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ABSTACT

Energy efficiency is a crucial factor in enhancing the performance and longevity of Wireless Sensor Networks
(WSNSs), especially in resource-constrained environments. Traditional routing algorithms often fail to strike a
balance between energy consumption and network lifespan, leading to inefficient data transmission and rapid
depletion of nodes. To address these challenges, this research introduces HRL-ACO (Hybrid Reinforcement
Learning Ant Colony Optimization), an advanced algorithm that builds upon ACO-Tu by integrating
reinforcement learning-based pheromone adjustments to optimize routing in WSNs. HRL-ACO enhances
existing routing methodologies by leveraging adaptive pheromone updates and reinforcement learning-driven
route selection, ensuring optimal cluster head selection and energy-efficient data flow towards the mobile sink.
The proposed algorithm is compared with existing models, including HACdac, ACO-MS, GA-ACO, RPGA, and
ACO-Tu, demonstrating superior energy efficiency and improved network longevity. Experimental results
reveal that HRL-ACO reduces energy consumption by up to 42.1%, further extending the network lifetime and
enhancing performance. Statistical validation, including the Wilcoxon Rank Sum Test, confirms the significance
of HRL-ACO's improvements. The findings highlight HRL-ACO's capability as a robust, energy-efficient
routing solution, offering significant potential for applications in smart cities, environmental monitoring, and
industrial automation. This novel approach establishes a new benchmark in WSN optimization, surpassing
ACO-Tu in accuracy and efficiency.

Keywords: Energy-efficient routing, HRL-ACO Algorithm, Ant Colony Optimization (ACO), Reinforcement
Learning, Metaheuristics, Swarm Intelligence, Optimization, Mobile Sink, Clustering

INTRODUCTION

Importance of Wireless Sensor Network (WSNs)

Wireless Sensor Networks (WSNs) are quickly becoming a revolutionary technology in various fields, such as
environmental monitoring, industrial automation, medical care, and smart cities. A WSN is formed by deploying
multiple sensor nodes that collect data, process it, and transmit it to a sink node in real-time (Akyildiz et al., 2002).
These networks are designed to work in resource-constrained environments, with energy consumption as a significant
challenge due to the limited lifetime of the sensor node's batteries (Pantazis et al., 2013),

Energy efficiency directly affects several factors, such as the lifetime of a network, communication reliability, and
overall system performance (Yick et al., 2008). Most routing techniques are diseased with the malady of
inhomogeneous energy exhaustion because such routing schemes cause specific nodes to consume their ultimate energy
much earlier than others leading to complete network failure (Sharma et al., 2019). Hence, developing energy-efficient
routing protocols is vital for prolonging the lifespan of WSNSs that carry data for reliability in transmission.
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The Need for Efficient Routing in Algorithms

Routing in WSN is mainly challenging because dynamic network conditions are factored into node mobility and
varying energy constraints (Al-Karaki and Kamal, 2004). WSN routing is not just about energy, data latency, and even
consider network scalability against a wired network in the traditional sense. The main routing stages include:

. Proactive Routing (Table-Driven Routing): It keeps fresh view of the network but suffers from high overhead
due to frequent updates (Perkins and Royer, 1999).

. Reactive Routing (On-Demand Routing): Cost is reduced by finding routes only when they are needed, but the
cost is additional latency (Johnson and Maltz, 1996).

. Hybrid Routing: It combines proactive and reactive but uses quite complex control mechanisms (Boukerche et al.,
2011).

. Metaheuristic Based Routing: Optimizes the energy usage through intelligent path selection inspired by nature
(Kennedy and Eberhart, 1995).

For routing complaints in WSN, metaheuristic algorithms like Ant Colony Optimization (ACO), Particle Swarm
Optimization (PSO), and Genetic Algorithms (GA) have been researched extensively. Among these, ACO-based
algorithms have proven very promising due to their flexibility and optimized dynamic techniques for finding the best
paths (Dorigo et al., 1996).

Ant colony optomization(ACO) and its Limitation

Ant Colony Optimization (ACO) and Its Limitations: The ant colony optimization is a bio-inspired algorithm imitating
the foraging behavior of ants. ACO routing in WSNs allows for nodes to find paths for the efficient transmission of
data with the help of pheromone trail-based learning. The algorithm has been widely used for many network
optimization problems, including energy-efficient routing.

Nonetheless, classic ACO features several limitations:

« High Computational Overhead: Pheromone updates are done repeatedly, thus raising the processing complexity
(Saleem et al., 2011).

« Slow Convergence: Path discovery takes too long from the start and almost inhibits real-time application (Zungeru
etal., 2012).

o Unbalanced Energy Utilization: Excessive transmission loads on some nodes cause energy depletion and
fragmentation of the network (Wang et al., 2020).

Through the assessment of the mentioned challenges, we've proposed a new model, more efficient in terms of ACO
energy-aware routing forWSN-Ant-ACO-based-Algorithms.

4. The Introduction of ACO-Tu: A More Efficient ACO Variant

ACO-Tu (Ant Colony Optimization-Tuned) enhances traditional ACO in two main ways:

« Optimized Cluster Formation: Balances energy consumption in reaching the sink nodes.

« Reduced Pheromone Evaporation: Keeps pheromones for a longer time (i.e., reduces update frequency) to keep
systems free of overhead.

« Dynamic Sink Movement Handling: Provide reasonably good data routing toward a mobile sink.

« Energy-Aware Selection Mechanism: It ensures that paths are selected considering the residual energy.

In contrast to currently available ACO-based methods, ACO-Tu is also capable of dynamically varying the pheromone
deposition rate to achieve energy efficiency and enhanced performance of the network.

5. Comparison with Existing Algorithms
This class of metaheuristic-based routing algorithms has indeed been advanced to address energy constraints in WSNs.
The following presents an overview of some key algorithms with respect to their energy efficiency factors.

Table 1: Overview of Existing Routing Algorithms and Their Energy Efficiency

: Optimization . Efficiency ||, . .. ..
Algorithm Method Energy Consumption Formula Eactor Limitations
Hybrid - ACO NodesClustersx0.85\frac{\text{Nodes} }{\text{Clusters}} |(85% Higher overhead
HACdac |land Data \ti | q o inl K
Aggregation times 0.85ClustersNodesx0.85 efficient |[in large networks
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. Optimization . Efficiency ||, ... ..
Algorithm Method Energy Consumption Formula Factor Limitations
| [[Clustering || I I
ACO-MS f/lil?i—Sinleth NodesClustersx0.90\frac{\text{Nodes}}{\text{Clusters}} |(90% ;gi\? imbalance,
. \times 0.90ClustersNodesx0.90 efficient
Routing convergence
Genetic
GA-ACO Algorithm with[|NodesClustersx0.95\frac{\text{Nodes}}{\text{Clusters}} [|95% Computationally
ACO \times 0.95ClustersNodesx0.95 efficient |[expensive
Hybridization
Routing
RPGA Protocol using||NodesClustersx0.75\frac{\text{Nodes}}{\text{Clusters}} |[75% Suboptimal route
Genetic \times 0.75ClustersNodesx0.75 efficient  ||selection
Algorithm
Tuned = ACO Most Optimized for
ACO-Tu with Dynamic||NodesClustersx0.65\frac{\text{Nodes}}{\text{Clusters}} Efficient en%r aware
Cluster \times 0.65ClustersNodesx0.65 gy
Selection (65%0) routing

As evident from Table 1, ACO-Tu outperforms all other algorithms by reducing energy consumption by up to 31.6%
compared to GA-ACO and by 23.5% compared to HACdac.

While ACO-Tu demonstrates significant improvements in energy-efficient routing, recent advancements in
metaheuristic optimization, such as the Multi-Objective Grey Wolf Optimizer (MOGWO) and Hybrid PSO-ACO, have
shown even better performance in some scenarios. These algorithms leverage dynamic adaptability and multi-objective
optimization, making them potential alternatives for enhancing WSN routing efficiency. This paper explores their
comparative performance with ACO-Tu in later sections

6. Limitations of Existing Algorithms
Despite advancements in metaheuristic-based routing, existing algorithms still have critical limitations that impact their
energy efficiency and scalability in WSNs:

e HACdac: While effective in reducing energy usage, it suffers from high network overhead due to frequent
data aggregation and increased computational requirements.

e ACO-MS: Performs well in handling mobile sinks, but struggles with load balancing among cluster heads,
leading to uneven energy depletion.

e GA-ACO: Achieves high efficiency through genetic optimization, but comes at the cost of increased
computational complexity, making it unsuitable for real-time WSN applications.

e RPGA: Uses genetic algorithms for route selection, but its approach often results in suboptimal path
selection, causing higher latency and unnecessary energy wastage.

e ACO-Tu: While ACO-Tu significantly improves energy efficiency, it still has limitations in terms of global
optimization and adaptability to highly dynamic WSN environments.

¢ MOGWO & Hybrid PSO-ACO: Recent algorithms like Multi-Objective Grey Wolf Optimizer
(MOGWO) and Hybrid PSO-ACO have demonstrated superior adaptability and energy efficiency by
leveraging multi-objective optimization. These algorithms will be analyzed further in later sections to
evaluate their potential advantages over ACO-Tu.

7. Contribution of This Paper

In this paper, we:

e« Propose ACO-Tu as an improved version of ACO for energy-efficient WSN routing, optimizing cluster
formation and pheromone-based path selection.

e Compare ACO-Tu with existing algorithms (HACdac, ACO-MS, GA-ACO, RPGA) to demonstrate its
efficiency in reducing energy consumption.

. Introduce and analyze MOGWO & Hybrid PSO-ACO as potential alternatives that could outperform ACO-
Tu in dynamic network conditions.
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. Validate experimental results using multiple datasets and statistical analysis.

Showing that ACO-Tu reduces energy consumption by up to 31.6% compared to GA-ACO while discussing
scenarios where newer algorithms may provide better optimization.

The rest of this paper is structured as follows: Section 2 (Related Work) reviews existing metaheuristic-based routing
algorithms in WSNs, highlighting their advantages and limitations, including recent advancements such as Multi-
Objective Grey Wolf Optimizer (MOGWO) and Hybrid PSO-ACO. Section 3 (Methodology: ACO-Tu
Algorithm) presents the proposed ACO-Tu approach, detailing its optimization strategy, clustering mechanism, and
energy efficiency improvements. Section 4 (Experimental Setup) describes the datasets, simulation parameters, and
performance evaluation metrics used for comparing ACO-Tu with other algorithms. Section 5 (Results and Discussion)
analyzes the performance of ACO-Tu, comparing it against HACdac, ACO-MS, GA-ACO, and RPGA in terms of
energy consumption, efficiency, and network lifetime, supported by statistical analysis and visualization. Section 6
(Comparison with More Advanced Algorithms and Future Perspectives) introduces MOGWO and Hybrid PSO-
ACO, evaluating their efficiency in dynamic network conditions and discussing whether they can serve as better
alternatives to ACO-Tu. Section 7 (Conclusion and Future Work) summarizes the findings, emphasizing ACO-Tu’s
contributions to energy-efficient WSN routing while analyzing scenarios where more advanced algorithms may
provide superior optimization and suggesting directions for future research and improvements.

RELATED WORK

Energy Efficiency Routing In Wireless Sensor Networks

Wireless Sensor Networks (WSNSs) have gained substantial recognition over the last few years because of their large
spectrum of applications, ranging from environmental monitoring, industrial automation, or healthcare to military
surveillance. However, one of the main challenges faced by WSNs is energy efficiency, as sensor nodes have limited
battery life and operational feasibility for recharging is few and far between (Pantazis et al., 2013) [1].

Energy-efficient routing implies the identification of methods wherein network performance is enhanced while power
consumption is made minimal. Routing protocols used in WSNs can be classified into broad categories: proactive,
reactive, and hybrid routing schemes (Akyildiz et al., 2002) [2]. Classical routing algorithms LEACH (Low Energy
Adaptive Clustering Hierarchy) (Heinzelman et al., 2000) [3], PEGASIS (Power-Efficient GAthering in Sensor
Information Systems) (Lindsey & Raghavendra, 2002) [4], and TEEN (Threshold-sensitive Energy Efficient sensor
Network protocol) (Manjeshwar & Agrawal, 2001) [5] use hierarchical clustering to uniformly distribute energy
consumption in the network. However, they have limitations such as formation of uneven clusters, fast energy drainage
on cluster heads (CHs), and lack the ability to adapt to changing networks conditions (Abbasi & Younis, 2007) [6].To
address these limitations, the search for energy-efficient routing was expanded to include nature-inspired metaheuristic
algorithms such as Ant Colony Optimization (ACO), Particle Swarm Optimization (PSO), and Genetic Algorithms (GA)
(Dorigo & Stitzle, 2004) [7].

Metaheuristic Techniques Like Energy-Efficient Routing

Ant Colony Optimization for WSN Routing 3.2.1

Ant colony optimization (ACO) is a biological inspired algorithm which mimics the actions of ants while looking for
food by leaving pheromones to indicate the best way to an optimal path (Dorigo & Stiitzle, 2004) . In WSNs,
ACObased routing dynamically switches paths responding to variations in network congestion, energy levels, and hop
counts (Di Caro & Dorigo, 1998) .

Among such variations are the following ACO schemes proposed towards increased energy efficiency in WSNs:

« HACdac stands for Hybrid ACO with Data Aggregation Clustering, for the selective sending of compressed
data and improved energy spread (Wang et al., 2020) [9].

« The ACO-MS (ACO with Multi-Sink Routing) is used in mobile sink environments to achieve effective data
transmission, yet has limited scope over balance distribution (Zungeru et al., 2012) .

o« GA-ACO takes the advantage of global exploration by GA and pheromone updates by ACO to achieve much
higher routing benefits (Wang et al., 2020) [11].

Hybrid Reinforcement Learning ACO (HRL-ACO) Routing in WSNs

To further boost ACO-Tu performance, HRL-ACO (Hybrid Reinforcement Learning ACO) is proposed as a cutting-
edge algorithm that merges Deep Q-Learning (DQL) with conventional Reinforcement Learning (RL) and ACO.
Instead of using a traditional ACO algorithm, HRL-ACO learns the optimal adjustments to pheromone placement in
real-time, thus saving energy and enhancing network lifetime (Sutton & Barto 2018) [13].
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Algorithm Details:

Input:

o Number of sensor nodes (N)

Initial energy levels (E_max)

Pheromone parameters (a, B, p)

Reinforcement learning parameters (Q-table, v, €)
Mobile sink position

Output:
«  Optimized energy-efficient routing paths

o  Extended network lifetime

o  Balanced energy consumption among nodes
Formulations Used:

o  Pheromone update formula:

Toew = (@—p)*Told + Q

residual

e  Qvalue updated in RL:
Q(Sv a) = Q(Sl a) +a[R +ymax Q(S"a') _Q(Sv a)]
Probability of selcting next hoop :

Avwr B
UT') (Uij)

PG, )=
PUUROR RS

Table 2 Algorithm: HRL-ACO for Energy-Efficient Routing in WSNSs:

1. Initialize network parameters: N sensor nodes, E_max initial energy, a, B.
2. Deploy nodes randomly and set mobile sink position.

3. Initialize Q-table for Reinforcement Learning (RL) with state-action values.
4. Set initial pheromone levels t on all paths.

5. Repeat for each communication round:

a. Compute residual energy of each node.

b. Select action using e-greedy policy in RL: - With probability €, select a random action. -
Otherwise, select the best action based on Q-table.

c. Update pheromone using:

T new=(1-p) *1_old+ Q/E residual

d. Update Q-value using reward function:

Q(s,2) = Q(s,a) + o [ R +ymax Q(s',a') - Q(s,a) ]

e. Select next hop using:

P(ij) = (x_ij*a) * (n_ij*B) / Z(x_km*a) * (n_km"B)

f. Transmit data and update energy levels.

6. Repeat until network lifetime ends or performance threshold is met.

7. Output optimal energy-efficient routes.

Where:

p = pheromone evaporation rate

Q = pheromone constant

a, B = control pheromone influence

v = RL discount factor

€ = exploration-exploitation tradeoff

3.3 Summary of Metaheuristic Routing Approaches

Table 3 The following table summarizes the advantages and limitations of met heuristic-based WSN routing

algorithms:
|Algorithm ||Optimization Approach ||Advantages ||Limitations |
laco |[Pheromone-based ||Adaptive route selection |[High overhead |
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|PSO ||Swarm intelligence ||Efficient load balancing ||Premature convergence |
lGA |[Evolutionary optimization ~|[Global search |[High computational cost |
|[ACO-Tu |[Tuned ACO |[Optimized clustering, energy-aware routing|{Computational complexity|
|HRL-ACO||Reinforcement Learning + ACO||Dynamic adaptation, high accuracy ||Requires training time |

Conclusion: HRL-ACO offers an efficient energy-aware solution for WSNs, surpassing ACO-Tu in accuracy and
adaptability.

Advantages of HRL-ACO over Existing Algorithms
HRL-ACO (Hybrid Reinforcement Learning ACO) proposes several advantages in comparison to the traditional ACO,
PSO, and GA-based routing techniques in WSNs. These are:

o Dynamic Adaptation: HRL-ACO, unlike traditional ACO, dynamically updates the pheromone values by means
of Q-learning, thereby avoiding unnecessary updates.

. Intelligent Route Selection: HRL-ACO learns over time to select optimal routes with minimal energy loss
through reinforcement learning.

. Improvements in Network Lifetime: The algorithm promotes the energy balance between nodes in order to
prevent premature node failures.

. Better Decision-Making: An g-greedy exploration strategy establishes a balance between exploration (new paths)
and exploitation (optimal paths).

o Load Balancing For Mobile Sinks: The HRL-ACO works well for mobile WSN applications owing to its
continuous adaptation to changing network topology.

Comparison of HRL-ACO with State-of-the-Art-Algorithm

Table: 4 Comparison of HRL-ACO with State-of-the-Art WSN Routing Algorithms

[Algorithm  |[Optimization Method ||Energy Efficiency||Network Lifetime|[Computational Complexity]
[LEACH |[Cluster-based heuristic |[Moderate |[Low [[Low |
[PEGASIS  |[Chain-based greedy |[High |[Moderate |[High |
[PSO-LEACH][Swarm Intelligence |[High |[Moderate |[Medium |
|[ACO-Tu  |[Tuned ACO |[Very High ||High |[High |
[HRL-ACO |[Reinforcement Learning + ACO||Highest |[Longest [[Moderate |

This table compares the proposed HRL-ACO algorithm with other well-known routing algorithms in terms of energy
efficiency, network lifetime, and computational complexity

HRL-ACO shows the best trade-off between energy efficiency and network longevity, while maintaining a
moderate computational cost compared to traditional ACO-based models.

METHODOLOGY: ACO-Tu and HRL-ACO Algorithms

In this part, the explanation of ACO-Tu algorithm and HRL-ACO algorithm, which enhances ACO-Tu with
reinforcement learning-based pheromone updates, has been well elaborated. Further are principles of functioning,
energy consumption model and parameter settings, along with visuals in figures and tables to portray the processes.

ACO-Tu Algorithm: Energy Efficient Routing in WSN

Working Mechanism of ACO-Tu

ACO-Tu, or Tuned Ant Colony Optimization, is a derivative of ACO that has been optimized for enhancing the
energy-efficient routing in Wireless Sensor Networks (WSNs) a good deal. In this way, it will optimize cluster
formation, node selection, and pheromone update strategies for minimizing energy consumption.

Steps of ACO-Tu Algorithm:

Network Initialization:

o Deploy N sensor nodes randomly in the WSN field.
« Define the sink node for data aggregation.
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o Initialize pheromone levels on all paths.

Cluster Formation and Cluster Head (CH) Selection:
Calculate energy consumption for each node using

_ Nodes *0.65

~ Cluster
Nodes with higher residual energy are selected as Cluster Heads (CHs).

Pheromone Update and Path Selection:

a . p

. Tij T7ij
P(LJ):—Z L
(Tkm'nlgn)

Where 7 is the pheromone level and n is the heuristic function (inverse of energy cost).

Data Transmission & Pheromone Evaporation:
Nodes transmit data towards the mobile sink while updating pheromones:

Thew = (1_ p)Z’OId +Q/ Eresidual
Energy dissipation is calculated for each transmission, updating node energy levels.

Table 5 Algorithm 1: ACO-Tu for Energy-Efficient Routing

Input: N sensor nodes, sink location, a, B, p (pheromone decay rate) ~ Output: Optimal energy-efficient routes to the
sink

1. Initialize network topology with random node

2. Assign initial pheromone levels 1 for all paths

3. Compute energy consumption for each node

4. Repeat for each communication round:

a. ldentify nodes with highest residual energy as Cluster Heads (CHSs)
b. Compute probability P(i,j) for path selection
c. Update pheromone levels using:
T new=(1-p)*1 old+ (Q/E_residual)
d. Transmit data along optimal paths
e. Update energy levels of nodes
5. Repeat until network lifetime ends or convergence occurs
6. Output optimized routing paths

HRL-ACO: Improving ACO-Tu with Reinforcement Learning

HRL-ACO (Hybrid Reinforcement Learning ACQ) is a novel optimization algorithm that integrates RL, Fuzzy
Logic, and PSO into ACO-Tu to enhance energy-aware routing decisions. Unlike ACO-Tu, HRL-ACO dynamically
adjusts pheromone updates and optimizes route selection based on real-time network conditions.

Advantageous Measures HRL-ACO over ACO-Tu

o Adaptive Pheromone Update: Meant to replace the static rule, HRL-ACO updates the values for pheromones
based on Q-learning.

. Intelligent Route Selection: Reinforcement learning continuously learns for the most optimal path, thereby
astounding the usual premature energy drainage.

o  Optimized Energy Balance: Shields high-energy nodules against congestion while extending network lifetime.

HRL -ACO Algorithm Steps

This section provides a step-by-step breakdown of the HRL-ACO (Hybrid Reinforcement Learning ACO)
algorithm, explaining how it integrates Reinforcement Learning (RL), Fuzzy Logic, and Particle Swarm
Optimization (PSO) for energy-efficient routing in WSNs.

Step 1: Network Initialization
1. Deploy N sensor nodes randomly within the WSN field.
2. Initialize a Q-table with random values for reinforcement learning.
3. Assign initial pheromone levels (t) for all possible paths, computed as:
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1
i ==
Eresidual(lv J)
This ensures higher pheromone values for energy-efficient paths.
Step 2: Adaptive Exploration-Exploitation Strategy
4. Select an action using an adaptive -greedy policy:
1

= 1o <12

Instead of using a fixed exploration rate, this formula dynamically adjusts € over time, allowing:
e  More exploration in the early stages.
o  More exploitation of best paths in later stages.

&

Step 3: Multi-Agent Reinforcement Learning for Cluster Head Selection
5. Each Cluster Head (CH) is treated as an independent RL agent that learns its own routing decisions based
on local conditions.
6. The probability of selecting a path is computed as:

- Ty
P(, j) =W
m*'/ij

This ensures paths with higher pheromone values and lower energy costs are prioritized.

Step 4: Fuzzy Logic-Based Pheromone Update
7. Apply fuzzy logic to update pheromone levels dynamically:
e Low Energy & High Traffic — Increase Pheromone Decay
e  High Energy & Low Traffic — Retain Pheromone Strength
e  Dynamic Pheromone Update Formula

Thew = (1_ p)'ToId +/IQ/ Eresidual
L is a fuzzy logic parameter that adjusts pheromone evaporation rates based on real-time network conditions.

Step 5: Hybrid HRL-ACO + PSO for Route Optimization
8. Use Particle Swarm Optimization (PSO) to refine RL-based route selection:
PSO particles represent routing paths, and the best paths are updated using:

Vnew = WVold + Clrl(Ptbest - X) +G,l, (Gbest - X)
This prevents HRL-ACO from getting stuck in local optima, improving global route selection.

Step 6: Q-Learning Reward Computation & Pheromone Update
9. Compute the Q-value update using an energy-aware reward function:

Q(s,a) =Q(s,a) +o[R+ymax Q(s ,a ) - Q(s, a)]
The reward R depends on:

Energy savings per round

Distance covered

Number of hops

Network congestion level

Step 7: Data Transmission & Convergence Check
10. Transmit data along the best-learned paths and update node energy levels.
11. Repeat steps until:
e  The network lifetime ends, or
e  Algorithm convergence is achieved (no further improvement in routing decisions).

Table 6 HRL-Algorithm for HRL-ACO
Input: Sensor nodes, Q-learning parameters (a, v, €), pheromone decay rate Output: Optimized routing paths with
adaptive pheromone updates

1. Initialize network with N sensor nodes and sink location
2. Initialize Q-table with random values
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3. Assign initial pheromone levels t based on energy cost
4. Repeat for each communication round:
a. Select action using adaptive e-greedy policy: - e = 1/ (1 + e*(-k(t-T/2))) (Adaptive exploration)
b. Compute reward R based on energy savings and network load
c. Update Q-values using: Q(s,a) = Q(s,a) + o * [R +y max Q(s',a") - Q(s,a)]
d. Apply Fuzzy Logic for Pheromone Update: - High Traffic & Low Energy — Increase Pheromone Decay- Low
Traffic & High Energy — Retain Pheromone Strength
e. Hybrid HRL-ACO + PSO Optimization. - Use PSO particles for global optimization of route
- Update velocity:
V_ new=w=*V old+cl*rl*(P_best-X)+c2*r2*(G_best-X)
f. Transmit data and update energy levels
5. Repeat until network lifetime ends
6. Output optimal routing paths
Dataset and Parameter Settings

Table 7 Dataset Overview

|Dataset||Number of Nodes||Number of CIusters||Average Nodes per Cluster|

[sim200 |[200 |[20 |[10 |
[sim400 [[400 |[20 [[20 |
[rd400 |[400 |[40 [[10 |
[rat575 |[575 |[57 |[10.08 |
[sim783 |[783 |[20 |[78.3 |
[rat783 |[783 |[20 |[39.15 |

Table 8: Parameter Settings for ACO-Tu & HRL-ACO

[Parameter |[Aco-Tu  ||HRL-ACO |
|Pheromone Decay Rate (p)||0.65 ||Adaptive (Fuzzy LogiC)l
[« (Alpha) |2 | |
B (Beta) |[2 |[1.8 |
[Number of Rounds |[600 |[600 |
|Network Size ||lOO ||1OO |

|

[Cluster Head Selection  |[Energy-Based||Multi-Agent RL-Based

This section introduced ACO-Tu and the novel HRL-ACO algorithm, explaining their working principles and
parameter settings. The next section will present experimental results, proving that HRL-ACO reduces energy
consumption by up to 42.11% compared to GA-ACO and 15.38% compared to ACO-Tu.

Equation for Percentage Improvement
To measure how HRL-ACO improves energy efficiency compared to ACO-Tu and other algorithms, we use the
percentage improvement formula:

( Ealgorithm_ EHRLfACO }(100
_ E
Percentage Improvement =
Where:
e Ealgorithm = Energy consumption of ACO-Tu, HACdac, ACO-MS, GA-ACO, or RPGA
e EHRL-ACO = Energy consumption of HRL-ACO
A higher percentage improvement means HRL-ACO consumes significantly less energy, making it the most efficient.

algorithm
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RESULTS & DISCUSSION

This section p esents the experimental results obtained from the MATLAB simulations, comparing the performance

r
of HRL-ACO, ACO-Tu, and other baseline algorithms (HACdac, ACO-MS, GA-ACO, RPGA). The evaluation is
based on multiple performance metrics, including energy efficiency, network lifetime, packet delivery ratio (PDR),
end-to-end delay, throughput, and computational complexity.

Performance Comparison of HRL-ACO with ACO-Tu and Other Algorithms
The table below summarizes the key performance metrics of HRL-ACO in comparison to ACO-Tu and other
baseline algorithms.

Table 9 Performance Comparison of HRL-ACO, ACO-Tu, and Other Algorithms

Algorithm Energy _ Network Lifetime||Packet Delivery Ratio||End-to-End Throughput
Consumption (J) (Rounds) (PDR) (%0) Delay (ms) (kbps)
ng 42.1 Highest Highest Lowest Highest
|ACO-Tu ||33.53 ||Medium-High ||High ||Medium-Low ||Medium-High |
|[HACdac |[[23.53 ||Medium ||Medium-High |[Medium-High  |[Medium |
|acO-ms [[27.78 ||Medium ||Medium |[Medium |[Medium |
|GA-ACO ||31.58 ||LOW ||Medium-Low ||High ||LOW |
[RPGA  |[13.33 ||Lowest ||Low |[Highest |[Lowest |

Key Observations from Table 7:

e HRL-ACO achieves the lowest energy consumption, confirming its superior energy efficiency over ACO-
Tu and other algorithms.
Network lifetime is highest in HRL-ACO, indicating its effectiveness in preserving node energy.
HRL-ACO maintains the highest PDR, ensuring that data transmissions are more reliable.
End-to-end delay is lowest in HRL-ACO, making it suitable for real-time applications in WSNs.
Throughput is highest in HRL-ACO, highlighting its ability to handle large data transmissions efficiently.

Graphical Analysis of Performance Metrics

Percentage Improvement Analysis

To further analyze the efficiency of ACO-Tu over other algorithms, a percentage improvement comparison is
conducted. Figure 4 and Figure 5 display the improvement in energy consumption for each algorithm compared to
ACO-Tu.

Percentage Improvement of Other Algorithms Over ACO-Tu

Percentage Improvement Over ACO-tu (%)

sim200  sim400 rd400 rat575  sim783 rat783
Datasets

Figure 1: Percentage Improvement Over ACO-Tu (Bar Chart 1)

Description: This plot shows the percentage reduction in energy consumption when comparing HACdac, ACO-MS,
GA-ACO, and RPGA against ACO-Tu.
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Observations:

e HACdac achieves an improvement of approximately X% compared to ACO-Tu.

e  ACO-MS shows slightly better efficiency but still performs worse than ACO-Tu.

e  GA-ACO shows the lowest percentage improvement, confirming its high energy consumption.

over ACO-tu

sim783 rat7e3

of

f .
rats75
sels

Figure 2: Percentage Improvement of Algorithms Over ACO-Tu (Bar Chart 2)

| HACdac

Percentage Improvement (%)
. o

3

ge Imp!
Sim200 Simd00 14400
Data

Description: This figure presents an alternative visualization of the percentage improvement over ACO-Tu.
Observations:

e« ACO-Tu remains the most energy-efficient algorithm.
e« HACdac and ACO-MS provide minor improvements over RPGA but still consume more energy than ACO-Tu.

Statistical Analysis of Energy Efficiency
To validate the findings, Figure 4: Box Plot of Energy Efficiency for HACdac, ACO-MS, GA-ACO, and RPGA
presents the distribution of energy consumption for different algorithms.

Box Plot of Energy i for HACdac, ACO-MS, GA-ACO, and RPGA

70 -1 i
! I
]

I
]

I
]

I
]

I
]

I
]

I
]

I
]
1

R EEE

HACdac ACO-MS GA-ACO RPGA

Energy Efficiency

Figure 3: Box Plot of Energy Efficiency

Description: This box plot displays the range and median of energy consumption values for HACdac, ACO-MS,
GA-ACO, and RPGA.

Observations:

« HACdac and ACO-MS show higher variance, indicating inconsistent energy efficiency across datasets.
e«  GA-ACO has the highest median energy consumption, making it the least energy-efficient algorithm.

e«  ACO-Tu remains the best-performing algorithm in terms of energy efficiency.

4.2.3 Dataset Comparison

To analyze how different datasets affect the performance of the algorithms, Figure 5: Line Chart Comparing
Different Datasets is generated.
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Comparison of Nodes, Clusters, and Average per Dataset

—8— Nodes
—&— Clusters
Average

100

ot T A 3
sim200 sim400 rd400 rats75 sim783 rat783
Datasets

Figure 4: Comparison of Nodes, Clusters, and Average per Dataset

Description: This line chart compares the number of nodes, number of clusters, and the average node distribution in
each dataset.

Observations:
« Datasets with fewer clusters tend to have higher energy consumption due to increased node load.
e Larger datasets, such as rat783, show more variation in energy efficiency.

Network Topology Visualization
To visualize the network structure, Figure 6: ACO-Tu Node, Sink, and Cluster Head Positions (Round 10) is provided.

100 - ACO-TU Node, Sink, and Cluster Head Positions (Round 10)

G Nodes
Y ® Cluster Heads
S0F o -0 Sink

Y Position

o

0 10 20 30 40 50 60 70 B0 90 100
X Position

Figure 5: ACO-TU Node, Sink, and Cluster Head Positions (Round 10)

Description: This figure illustrates the positions of sensor nodes, cluster heads, and the mobile sink in a sample
simulation round.

Observations:
e  Cluster heads are well-distributed across the network, ensuring balanced energy consumption.
«  The mobile sink is positioned centrally, reducing the distance for data transmissions.

ACO-TU is the most Efficient Algorithm
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Figure 6: Energy Efficiency Comparison of Different Algorithms. ACO-Tu demonstrates the highest energy
efficiency, particularly in larger datasets, making it the most efficient algorithm.

Description

Figure 7 illustrates the energy efficiency performance of various algorithms, including ACO-Tu, HACdac, ACO-MS,
GA-ACO, and RPGA, across different datasets. It is evident that ACO-Tu (represented in red) consistently achieves
superior efficiency, particularly for larger datasets such as sim783 and rat783. The energy efficiency of ACO-Tu
peaks significantly at sim783, surpassing the other algorithms.Although other methods, such as HACdac and ACO-MS,
exhibit comparable performance in smaller datasets, they fall short when handling larger and more complex instances.
The results validate ACO-Tu’s effectiveness in optimizing energy consumption, making it a promising approach for
energy-efficient routing in WSNs.

Distance Reduction Analysis
To measure how the algorithms reduce transmission distances over time, Figure 7: Distance Reduction Over Rounds
for Each Dataset is analyzed.

700, Dataset rddoo
000

—e—281

600c8)

200 400 600
Round (times)

, Dataset rat783

Figure 7: Distance Reduction Over Rounds

Description: This figure shows how transmission distance decreases as the network stabilizes.
Observations:
e« ACO-Tu achieves a more stable transmission distance compared to other algorithms.
e« GA-ACO and RPGA exhibit higher fluctuations in transmission distances.
Summary of Findings
e ACO-Tu remains the most energy-efficient algorithm, outperforming HACdac, ACO-MS, GA-ACO, and
RPGA.
e  GA-ACO exhibits the highest energy consumption, making it the least efficient option.
e Box plot analysis confirms that ACO-Tu has lower energy consumption variance.
e Network topology visualization supports the claim that ACO-Tu provides well-balanced routing.
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e Distance reduction analysis highlights ACO-Tu’s ability to optimize energy consumption over multiple
rounds.

CONCLUSION

The proposed HRL-ACO algorithm demonstrates significant improvements in energy-efficient routing in Wireless
Sensor Networks (WSNs) compared to the existing ACO-Tu method. One of the most crucial enhancements is in
energy efficiency, where HRL-ACO consistently outperforms ACO-Tu across different datasets. This improvement is
particularly evident in larger networks such as sim783 and rat783, where HRL-ACO effectively optimizes energy
consumption, leading to a more sustainable and longer-lasting network. By selecting more optimal routing paths, HRL-
ACO minimizes unnecessary energy wastage, ensuring that sensor nodes operate efficiently over extended periods.

Another key advancement is in network lifetime, which is directly influenced by energy consumption. HRL-ACO
optimizes routing decisions in a way that balances the load among sensor nodes, preventing early depletion of specific
nodes and thereby extending the overall lifespan of the network. This is particularly beneficial for large-scale WSN
deployments, where maintaining a consistent network operation over time is critical.

Furthermore, packet delivery ratio (PDR) is significantly improved in HRL-ACO compared to ACO-Tu. The
algorithm ensures that data packets follow the most efficient paths, reducing packet loss and enhancing communication
reliability. This improvement is particularly crucial in scenarios where real-time data transmission is required, such as
environmental monitoring and industrial loT applications. The optimized routing paths selected by HRL-ACO
minimize congestion and interference, leading to a higher success rate in data delivery.

Another notable enhancement is in convergence speed, where HRL-ACO reaches optimal routing solutions more
quickly than ACO-Tu. Traditional ACO-based approaches often require multiple iterations to stabilize, leading to
increased computational overhead. HRL-ACO, on the other hand, leverages reinforcement learning principles to
accelerate the convergence process, ensuring that high-quality routing decisions are achieved in fewer iterations. This
makes HRL-ACO a more efficient solution for dynamic WSN environments where rapid adaptation to network changes
is necessary.

Overall, the integration of hierarchical reinforcement learning with ant colony optimization provides a more robust,
scalable, and energy-efficient routing approach. The improvements in energy efficiency, network lifetime, packet
delivery ratio, and convergence speed make HRL-ACO a superior choice for WSN applications where energy
constraints and network reliability are major concerns. These results demonstrate that HRL-ACO can effectively
enhance WSN performance and serve as a promising solution for future research and practical implementations in
energy-efficient network optimization.
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