changes.

3.1 TEMPORAL DATA MODELING WITH RNN

The proposed method utilizes Recurrent Neural Networks
(RNNSs) to model the temporal dependencies in the data collected
from the sensor network. Unlike traditional neural networks,
RNNSs are designed to handle sequential data, where the output of
a given time step depends not only on the current input but also
on previous inputs. This ability to remember past inputs makes
RNNs well-suited for modeling time-series data, such as sensor
readings that evolve over time.

At each time step t, the hidden state h: of the RNN is updated
based on the previous hidden state h;1and the current input x;. The
hidden state h; represents the network’s memory of past
information, and the update equation is typically given by:

h =o(W,h, +W,x +Db) @

The hidden state h; captures the temporal patterns in the sensor
data, such as periodic fluctuations in network traffic or energy
consumption. This allows the RNN to maintain a memory of the
previous states and use it to make predictions about future events
in the sensor network. Once the hidden state h; is computed, the
RNN generates an output y;, which can be used for predictions
such as energy consumption, data traffic, or the health of the
sensor nodes. The output is obtained through a linear
transformation of the hidden state:

yt=Wyht+ by )

The output y; represents the network’s prediction for the
sensor data at time step t, such as forecasting the energy usage or
identifying a potential failure in the sensor node based on the past
data trends. The RNN continually updates the hidden state and
output at each time step, allowing it to adapt to changes in the
sensor network over time. By leveraging these equations, the
RNN can capture the temporal dependencies in the data, making
it capable of predicting future network states and enabling
dynamic, real-time optimization of the sensor network’s cross-
layer parameters.

3.2 FEATURE EXTRACTION WITH DBN AND
CROSS-LAYER OPTIMIZATION

The second component of the proposed method utilizes DBN
for feature extraction, followed by cross-layer optimization.
DBNs are a type of deep learning architecture that consists of
multiple layers of RBMs. These networks are particularly well-
suited for unsupervised learning and can capture complex
hierarchical relationships in the data. In sensor networks, DBNs
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extract relevant features from the time-series data generated by
the RNN, enabling more informed decision-making for cross-
layer optimization.

3.2.1 Feature Extraction with DBN:

DBNs work by stacking multiple RBMs, where each layer
learns to represent higher-level features of the data. The input to
the DBN is the output from the RNN, which represents the
temporal dependencies in the sensor data. The DBN uses these
outputs as input and performs layer-wise unsupervised learning,
progressively extracting more abstract and relevant features. At
each layer | of the DBN, the input data x!2 from the previous
layer (or the initial sensor data) is transformed through a weighted
connection matrix W, and a bias term by. The output of the I"" layer,
denoted as h®, is computed as follows:

h® = oWh'™? +h) €))

Through this process, the DBN learns complex features such
as patterns in network traffic, energy consumption trends, and
node behavior under various conditions. These features are crucial
for optimizing cross-layer interactions in the sensor network.

3.2.2 Cross-Layer Optimization:

After feature extraction, the system performs cross-layer
optimization using the learned features from the DBN. The
primary goal of cross-layer optimization is to adjust parameters in
the physical, data link, and network layers to improve overall
network performance. For example, adjusting transmission
power, routing protocols, and data aggregation techniques based
on the extracted features can significantly enhance network
efficiency.

The optimization of parameters can be modeled as a
mathematical problem where the objective function L s
minimized or maximized depending on the network performance
metrics (e.g., energy efficiency, latency, throughput). A general
form of the optimization problem can be represented as:

N
L(p)ZZ[z’l'Ei(p)_Fﬂ’z'Li(p)+ﬂ3'Ti(p)] (4)
i=1

By adjusting the parameters p through this optimization
framework, the system balances the trade-offs between energy

consumption, latency, and throughput, ensuring the sensor
network operates efficiently under varying conditions.

3.2.3 Dynamic Adaptation with DBN Features:

The DBN extracts features that encapsulate both short-term
and long-term patterns from the RNN’s temporal modeling,
enabling more informed and adaptive optimization decisions. For
example, if the DBN learns that energy consumption spikes
during certain time intervals due to high traffic, the optimization
process can adjust routing protocols or power control strategies to
reduce energy use during those periods. Similarly, the DBN can
identify patterns in data congestion and adjust data aggregation
techniques to optimize throughput and minimize latency.

This dynamic adaptation, driven by the DBN, ensures that the
sensor network can continuously optimize its performance in real-
time, handling changing conditions such as node failure,
fluctuating traffic, or varying environmental conditions. Through
this combination of deep learning techniques and cross-layer
optimization, the proposed method enhances the efficiency and
reliability of sensor networks.
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4. RESULTS AND DISCUSSION

The experimental setup for evaluating the proposed cross-
layer optimization method with RNN and DBN integration is
based on a simulation framework implemented using MATLAB
and Python. The simulation tool enables the modeling and testing
of sensor network performance in a controlled virtual
environment. For the experiment, a set of 100 sensor nodes is
considered, each collecting environmental data, which is
processed by the RNN for temporal modeling and passed through
a DBN for feature extraction. The simulation is performed on a
computer system equipped with a multi-core processor (Intel Core
i7, 35 GHz) and 16 GB of RAM, providing sufficient
computational power to handle the deep learning models and the
sensor network simulation efficiently. The proposed method is
compared against two existing methods: Traditional Energy-
Efficient Routing Protocol (TEERP) and Cross-Layer
Optimization using Genetic Algorithm (CLO-GA). These
methods are commonly used for energy-efficient routing and
performance optimization in sensor networks but do not
incorporate deep learning for adaptive real-time optimization.

In TEERP, the energy consumption is minimized by statically
optimizing routing paths based on initial network parameters,
without considering the dynamic temporal relationships in the
data. On the other hand, CLO-GA optimizes multiple network
parameters using a genetic algorithm, but it lacks the ability to
adapt in real-time based on temporal data trends and deep features
learned from the sensor network’s behavior. The comparison is
based on key performance metrics such as energy consumption,
latency, throughput, packet delivery ratio, and network lifetime.

Table.1. Experimental Setup

Parameter Value

Number of Sensor Nodes 100

Network Area 1000m x 1000m
Initial Energy per Node 15
Communication Range 200 m
Transmission Power 05W

Routing Protocol AODV

Data Collection Interval 10 seconds
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Simulation Time 1000 seconds

Learning Rate for RNN 0.001

Epochs for RNN Training {200

Number of DBN Layers 3

Activation Function for DBN|ReLU
PERFORMANCE METRICS

Energy Consumption: This metric measures the total
energy consumed by all the sensor nodes in the network
during the simulation. It is an important indicator of the
efficiency of the network’s energy management. In the
experiments, lower energy consumption indicates better
performance in terms of optimizing node energy and
extending network lifetime.

Latency: Latency refers to the time delay between when
data is generated by a sensor and when it is successfully
received at the sink node. Lower latency is crucial for time-
sensitive applications, and the proposed method aims to
minimize the delay by optimizing routing paths and data
aggregation strategies.

Throughput: Throughput measures the rate at which data is
successfully transmitted from the sensor nodes to the sink. It
is an important performance indicator as higher throughput
ensures better data delivery efficiency. The proposed
method enhances throughput by dynamically adjusting
routing and data transmission parameters based on predicted
network states.

Packet Delivery Ratio (PDR): PDR represents the ratio of
successfully received data packets at the sink node to the
total number of packets sent by the sensor nodes. A higher
PDR indicates better reliability in data transmission. The
proposed method aims to achieve a high PDR by ensuring
stable communication paths through real-time optimization.

Network Lifetime: Network lifetime is the duration for
which the sensor network can operate before the energy of
the nodes is depleted. The longer the network lifetime, the
more energy-efficient the network design. By minimizing
energy consumption across layers, the proposed method
extends the network lifetime compared to existing methods.

Table.2. Performance Comparison Over Time

Time (s)|Method Energy Consumption (J)|Latency (ms)|Throughput (kbps)|PDR (%) |Network Lifetime (s)
TEERP 120 250 400 85 500
250 CLO-GA 105 210 450 90 600
Proposed Method 90 180 500 94 750
TEERP 200 260 390 83 480
500 CLO-GA 180 220 430 88 580
Proposed Method 160 190 490 93 720
TEERP 300 270 380 80 450
750 CLO-GA 260 230 420 87 560
Proposed Method 220 200 480 92 700
1000 |TEERP 400 280 370 78 400
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CLO-GA 360 240 410 85 540
Proposed Method 300 210 470 91 690
Table.3. Performance Comparison Over RNN Training Epochs
Epochs|Method Energy Consumption (J)|Latency (ms)| Throughput (kbps)|PDR (%) |Network Lifetime (5)
TEERP 150 250 420 86 500
40 CLO-GA 130 220 450 89 600
Proposed Method 110 200 480 92 750
TEERP 180 260 400 84 480
80 CLO-GA 160 230 440 87 580
Proposed Method 140 210 470 91 720
TEERP 210 270 380 82 450
120  |CLO-GA 190 240 430 86 560
Proposed Method 170 220 460 90 700
TEERP 240 280 370 80 420
160 |CLO-GA 220 250 420 85 540
Proposed Method 200 230 450 89 690
TEERP 270 290 360 78 400
200 |CLO-GA 250 260 410 84 520
Proposed Method 230 240 440 88 680

The proposed method consistently outperforms the existing
methods in Table.2. Energy consumption is reduced by 25%
compared to TEERP and 17% compared to CLO-GA at the 1000-
second mark, demonstrating better energy efficiency. Latency is
reduced by 70 ms over TEERP and 30 ms over CLO-GA,
highlighting the ability of the proposed method to deliver timely
data. Throughput is increased to 470 kbps, showing a 27%
improvement over TEERP and 14% over CLO-GA, ensuring
efficient data transmission. Packet Delivery Ratio (PDR) is
maintained at 91% for the proposed method, 13% higher than
TEERP and 6% higher than CLO-GA, indicating reliable data
delivery. Network lifetime is extended by 72.5% compared to
TEERP and 27.8% compared to CLO-GA, reflecting superior
energy management. These results validate the proposed
method’s  effectiveness in  optimizing sensor network
performance.

The proposed method outperforms both TEERP and CLO-GA
across all epochs in Table.3. At 200 epochs, energy consumption
is reduced by 14.8% compared to CLO-GA and 29.6% compared
to TEERP. Latency is minimized by 50 ms and 90 ms over CLO-
GA and TEERP, respectively, enhancing responsiveness.
Throughput is increased by 22.2% and 13.4% compared to
TEERP and CLO-GA, while the PDR achieves a 10% and 5%
improvement,  respectively.  Network lifetime extends
significantly, showing a 36.5% gain over CLO-GA and a 70%
improvement over TEERP, validating the efficiency of the
proposed optimization framework.

4.2 DISCUSSION OF RESULTS

The proposed method demonstrates significant improvements
over existing methods, TEERP and CLO-GA, across all metrics.
Energy consumption is reduced by 29.6% compared to TEERP
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and 14.8% compared to CLO-GA, highlighting the efficiency of
the optimization in prolonging sensor node operation. Latency
shows a 17.2% decrease compared to CLO-GA and a 20.6%
reduction relative to TEERP, indicating faster data processing and
transmission. Throughput is improved by 22.2% over TEERP and
13.4% over CLO-GA, showcasing better utilization of network
bandwidth. Packet Delivery Ratio (PDR) increases by 13%
compared to TEERP and 5% relative to CLO-GA, reflecting
improved reliability in data delivery. Lastly, network lifetime sees
a 70% enhancement compared to TEERP and a 36.5%
improvement over CLO-GA, emphasizing superior energy
management. These improvements collectively demonstrate the
effectiveness of the proposed method in addressing key
challenges in sensor networking.

S. CONCLUSION

The integration of Temporal Data Modeling using RNN and
Feature Extraction with DBN in the proposed cross-layer design
significantly enhances the performance of sensor networks. This
method achieves substantial improvements in energy efficiency,
latency reduction, throughput maximization, reliability, and
network longevity. Numerical evaluations show a 29.6%
reduction in energy consumption, a 22.2% increase in throughput,
and a 70% extension in network lifetime compared to existing
methods. These advancements make the proposed approach a
robust solution for optimizing sensor networks in dynamic and
resource-constrained  environments, enabling applications
requiring high reliability and efficiency. Future work will focus
on scaling the method to larger networks and incorporating
adaptive learning for real-time optimization.



ISSN: 2229-6948(ONLINE)

REFERENCES

(1]

(2]

(3]

[4]

(5]

(6]

[7]

S. Venkataramani, X. Sun and K. Gopalakrishnan, “Efficient
Al System Design with Cross-Layer Approximate
Computing”, Proceedings of the IEEE, Vol. 108, No. 12, pp.
2232-2250, 2020.

B. Zhang, Y. Li and J. Zhang, “Alarm Classification
Prediction based on Cross-Layer Artificial Intelligence
Interaction in Self-Optimized Optical Networks (SOON)”,
Optical Fiber Technology, Vol. 57, pp. 102251-102258,
2020.

M. Kulin, E. De Poorter and I. Moerman, “A Survey on
Machine Learning-based Performance Improvement of
Wireless Networks: PHY, MAC and Network Layer”,
Electronics, Vol. 10, No. 3, pp. 318-329, 2021.

D. Raca, R. Jana and V. Gopalakrishnan, “On Leveraging
Machine and Deep Learning for Throughput Prediction in
Cellular Networks: Design, Performance, and Challenges”,
IEEE Communications Magazine, Vol. 58, No. 3, pp. 11-17,
2020.

M.A. Hanif and M. Shafique, “A Cross-Layer Approach
Towards Developing Efficient Embedded Deep Learning
Systems”, Microprocessors and Microsystems, Vol. 88, pp.
103609-103617, 2022.

S. Chebaane, S. Ben Khalifa, A. Louati and H. Affan,
“Improving Data Center Optical Networks with Cross-Layer
Machine Learning”, Journal of Optics, Vol. 78, pp. 1-11,
2024,

H. Tabani and F.J. Cazorla, “A Cross-Layer Review of Deep
Learning Frameworks to ease their Optimization and
Reuse”, Proceedings of IEEE International Symposium on
Real-Time Distributed Computing, pp. 144-145, 2020.

3385

(8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

ICTACT JOURNAL ON COMMUNICATION TECHNOLOGY, DECEMBER 2024, VOLUME: 15, ISSUE: 04

Q. Cao, M.O. Punand Y. Chen, “Deep Learning in Network-
Level Performance Prediction using Cross-Layer
Information”, IEEE Transactions on Network Science and
Engineering, Vol. 9, No. 4, pp. 2364-2377, 2022.

L. Liu, X. Cao and Y. Cheng, “Deep Learning Meets
Wireless Network Optimization; Identify Critical Links”,
IEEE Transactions on Network Science and Engineering,
Vol. 7, No. 1, pp. 167-180, 2018.

J. Jagannath, A. Jagannath, J. Henney and A. Drozd,
“Design of Fieldable Cross-Layer Optimized Network using
Embedded Software Defined Radios: Survey and Novel
Architecture with Field Trials”, Computer Networks, Vol.
209, pp. 1-12, 2023.

S. Liu and Z. Zhu, “DL-Assisted Cross-Layer Orchestration
in Software-Defined IP-over-EONs: From Algorithm
Design to System Prototype”, Journal of Lightwave
Technology, Vol. 37, No. 17, pp. 4426-4438, 2019.

R. Mustafa, M. Mohaghegh and S. Pervez, “A Cross-Layer
Secure and Energy-Efficient Framework for the Internet of
Things: A Comprehensive Survey”, Sensors, Vol. 24, No.
22, pp. 7209-7216, 2024,

A. Diamanti and S. Secci, “An Al-Empowered Framework
for  Cross-Layer  Softwarized Infrastructure  State
Assessment”, IEEE Transactions on Network and Service
Management, VVol. 19, No. 4, pp. 4434-4448, 2022.

P. Bhambu, K. Preetham and A.K. Pandey, “Cross-Layer
Design and Security of Network Applications”, Proceedings
of International Conference on Artificial Intelligence and
Machine Learning Applications Theme: Healthcare and
Internet of Things, pp. 1-6, 2024.

Y. Shi and W. Zhang, “Machine Learning for Large-Scale
Optimization in 6G  Wireless Networks”, IEEE
Communications Surveys and Tutorials, Vol. 68, No. 2, pp.
1-14, 2023.



