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Abstract

Wireless Sensor Networks (WSNSs) are integral to numerous applications, ranging from environmental
monitoring to smart cities, due to their ability to provide real-time data collection and transmission.
However, the inherent limitations of WSNs, such as constrained energy resources and security
vulnerabilities, necessitate the development of innovative routing protocols to enhance their efficiency
and reliability. This survey explores the current trends and future prospects of enhancing security and
energy efficiency in WSNs through the integration of Swarm Intelligence (SI) and Artificial
Intelligence (Al) techniques. We provide a comprehensive review of various Sl-based routing
protocols, including Ant Colony Optimization (ACO), Particle Swarm Optimization (PSO), Bee
Colony Optimization (BCO), and slime mould-inspired algorithms. Additionally, we examine how Al
methodologies, such as machine learning and deep learning, are being leveraged to address the
challenges of WSNs, particularly in terms of adaptive security measures and energy-efficient data
routing. The survey highlights significant advancements in the field, showcases comparative analyses
of existing protocols, and identifies key areas for future research. Our findings indicate that the
convergence of Sl and Al holds substantial promise for developing robust, efficient, and secure WSNSs,
paving the way for more resilient and intelligent network solutions.
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1. Introduction

WSNs have become pivotal in various domains, including environmental monitoring, healthcare,
industrial automation, and smart cities, due to their capability to collect and transmit real-time data
from diverse environments. Despite their widespread applications, WSNSs face significant challenges
stemming from their inherent limitations such as constrained energy resources, limited computational
power, and susceptibility to security threats. These challenges necessitate the development of advanced
routing protocols that can enhance both the energy efficiency and security of WSNs [1].

Sl and Al have emerged as promising approaches to address these challenges in WSNs. S, inspired
by the collective behavior of social organisms like ants, bees, and slime moulds, offers decentralized
and scalable solutions for optimizing routing protocols. Algorithms such as Ant Colony Optimization
(ACO), Particle Swarm Optimization (PSO), Bee Colony Optimization (BCO), and slime mould-
inspired protocols have demonstrated significant potential in improving the energy efficiency and
robustness of WSNs.

Al techniques, particularly machine learning and deep learning, further augment these capabilities by
enabling adaptive and predictive routing strategies. Al can enhance the security of WSNs by detecting
and mitigating potential threats, and can optimize energy consumption through intelligent data
aggregation and transmission strategies [2].

This survey provides a comprehensive review of the current trends and future prospects in enhancing
security and energy efficiency in WSNs through the integration of SI and Al techniques. We explore
various Sl-based routing protocols and their comparative performance, and examine how Al
methodologies are being leveraged to develop more resilient and intelligent WSNs. By identifying key
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areas for future research, this survey aims to guide the development of robust, efficient, and secure
WSN solutions that can meet the demands of evolving applications.

2. Wireless Sensor Networks (WSNs)

WSNs consist of small, autonomous sensor nodes capable of sensing, processing, and communicating
data wirelessly. It enables real-time monitoring and data collection in diverse environments, from
environmental monitoring to industrial automation [10]. The key Components of WSNs are,

e Sensor Nodes: Small devices equipped with sensors (e.g., temperature, humidity) and limited
computational resources.

e Wireless Communication: Nodes communicate wirelessly using protocols such as Zigbee,
Bluetooth, or Wi-Fi.

e Base Station (Sink): Central node to collect and process data from sensor nodes.
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Figure 1: Wireless Sensor Network architecture.

The diagram illustrates a WSN configuration featuring a base station, sensor nodes, and users. The
base station serves as a central hub for data collection and communication within the network. Sensor
nodes equipped with various sensors, gather environmental or system data and transmit it wirelessly
using routing protocols such as Zigbee, Bluetooth, or Wi-Fi. These protocols enable reliable
communication between nodes and the base station, facilitating real-time monitoring and data
transmission.

WSNs are integral to modern applications across various domains. They facilitate real-time monitoring
and data collection in environments where traditional methods are impractical. Applications range
from environmental monitoring, where WSNs track air and water quality, to healthcare, enabling
remote patient monitoring and asset tracking. In industrial settings, WSNs support predictive
maintenance by monitoring machinery conditions, thereby enhancing operational efficiency and
minimizing downtime [11].

Table.2. Applications of WSNs

Application Description
Environmental | Tracks air quality, water quality, and climate parameters like temperature and
Monitoring pollution levels.
Enables remote patient monitoring and asset tracking within medical
Healthcare o
facilities.
. Supports predictive maintenance by monitoring machinery conditions such
Industrial 10T .
as temperature, vibration, and pressure.
Real-Time Data Provides continuous monitoring capabilities in remote or hazardous
Collection environments.
Efficiency and Helps optimize resource management and operational efficiency in various

Optimization sectors.
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2.1. Routing Protocols
Routing protocols in WSNs are crucial for enabling efficient data transmission and management
among sensor nodes. These protocols determine how data packets are routed from the source nodes to
the destination or sink nodes, considering the unique constraints and characteristics of WSNs. Types
of Routing Protocols are,
e Proactive (Table-Driven) Protocols: These protocols maintain up-to-date routing information for
all nodes in the network. Examples include Optimized Link State Routing (OLSR) and Destination-
Sequenced Distance Vector (DSDV).
e Reactive (On-Demand) Protocols: Reactive protocols establish routes only when needed,
reducing overhead. Examples include Ad-hoc On-Demand Distance Vector (AODV) and Dynamic
Source Routing (DSR).
e Hybrid Protocols: Combining proactive and reactive approaches to balance between maintaining
routes and minimizing route discovery latency. Hybrid protocols include Zone Routing Protocol
(ZRP).
Some common routing protocols used in WSNs are described in below table:
Table3. Routing protocols
Routing Protocol Type Description
OLSR (Optimized Link Proactive Maintains a complete topology of the network with

State Routing) (Table- periodic updates. Nodes exchange link state
9 Driven) information to build and maintain routes.
DSDV (Destination- Proactive
. Uses sequence numbers to ensure loop-free paths and
Sequenced Distance (Table-
. selects the shortest path based on the number of hops.
Vector) Driven)

AODV (Ad-hoc On- Reactive Establishes routes only when needed by flooding route

Demand Distance Vector) 5 e(ragr-ld) requests and malntalnlngursc;utes as long as they are in
. Routes packets using source routing where each
Reactive

DSR (Dynamic Source packet carries a list of nodes to traverse. Routes are

Routing) (On- discovered and maintained using route discovery and
Demand) .
route maintenance phases.
Divides the network into zones where proactive
ZRP (Zone Routing Hvbrid routing is used within zones and reactive routing
Protocol) y between zones. Combines the advantages of both
proactive and reactive protocols.
LEACH (Low Energy Utilizes clustering to extend network lifetime by
. ; Cluster- . ;
Adaptive Clustering rotating cluster heads that perform data aggregation
. Based .
Hierarchy) and transmission.
SPIN (Sensor Protocols Minimizes communication overhead by disseminating
for Information via Data-Centric data using query and data packets, enabling in-
Negotiation) network processing.
TORA (Tempor_ally- Proactive Uses directed acyclic graphs (DAGS) to maintain
Ordered Routing (Table- routes, adjusting to topological changes dynamicall
Algorithm) Driven) » ad) g polog ges dy y

PEGASIS (Power-
Efficient Gathering in
Sensor Information
Systems)

Organizes nodes in a chain to transmit data
Chain-Based sequentially to reduce energy consumption by
minimizing radio usage.

Design Challenges in Routing Protocols for WSNs

e Minimal Computational and Memory Requirements: Routing algorithms must have low
processing overhead suitable for low-end CPUs and limited memory of sensor nodes.

e Autonomicity and Self-Organization: Routing protocols need to autonomously manage network
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changes, such as node additions, failures, and battery depletion, to ensure continuous operation.
e Energy Efficiency: Minimize the number of transmissions and distribute data forwarding across
multiple paths to extend the operational lifetime of sensor nodes and the network.
e Scalability: Able to scale effectively to support large deployments of nodes, handling challenges
like radio interference, long communication paths, and unpredictable node failures.
e Architecture Matching Traffic Patterns: Adapt routing strategies based on specific traffic patterns
(event-driven, query-driven, continuous monitoring) to optimize energy consumption and network
performance.
e Support for In-Network Data Aggregation: Implement mechanisms to aggregate redundant data
locally within the network to reduce transmission overhead and conserve energy and resources.
These challenges highlight the critical considerations for designing efficient and effective routing
protocols tailored for the unique characteristics and constraints of Wireless Sensor Networks [12].

2.2.  Taxonomy of Routing Protocols for WSNs

WSNs are unique networks consisting of resource-constrained sensor nodes that gather and transmit
data. Routing protocols for WSNs are crucial for efficiently delivering this data while considering the
limitations of these sensor nodes, such as limited battery power and processing capabilities. There are
several ways to classify WSN routing protocols. Here's a breakdown of the main categories:

i. Network Structure-Based Routing Protocols

e Flat Routing Protocols: In flat routing, all nodes play similar roles and collaborate to route data
towards the sink (base station). This approach is simple but can be energy-consuming for large
networks due to the long multi-hop communication paths.
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Figure.2. Flat Routing Protocol for WSNs
e Hierarchical Routing Protocols: These protocols organize the network into clusters with cluster
heads aggregating data from regular sensor nodes. This reduces long-distance transmissions, saving
energy. LEACH (Low-Energy Adaptive Clustering Hierarchy) is a popular hierarchical routing
protocol for WSNs [13].
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Figure.3. Hierarchical Routing Protocol for WSNs

e Location-Based Routing Protocols: These protocols leverage the location information of sensor
nodes for efficient routing. Geographical routing protocols fall under this category.

ii. Route Discovery-Based Routing Protocols

e Proactive Routing Protocols: These protocols maintain routing tables with pre-computed paths to
the sink. This approach offers low latency but consumes more energy due to the continuous route
maintenance overhead. DSDV (Destination-Sequenced Distance Vector) is an example of a proactive
routing protocol.

e Reactive Routing Protocols: On-demand routing protocols discover routes only when needed,
reducing control message overhead. However, they may introduce delays when finding paths for the
first time. AODV (Ad hoc On-Demand Distance Vector) is acommonly used reactive routing protocol.
e Hybrid Routing Protocols: These protocols combine features of proactive and reactive
approaches, aiming for a balance between efficiency and adaptability.

3. Other Classification Schemes

e Query-Based Routing Protocols: Data is delivered based on specific queries initiated by the sink.
e Multipath Routing Protocols: Utilize multiple paths for data transmission, improving reliability
and fault tolerance.

e QoS-Based Routing Protocols: Prioritize data packets based on QoS requirements for real-time
applications.

The choice of routing protocol for a WSN application depends on various factors like network size,
data traffic patterns, energy constraints, and desired latency [14].

3. Exploring Swarm Intelligence for Efficient WSN Communication

Swarm Intelligence (SI) offers a promising approach for WSN routing. SI algorithms are inspired by
the collective behavior of social insects or other animal groups, where individual agents with simple
rules cooperate to achieve complex goals. This review focuses on four prominent Sl-based routing
protocols: Ant Colony Optimization (ACO), Particle Swarm Optimization (PSO), Bee Colony
Optimization (BCO), and slime mold-inspired algorithms.

Sl algorithms mimic the behaviour of natural swarms like ant colonies or beehives. These algorithms
involve a population of agents that interact with their environment and each other. Through this
interaction, the agents learn and adapt, collectively finding optimal solutions to problems. In WSN
routing, agents represent sensor nodes, and the environment represents the network topology. The goal
is to find efficient paths for data transmission while minimizing energy consumption and maximizing
network lifetime. Some Sl algorithms are listed below,
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e Ant Colony Optimization (ACO): Inspired by the foraging behaviour of ants, ACO algorithms
leverage the concept of pheromone trails. Ants deposit pheromone trails while searching for food, and
stronger trails indicate more efficient paths. In WSN routing, ACO uses virtual pheromone trails on
potential paths. Ants (agents) explore the network, depositing "virtual pheromone” on good paths,
which guides other ants towards efficient routes.

e Particle Swarm Optimization (PSO): Inspired by the flocking behaviour of birds, PSO algorithms
involve particles (agents) representing potential solutions (routes). Each particle moves through the
search space based on its own velocity and the experience of itself and its neighbors. In WSN routing,
particles represent potential paths and update their positions based on their own best position found so
far (pbest) and the best position found by the entire swarm (gbest).

e Bee Colony Optimization (BCO): Inspired by the foraging behaviour of honeybees, BCO
algorithms involve bees (agents) searching for food sources and communicating their findings through
a "waggle dance.” In WSN routing, employed bees search for good paths, while onlooker bees choose
paths based on the information shared by employed bees. Scout bees explore new areas when existing
sources become depleted.

e Slime Mold-inspired Algorithms: Inspired by the slime mold Physarum polycephalum, which can
efficiently find the shortest paths between food sources, these algorithms model the slime mold's ability
to expand and contract its network based on nutrient availability. In WSN routing, the slime mold
model helps identify efficient paths for data transmission based on factors like distance and energy
consumption.

Each Sl algorithm has its own strengths and weaknesses. The choice of a specific algorithm for a WSN
application depends on various factors:

o Network size and complexity: ACO and BCO may be suitable for larger networks due to their
adaptability.

« Traffic patterns: PSO may be efficient for static traffic patterns due to its fast convergence.

o Energy constraints: Slime mold algorithms may be promising for their focus on efficient path
selection.

Sl-based routing protocols offer a promising approach for WSNs due to their adaptability, robustness,
and potential for energy efficiency. As research in this area continues to evolve, Sl algorithms are
expected to play an increasingly important role in optimizing WSN performance [15].

3.1.  Future Directions
o Hybrid approaches combining SI with other routing techniques: Developing hybrid protocols
that integrate the strengths of Sl algorithms with traditional routing techniques could lead to more
robust and efficient routing solutions for WSNs.
o Developing SI algorithms specifically tailored for energy-constrained WSN environments:
Research focused on optimizing Sl algorithms for low-energy consumption could significantly extend
the operational lifetime of WSNSs.
« Investigating the application of new Sl-inspired models: Exploring novel Sl-inspired models,
such as those based on swarm robotics, could provide innovative solutions for WSN routing
challenges.
This review provides a starting point for understanding Sl-based routing protocols for WSNs. By
delving deeper into specific algorithms and ongoing research, you can gain a more comprehensive
understanding of this exciting and evolving field.

Table.4. Comparison and Discussion

Algorithm Strengths Weaknesses Best Use Cases
Adaptable, good for dynamic May converge to local Large, dynamic
ACO ) . i
networks optima, high complexity networks
PSO Fast convergence, simple Prone to local optima, Static traffic
implementation sensitive to parameters patterns
BCO Balanced exploration/exploitation, | Computationally expensive, | Large, dynamic
dynamic environments susceptible to stagnation networks
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Slime Adaptable to network changes, New research area, limited | Energy-efficient
Mold good fault tolerance implementations path selection

4. Artificial Intelligence (Al) Empowers WSNs

Al methodologies, particularly Machine Learning (ML) and Deep Learning (DL), are revolutionizing
the capabilities of WSNs. These technologies address critical challenges such as adaptive security
measures and energy-efficient data routing, making WSNs more robust and efficient [16].

4.1. ML in WSNs

e Adaptive Security Measures: Machine learning algorithms can analyze incoming data from WSNs
to detect anomalies that may indicate security breaches or unauthorized access. By learning patterns
from historical data, these algorithms can improve intrusion detection systems, enhancing the overall
security posture of WSNSs.

e Predictive Maintenance: ML models can predict when sensor nodes or network components are
likely to fail, enabling proactive maintenance and reducing downtime. This predictive capability helps
in optimizing the lifespan of WSNs and minimizing operational disruptions.

4.2. DL for Data Routing and Optimization
e Energy-Efficient Routing: DL models can analyze vast amounts of data generated by WSNs,
including environmental factors and network traffic patterns. By predicting future data demands and
optimizing routing paths, DL enhances energy efficiency by minimizing unnecessary data transmission
and reducing the workload on sensor nodes.
e Complex Pattern Recognition: DL excels in identifying complex patterns within WSN data, such
as environmental changes or abnormal network behaviors. This capability is crucial for detecting
subtle anomalies that traditional algorithms might overlook, thereby improving the reliability and
accuracy of WSN operations.
In summary, Al methodologies play a pivotal role in advancing the capabilities of WSNs by improving
security measures, optimizing energy usage, and enabling intelligent decision-making based on real-
time data analysis. As Al progresses, its incorporation with WSNs holds the potential to enable the
development of more intelligent, efficient, and robust wireless networks.

Table.5. ML Algorithms in WSNs

ML Algorithm Advantages Disadvantages
Effective in high-dimensional Not suitable for large datasets.
Support Vector spaces. Sensitive to noise
Machines (SVM) Memory efficient. '

Versatile with different kernels. Challenging parameter selection.

Computationally intensive.
Can be biased towards features
with more levels.
Complex interpretation.
Assumes feature independence.
Poor performance with correlated
features.

Sensitive to irrelevant features.
Computationally expensive during
testing.

Sensitive to k value.
Requires storing all training data.

Robust against over fitting.
Random Forests Handles large datasets.
Provides feature importance.

Simple and easy to implement.
Naive Bayes Fast training and prediction.
Handles missing values.

Intuitive and easy to understand.
No training phase.
Robust to noisy data.

K-Nearest Neighbors
(KNN)

Easy to interpret and visualize. Prone to over fitting.
Decision Trees Handles numerical and categorical High variance.
data. Not suitable for smooth decision

Robust to outliers. boundaries.
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This table provides a concise overview of various ML algorithms used in WSNs, highlighting their
advantages and disadvantages. SVM are effective in high-dimensional spaces and versatile but struggle
with large datasets and noise. Random Forests are robust and handle large datasets well, yet they are
computationally intensive and can be biased. Naive Bayes is simple and fast but assumes feature
independence and performs poorly with correlated features. KNN is intuitive and robust to noise but
computationally expensive and sensitive to the choice of k. Decision Trees are easy to interpret and
handle various data types but are prone to over fitting and high variance [17].

Table.6. DL Algorithms in WSNs

DL Architecture

Advantages

Disadvantages

Convolutional Neural

Excellent for spatial data.
Learns feature hierarchies.

Requires large data and
computational resources.

Networks (CNN) Robust to translation. Complex interpretation.
Suffers from gradient
Recurrent Neural Processes sequential data. proble_m_s.
Slow training.

Networks (RNN) Captures temporal dependencies.

Struggles with long-term
dependencies.
Computationally intensive.
Prone to overfitting with
small data.
Complex interpretation.
High computational demand.
Prone to overfitting.

Solves vanishing gradient issue.
Maintains long-term dependencies.
Handles varying sequences.

Long Short-Term
Memory (LSTM)

Deep Convolutional

Neural Networks Deeper layers for complex features.

Suitable for large-scale image data.

(DCNN) Complex interpretation.
Limited by architecture and
Unsupervised feature learning. loss function.
Autoencoders Data compression. Requires large representative

Enhances anomaly detection. data.

Quality dependent.

This table provides an overview of various DL architectures used in WSNs, along with their advantages
and disadvantages. CNN excel at spatial data and feature learning but require large datasets and
computational resources. RNN handle sequential data well, capturing temporal dependencies, yet they
suffer from gradient problems and slow training. Long LSTM networks address gradient issues and
maintain long-term dependencies but are computationally intensive and prone to overfitting with small
datasets. DCNN offer deeper layers for complex features in large-scale image data but have high
computational demands and a tendency to overfit. Autoencoders facilitate unsupervised feature
learning and data compression, enhancing anomaly detection, but are limited by their architecture and
data quality requirements [22].

5. Suggested model: Integrated Network Enhancement

Our proposed research model integrates protocol evaluation, optimization algorithms (ACO, PSO),

and ML/DL for anomaly detection in Wireless Sensor Networks. This holistic approach aims to

enhance network efficiency, scalability, and security through advanced computational techniques
Phase 1: Protocol Evaluation and Cluster Head Selection

Evaluate WSN routing protocols and explore methods for selecting cluster heads in hierarchical
networks like LEACH.

Phase 2: Optimization Algorithms

Develop and assess optimization algorithms (e.g., ACO, PSO) to enhance routing efficiency,
focusing on energy savings and scalability.
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Phase 3: ML and DL for Anomaly Detection

Implement ML/DL techniques for detecting anomalies and enhancing security in WSNs,
comparing their effectiveness with traditional methods.

Figure.3.Propsed Model

6. Conclusion

The integration of SI and Al techniques offers significant potential to enhance the security and energy
efficiency of WSNs. Sl-based algorithms such as ACO, PSO, BCO, and slime mold-inspired
algorithms provide decentralized, scalable, and robust solutions for optimizing routing protocols, while
Al methodologies, particularly ML and DL, enable adaptive security measures and energy-efficient
data routing. This comprehensive survey highlights the advancements in these fields, showcasing how
the convergence of SI and Al can lead to more resilient and intelligent WSNs. Future research should
focus on developing hybrid approaches that combine the strengths of Sl and traditional routing
techniques, tailoring Sl algorithms specifically for energy-constrained WSN environments, and
exploring new Sl-inspired models. Additionally, advancements in Al, particularly in the areas of
reinforcement learning and explainable Al should be leveraged to further optimize WSN performance
and address emerging challenges in the field.
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