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ARTICLEINFO ABSTRACT

Keywords:

Wireless Sensor Networks WSNs are widely adopted and cost-effective way of
implementing intelligent solutions in many low-resource settings. Both known
Clustering/Routing Protocols such as Low-Energy Adaptive Clustering Hierarchy
LEACH and Threshold-Sensitive Energy-Efficient Network Protocol TEEN as well as
other related methods such as WOA-LEACH, are severely limited by their inability to
support a long term network cycle for use in real world applications. This is because they
all experience rapid energy exhaustion because of their inability to adapt to varying levels
of energy and traffic demand. In addition, failure to distribute energy usage evenly
throughout the network. In order to resolve these issues, we will develop a new Hybrid
Approach that combines the Whale Optimization Algorithm WOA for determining
energy aware cluster heads, and Deep Reinforcement Learning DRL for providing an
adaptive multi-hop routing protocol. The proposed hybrid DRL-WOA solution will make
joint optimizations of cluster heads and routing nodes to determine optimized routes to
minimize energy use while maximizing energy efficiency through the optimization of
hop distances, thereby creating longer lasting and more reliable communication
processes. Results from simulations run on a 100 node WSN environment demonstrate
the hybrid DRL-WOA solution achieves better performance than LEACH, TEEN,
WOA-LEACH and a DQN-based only routing solution, including 22% less total energy
consumption, 60% extended First Node Death FND, and PDR improvements of 5-15%
in comparison to each of the above mentioned base line protocols. All in all, the
experimental results clearly demonstrate that the proposed Hybrid DRL-WOA approach
leads to a considerable improvement of the energy efficiency, network lifetime and the
reliability of data delivery of static WSNs.

Deep Reinforcement Learning,
Whale Optimization Algorithm,
Clustering, Routing, Wireless

1. INTRODUCTION

Wireless Sensor Networks WSNs comprise many low power wireless sensor nodes that collectively collect, analyze and send
data to a central or main station via multi-hop wireless communication. Because of their capabilities for providing continuous
and real time monitoring, WSNs have gained wide acceptance in the monitoring of resource constrained environments including
environmental monitoring, industrial automation, and smart infrastructure applications [1-3]. However, despite the widespread
use of WSNs, they are severely limited by several factors related to their operation, including; low battery life, computing
limitations, memory constraints, and distance limitations associated with radio frequency transmission that negatively affect
network longevity and overall reliability [4-7]. During regular operational conditions of a WSN, WSN's experience with various
problems such as, unevenly distributed power consumption on each node, excessive traffic congestion at heavily trafficked
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locations, wireless interference, unstable links, and environmental disturbances greatly impact network routing efficiency [8—
110]. The combination of these issues further impact network communication reliability and contribute to early failure of
individual nodes particularly during conditions of unevenly distributed traffic loads and power consumption throughout the
network. Therefore, inefficiencies in routing and selecting cluster heads may create localized traffic congestion, increase packet
loss and decrease overall network throughput. Many different types of clustering and routing strategies that can help overcome
these challenges exist in the literature, such as probabilistic clustering and routing with thresholds, bio-inspired optimizations,
and learning based solutions [11-14]. While many of these solutions improve certain aspects of performance, many separate the
process of clustering from the process of routing. Therefore, many times the two processes are made independently, and therefore
do not take each other's needs into account when making decisions. For example, selecting an energy efficient cluster head does
not always mean that the optimal path for multi-hop routing will be established. In addition, some of the learning based solutions
that were developed introduce a significant amount of additional computation and/or require significant amounts of parameters
to be optimized, which may not be feasible for resource constrained sensor nodes and large scale deployment [15-16]. The
hybrid framework as proposed in this paper uses the Whale Optimization Algorithm WOA to select cluster heads on the basis of
residual energy and the condition of the network; it also uses Deep Reinforcement Learning DRL to learn efficient routing paths
that can be selected from multiple hops during operation by interacting with the network. This proposed hybrid framework has
never been used before with the combination of bioinspired global optimization techniques (the WOA) combined with learning
based adaptive decision making DRL techniques for simultaneous control over the clustering process and the routing process to
obtain an equalization of energy use and improvement of the overall performance of the network over time. Although the network
architecture is assumed to be stable after deployment, routing behavior remains dynamic due to variations in data types
transmitted across the network, remaining node power, and policy adjustments based on machine learning. Therefore, a hybrid
framework based on Deep Reinforced Learning DRL and Wolf Optimization Algorithm WOA is well-suited to operate
efficiently under these dynamic conditions, making it applicable to large-scale, resource-constrained wireless sensor networks.
Beginning with section 3, the rest of the paper will be structured as follows. Section 2 provides a review of previous work
regarding both clustering and routing within Wireless Sensor Networks WSNss. In section 3 we describe our system model and
how we formulate the problem to which we are trying to find an answer. We present the details of the proposed DRL-WOA
framework in section 4. In section 5, we provide information about the structure of our simulations and the metrics that we use
to measure their quality; then we report on the results of those simulations and analyze them in section 6. In the final section 7,
we summarize the findings of this paper and discuss possible ways in which the research could continue.

2. RELATED WORK

The majority of the recent WSN routing-related research have been focused on increasing routing efficiency through better
cluster-head selection methods and longer network lifetime. There are many differences among these studies with respect to: the
specific optimization strategy; the level of adaptability in each study; the efficiency of each algorithm; and the computational
cost of each method. The following is a summary of the most applicable studies with respect to their fundamental concepts,
benefits, and limitations as well as references to other research methods described.

1. E-PEGASIS 2021

E-PEGASIS was developed by Sadhana et al. to improve upon the data transmission efficiency of PEGASIS. This was
accomplished by implementing an average inter-node distance as the sequencing criteria for their method and employing a
constant radio range for the base station communications with the rest of the sensor nodes, initiating serialization based on nearest
edge calculations. Although this method does offer better transmission overhead and improved performance when compared to
the original PEGASIS, it still employs constant radio ranges and static assumptions; therefore, it lacks flexibility to adapt to
fluctuations in network density and varying levels of energy per node [17].

2. Aggregation Routing 2021

The authors Daanoun et al., studied and compared a Distributed Aggregation Routing Protocol DARP to Low-Energy
Adaptive Clustering Hierarchy LEACH by using probabilistic cluster head rotation and one hop communication to the base
station, not only in terms of how much control overhead is decreased, but also with regards to scalability issues and unevenly
distributed energy usage. The authors demonstrated that the probabilistic selection of cluster heads based upon residual energy
contributes to rapid energy consumption near the base station and therefore indicates that the LEACH family of protocols will
not be suitable for large-scale, multi-hop deployment [18].

3. Fuzzy Clustering + PSO / AWOA 2022

The following is an example of a system (Ramya et al.) utilizing fuzzy clustering as part of the methodology, with
optimization methods PSO / AWOA to optimize several variables such as residual energy, node centrality, node degree and BS
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distance. The data collected by Ramya’s experiments showed that fuzzy clustering with multi-parameter optimization improved
routing performance, network delay and energy usage. Although fuzzy clustering is beneficial in terms of routing, it can be
computationally expensive and therefore less likely to be implemented on low resource sensor nodes due to the multi-
optimization stage [19].

4. K-IABC + CL-HHO 2023

Xue et al. developed an energy efficient clustering method based on an artificial bee colony-based k-medoids algorithm
K-TABC, and combined this with a CL-HHO cross-layer routing protocol. Their results show significant gains in terms of Packet
Loss Ratio PLR, throughput, delay reduction and network longevity. While the dual-optimization framework provides good
results, it also increases the complexity of the algorithm and can potentially increase response times when dealing with rapidly
changing network dynamic [20].

5. MOD-LEACH

MOD-LEACH was first proposed by Devika et al. The authors incorporated an existing Butterfly Optimization
Algorithm BOA with a deep reinforcement Learning DRL. They used this hybrid approach to optimize the tradeoff for BOA
between exploration and exploitation while enabling DRL to dynamically decide how routes are established for data transmission
in WSNs. Using MOD-LEACH instead of traditional MOD-LEACH resulted in approximately 22% less energy consumption
than its predecessor. Although the method proposed by Devika et al. demonstrates improvements in performance, the use of
neural network-based inference may degrade runtime efficiency due to the high power requirements of most WSN devices [21].

6. Swarm-Intelligence Clustering (ACO, PSO, BA, FA) 2024

Nainwal et al., compared swarming algorithms for their efficiency in clustering when there are limited amounts of
energy available. They demonstrated that the ACO and PSO algorithms were relatively good at clustering under these conditions;
however, as the size of the swarm increases so does the computational load and potentially the sensitivity of parameters used to
describe the swarm's behavior. As stated above, none of the swarming algorithms described here, include an inherent mechanism
for routing adaptability beyond selecting a CH [22].

7. ARL-DARO 2024

Shobana et al., developed a Q-learning based routing using an algorithm called ARL-DARO which dynamically
aggregates data and refines it at runtime to eliminate redundancy and provide improved routing security and stability. Results
from Shobana et al., indicate their use of the ARL-DARO algorithm resulted in a range of 20% to 45% reduction in overall
energy usage and a range of 10% to 30% increase in data throughput. The ARL-DARO algorithms performance is very similar
to all other applications of Q-learning and its performance will directly depend on the accuracy of the reward definition and
design into the state space, and thus, will not be able to perform well when subjected to varying traffic conditions [23].

8. SHO-CH 2025

Prakash et al. presented SHO-CH using Spotted Hyena Optimization for cluster-head selection in heterogeneous WSNss.
The approach showed substantial improvements over PSOBS, GAOC, PSO-ECSM, and NEHCP, achieving increases of 46.21%
in settling time, 43.34% in network lifetime, and 49.46% in throughput. Yet, the heavy reliance on meta-heuristic computation
requires tuning and may be slow at scale when node count increases significantly [24].

Table 1 indicates the comparison of almost all prior approaches and clearly demonstrates that nearly all prior approaches
have individually optimized clustering and routing and thus, there was limited cooperation between optimizing energy aware
cluster heads and optimizing adaptive multi-hop routes. Unlike previous works that treat clustering and routing
sequentially/independently, this paper proposes a jointly optimized framework DRL—WOA for both the clustering process and
routing process through a single learning-based framework and therefore achieves coordinated network wide performance
improvements at low computational cost.
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Table 1: Comparative analysis related works with the proposed DRL—WOA framework

Clustering Routing Joint - Energy Computational
Ref. Approach Method Method Optimization Adaptability Balancing Cost
Heuristic / Q-learning—
[17] ARL-DARO static ) g X High Limited Medium
. based routing
clustering
LEACH-based Probabilistic Single-hop /
[18] survey / . . X Low Poor Low
CH rotation aggregation
enhancement
Fuzzy multi- ..
Fuzzy + Heuristic . .
[19] PSO/WOA parame.ter routing X Medium Moderate High
clustering
Bee colony— Cross-layer
- + -
[20] KAABC+CL based k- heuristic Partial Medium High High
HHO . .
medoids routing
MOD-LEACH  BOA-assisted DRL-based . . .
211 DRL +BOA)  CH selection routing Partial High Moderate High
Swarm-based Swarm
[22] (ACO/PSO/BA intelligence Static routing X Low Moderate Medium-High
/FA) clustering
ARL-based Static / RL-based
[23] aggregation heuristic adaptive X High Limited Medium
routing clustering routing
Spotted Hyena . . . .
[24] SHO-CH Optimization Static routing X Low High High
Proposed WOA-based Dzl}dlz;;)ht?s:d
— DRL-WOA energy-a.ware multi-hop v High High Moderate
clustering .
routing

3. RESEARCH MOTIVATION AND SYSTEM MODEL

Most current approaches to the efficient clustering and routing of energy in Wireless Sensor Networks WSN consider the
selection of the Cluster-Head and the Routing Process as separate Optimization Problems; therefore, they can lead to an
unbalanced energy consumption and consequently to a Reduced Network Lifetime [19-22]. In addition, the majority of bio-
inspiration based approaches are focused on the Clustering Efficiency, while most Reinforcement Learning (RL)-based
approaches have been focused on the Adaptability of the Routing Process without sufficient Coordination with the Cluster
Formation Process [23, 24].

Therefore, the main motivation of this study is to propose a Unified Hybrid Framework for Deep Reinforcement Learning DRL
and Whale Optimization Algorithm WOA, which Jointly Optimizes Energy Aware Cluster Head Selection and Adaptive Multi-
Hop Routing to Increase the Network Lifetime and Data Delivery Reliability in Static Deployments of Wireless Sensor Networks
WSNs.

The following presents the complete system model used in the design and evaluation of the proposed framework. We consider
a wireless sensor network deployed over a two-dimensional sensing field, consisting of a set of static nodes with limited battery
energy and short-range wireless communication capabilities. The nodes periodically generate sensing data and forward it through
multi-hop communication to a stationary base station. The model assumes heterogeneous energy conditions, where energy
consumption depends on both transmission distance and packet forwarding activity.

We adopt the widely used first-order radio energy model to characterize communication cost, in which energy dissipation for
packet transmission and reception is determined by amplifier and electronic circuitry parameters.
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Residual energy is continuously tracked to capture battery depletion over successive communication rounds. In addition, node
density, spatial distribution, and proximity to the base station are considered critical factors influencing cluster-head selection
and routing reliability. The core optimization problem is to maximize network lifetime and packet delivery performance while
minimizing overall energy expenditure and local congestion around heavily used relays. To this end, clustering and routing are
treated as coupled optimization processes: WOA is responsible for selecting energy-balanced cluster heads, while the DRL agent
learns adaptive multi-hop forwarding strategies based on real-time network conditions, including neighbor availability, link
quality, and remaining energy.

3.1. Network Assumptions
The wireless sensor network is modeled as a graph G = (V, E), where:

e V={vl,v2,.., vN} represents the set of N sensor nodes.
e E denotes the set of wireless communication links based on node proximity and communication range.
e The key assumptions of the network are as follows:
= Nodes are randomly and uniformly deployed in a 2D field of size L X L meters.
= Each sensor node is equipped with a non-rechargeable battery and possesses limited processing and transmission
capabilities.
= A static Base Station BS is located either within or outside the sensing field.
= Nodes periodically sense environmental data and transmit it to the BS via single-hop or multi-hop communication.
=  Nodes are stationary after deployment.
= All nodes are aware of their own residual energy and position (either through localization or GPS).

3.2. Energy Consumption Model

Equations 1 and 2 explain the First-Order Radio Model for the energy consumption model for a k-bit message over a distance d.
Transmission energy equation:

Erx(k,d) = {k. Eypoce + k. &55. d? if d <dgk-Epeet + kbpp-d*  ifd=dy (1)

where:

e k: size of the transmitted packet in bits.

e d: distance between sender and receiver.

® E, ... energy consumed by electronics to transmit or receive 1 bit.

® & amplifier energy for the free-space model with path-loss exponent n = 2.
® ¢,,,: amplifier energy for multipath model with path-loss exponent n = 4.

e d,: adopted threshold distance (d, = sqrt( Efs ).
mp

&

Reception energy equation:

Epx (k) = k. Egiect (2)

The total energy consumed by a node includes sensing, processing, transmission, and reception, but the communication cost
dominates and is the primary focus for optimization.

The hybrid system operates in two main stages per communication round:

A. Clustering Stage: WOA algorithm selects an optimal set of cluster heads based on a multi-objective fitness function
considering: Residual energy of nodes, average intra-cluster distance, node centrality and density, and balancing CHs across
the field.

B. Routing Stage: A Deep Reinforcement Learning DRL agent determines the most energy-efficient and reliable paths for: Intra-
cluster communication (from member nodes to CH), and Inter-cluster (CH-to-BS) routing, possibly via multi-hop CH forwarding.
The DRL agent continuously updates its policy by using network states such as energy levels, queue size, and hop count to BS,
thereby learning optimal routing decisions over time.

3.3. Problem Formulation
Multi-objective functions are adopted in this model:
Objective 1: Prolong Network Lifetime
Maximize R4, = total number of rounds before all nodes die
Objective 2: Minimize Energy Consumption per Round
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Minimize Eyqyng = Yn-q EF¢% () 3)

Where E}¢?(r) is the energy consumed by node i during round r.

Objective 3: Maximize Packet Delivery Ratio PDR

Lo Total packets received at BS
Maximize PDR = b (4)
Total packets generated

Objective 4: Ensure Load Balancing

Prevent premature death of any particular node by equalizing energy consumption among nodes through:
e Dynamic CH rotation and routing path diversity via learned DRL policy.
v' The binary decision variable aij is an indicator (a;j € {0, 1}) of the DRL agent's action choice process, where a;j = 1
means that node i will choose node j as its next hop to forward packets, and a;; = 0 otherwise. The DRL agent does

not directly optimize aj;. Instead, ajj is generated through the routing policy learned by the DRL agent based on the
current network state.

v DRL action vector A: next-hop selection based on observed state S;.
¢ Constraints:

v’ Y, CH; < Max CH
v E;(t) > 0 : node must have energy to participate.
v Nodes must be within communication range.

Table 2: Symbol Definitions

Symbol Description
(Ei) Residual energy of node i
Eround Energy Consumption per Round
(Ni) Neighbor list of node i
(a¢) Selected next-hop action at time ¢
(st) State vector observed at time ¢
a, B,y variable weights of rewards

The neighbor list is represented as an index-based discrete action space. Each possible action represents the choice of an
available neighbor as the next hop.

o Clustering: Solved using bio-inspired metaheuristic with a multi-objective fitness function.
e Routing: Learned via DRL agent trained to optimize reward function defined as:

Ry = oz.EL + [.PDR —y. Latency (3)
tx
where:

o, B, y are variable weights of rewards.

The same reward function is applied to all routing decision optimizations during the entire training process of the DRL to
guarantee learning stability and the convergence of the training process. The optimization of all routing decisions is based on
one common reward function definition .

The above-mentioned integrated approach will enable the system to be flexible in its response to dynamic network conditions;

to manage energy consumption; to provide an intelligent routing decision process that will increase the life span of the network
and the reliability of communications.
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4. THE PROPOSED HYBRID APPROACH

The use of the Whale Optimization Algorithm WOA, based on biological inspiration for a global search mechanism, has been
explored in order to find the optimum Cluster Head CH assignment; WOA uses a randomly generated set of initial candidate
locations for the whales in the solution space. During the exploration stage, the whales move around the solution space evaluating
different CH configurations. The evaluation results in the selection of the most efficient energy configuration as the new "best"
solution. Subsequently. The encircling and spiral update phases are implemented to refine the CH locations within the region
identified from the previous phase by balancing between contraction behavior and logarithmic spiral movement to ensure that
both convergence and diversity exist. The process continues until the solution converges or the iteration limit has been reached,
at which time the best CH configuration will be selected for the next operational cycle.

4.1. WOA Workflow

The cluster head within the Whale Optimization Algorithm WOA is the optimal distribution among all possible distributions of
cluster heads in the search space, by using the cooperative foraging strategy used by humpback whales to attain the best possible
distribution. Each whale configuration is iteratively improved in order to find either a stable distribution that allows CH to remain
stable, or else when the number of iterations specified as an iteration limit are reached. WOA uses an iterative process that
includes both global exploration and local exploitation phases to refine the configuration of the whales from the initial random
population of whales. When the whales perform global exploration, they can be randomly moved around to explore different
distributions of CHs and to avoid premature convergence of solutions. As soon as a promising configuration is identified, the
algorithm switches to local exploitation where it uses two different strategies to refine its search; a linear contraction strategy
which contracts the position of the whales towards the CH distribution that has been found to be the most promising so far and
a spiral updating strategy which updates the whales' positions along a logarithmic curve. It achieves the goal of maximizing both
the diversity of the searches and the quality of the results from the search process. In that case the optimized placement of CH is
the output and will provide the best distribution of energy loads; the shortest communication distances; and most importantly the
longest-term routing stability for the network. A representation of the above method is shown below as pseudocode of the
integrated WOA-DRL methodology used within this study.

Algorithm Hybrid WOA-DRL
1. Initialize all sensor nodes and assign initial energy
2. Generate whale population (CH candidates)
3. Fori=1 to max_Iterations do
Evaluate fitness for each candidate using Eq. 6.
Update best CH solution
If |a] < 1 then
Exploitation using encircling or spiral movement
Else
Exploration using random repositioning
End For
4. Assign final CH configuration
5. For each transmission round do
For each node do
Observe state s (Eq. 7)
Select action a (next hop)
Send packet
Receive reward r (Eq. 8)
Update policy (Q or gradient) (Eq. 9)
End For
End For
6.Terminate when all nodes are depleted or transmission complete

4.2. Computational and Memory Complexity

The computational cost of the proposed hybrid DRL-WOA protocol is governed by the clustering and routing phases. During
clustering, the Whale Optimization Algorithm performs iterative position updates of candidate solutions to determine the optimal
cluster heads. Given a network with n nodes and i optimization iterations, the time complexity of this stage is approximately O(n
- 1), as each iteration requires evaluating the fitness of all candidate CH sets. In the routing phase, the DRL agent updates its
policy based on feedback from the network environment. The computational complexity of DRL component can be expressed
as O ( ISI-14]), where the state space |S| is proportional with the number of features per sensor node (e.g., residual energy,
distance to sink or cluster head, buffer occupancy, and link quality) and the action space |A4] is limited by the maximum number
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of neighboring nodes available for routing decisions. Consequently, a network with N nodes, each qualified by f features, and
with a maximum neighbor degree d, the overall complexity can be recalled as O((N-f) -d). This calculation effort grows in
partnership with network size, feature wealth and connectivity, ensuring of the needing for hybrid models that decrease influence
of search space while taking part adaptability. During the Clustering phase the memory usage is linear O(n), due to storage of
node properties, fitness values etc. In addition to the memory requirements mentioned above, the DRL portion of the algorithm
also requires additional memory for the replay buffer, temporary states from intermediate networks and parameters of the neural
models; although this increased memory overhead should still be feasible for relatively small to medium sized networks. For
larger deployments, the DRL learning may be performed off-line or at a central location so that they do not burden the sensor
devices, and thus scalable.

4.3. Framework of the Proposed Hybrid DRL-WOA Protocol

The flow of the proposed Hybrid DRL-WOA Framework is shown in figure 1. The WOA is used to choose globally optimal
energy-balanced cluster heads after the sensors have been deployed and their initial energies have been set. Cluster head
selections are followed by the clustering of sensor nodes into their respective cluster heads for the collection of data . In every
communication round, a DRL-based routing process is run. Each node views its current environment which includes its
remaining energy level, the current queue status, what neighbors are available, and how far it is from the base station. With all
these in view, using an epsilon-greedy policy, the next routing action (which will be the next-hop selection) is determined. Upon
sending the packets, the rewards are then calculated that will take into account the amount of energy consumed while transmitting
the packets successfully as well as the time delay, and the DRL policy will be updated as needed. The learning process of the
framework iteratively continues over multiple rounds until there is no more energy left in the network. This allows the proposed
framework to use the WOA algorithm to determine the cluster head of the sensor networks globally and optimally; and the DRL
algorithm to route the data through the network in an adaptive manner resulting in the most efficient usage of energy and the
longest possible lifetime of the network.

[ Start )

[ Deploy Sensor Nodes ]
1

| Initialize Energy & Network Parameters |

[ Initialize WOA Fapulation (CH Candidates) |

WOA Optimization
(Exploration / Encircling # Spiral Update)

[ Final Cluster Head (CH) Assignment |

et o B e | A e i ~
! Modes Join Nearest CH l

State Observation
(Energy, Queue, MNeighbors, Hop Court)

{e-greedy Policy)
(Select Next-Hop)

| Packet Transmission

Reward Computation
{Energy, Delay, Succass)

( Action Selection ]

Experience Storage
(Replay Bufter)

DQMN Training Update |
(Backpropagation)

H
e
End of Round Mext Round

Fig. 1: Framework of the proposed hybrid DRL-WOA protocol

4.4. Overview of the Hybrid Framework

Each communication round in the network consists of the following sequence:
1. Clustering Phase: In this study, we apply the WOA to identify an optimal set of cluster heads that minimize intra-cluster
communication cost and balance energy consumption across the network.
Objective Function:
The fitness function used in the optimization process is defined as a weighted combination of key metrics:
presidul Diintra nneighbors

Fitness(i) = w,.—* — Wo. — w3, 6
) 1 — 25— T Wi Ty (6)
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Where:
EJestdul; residual energy of node i,
D}™"®; average distance to other nodes in its cluster,

neighbors
N; :
W1, Wy, w3: weighting factors (tuned empirically)

number of neighbors (node density),

In setting the coefficients for the clustering fitness function during grid search experiments, the weights @i, @2, and s which
represent, respectively, the contributions from the residual energy, average distance, and node density were tuned empirically
to 0.4, 0.35, and 0.25. These were derived to strike the best equilibrium among energy consumption uniformity and the stability
of clustering.

The optimization algorithm searches the solution space to maximize this fitness function and select CHs accordingly.

The clustering phase outputs a binary vector indicating the CH nodes for the current round, which is passed to the DRL-based
routing module.

2. Routing Phase: Deep Q-Network used as DRL agent learns to select the most energy-efficient and reliable routes for data
transmission from sensor nodes to the Base Station BS, either directly or through intermediate CHs. Once clusters are
formed, a DRL agent determines the best forwarding path from sensor nodes (or CHs) to the base station, adapting to real-
time network conditions.

Each node's state at time t is defined by:
= Residual energy of the node.
*  Queue size (buffer load).
= Distance to the base station.
= Neighboring node list and their energy levels.
= Number of hops to BS.
S, = {ET®,Q;, DE, Neighbors;, H;} (7)

Action Space (A.)
Possible actions correspond to the selection of the next-hop node from the current node’s neighbor list.
A; = {Select neighbor j € Neighbors;}
Reward Function (R;)
The DRL agent is trained by using a reward function that balances energy consumption, reliability, and latency:
R, = a.i + B.SuccessRate — y.Delay (8)
Where:
Ery: energy used in transmission.
Success Rate: initially binary indicator of packet delivery, then in the reward formulation it is handled as a continuous
variable, which coincides with a smoothed / averaged success rate over a sliding time window / across multiple transmission
attempts.
Delay: estimated end-to-end delay
a, f,y: reward weights.
The reward encourages selection of energy-efficient, high-success, and low-latency paths.

Learning Algorithm
By utilizing a Deep Q-Network DQN that approximates the Q-value function Q(St, At) by using a deep neural network.
The network is trained by using experience replay and a target network to improve stability.
Training follows the Bellman update:

QS Ap) « QS Ap) + 1Ry + 6.Q(Ses1, @) — Q(Sp, Ap) | )

Where:
N: learning rate,
0 discount factor for future rewards.

3. Transmission Stage: The data will then be sent through the chosen cluster heads and along the predetermined routes that
were established by the DRL Agents’ selections in this transmission stage. Simultaneously, the DRL agent will update
the energy consumed by each node in the process of sending the data.
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4. Combining Clustering and Routing

i. Beginning of a New Cycle:

ii. Cluster Development: Based upon current conditions of the network, an optimization method selects cluster heads.

iii. Policy Revision: The DRL Agent reviews the revised current condition of the network and modifies the routing choice
about how to transmit information through the network.

iv. Data Exchange: Each node will send its messages to the pre-designated cluster-heads and follow the route that has been
determined by the DRL Agent. The actions taken by the nodes will be logged by the DRL Agent in order to train the agent.
This process repeats itself in each iteration, with the possibility of the network learning and adjusting continuously in order
to find an optimal configuration for the network’s topology (optimal cluster-head selection) and optimal routes (optimal
routing path).

5. RESULTS FROM EXPERIMENTS AND PERFORMANCE ASSESSMENT

This area assesses the hybrid DRL-WOA methodology’s performance through simulations on identical network environments
in comparison to LEACH and TEEN, WOA-LEACH, and a DQN-only routing method for purposes of establishing a baseline
of learning-based routing. The performance is measured based upon a variety of criteria such as network lifetime, total energy
consumed by the network, Packet Delivery Ratio PDR and routing overhead.

5.1. Simulation Testbed

The simulation experiments were conducted in a Python testbed by using the TensorFlow + TF-Agents for handling the DRL
model and NetworkX libraries. There were 100 sensor nodes placed randomly throughout an area of 100m x 100m. The location
of the base station was (100, 50). The radio energy model was a simple first order model with Eelec = 50nJ / bit and a threshold
distance d0 = approximately 87 meters. Table 3 contains a full list of the simulation parameters.

Table 3: Simulation Parameters

Parameter Value

Platform Python 3.10 with TensorFlow and NetworkX.
Simulation Area 100 m x 100 m square field.

Number of Sensor Nodes 100 nodes (randomly deployed).

Base Station Location
Communication Model
Initial Energy per Node

Packet Size
Data Aggregation Energy
Radio Parameters
Eelec
Ers
Emp

do

Fixed at coordinates (100, 50), outside the sensor field
Single-hop intra-cluster, multi-hop inter-cluster.
2 Joules.
4000 bits.
5 nJ/bit/signal.
Based on the first-order energy model:
50 nJ/bit
10 pJ/bit/m?
0.0013 pJ/bit/m*

sqrt (?) ~87m

mp

5.2. Performance Metrics

Performance metrics were measuring how well the protocol performed. The following is a list of these metrics:

172



.DOI: 10.25195/ijci.v52i1.726. Iraqi Journal for Computers and Informatics

5.

6.

. Network Lifetime:

o First Node Dies FND: Round in which the first sensor node runs out of energy.
¢ Half Nodes Die HND : Round at which 50% of the nodes are dead.
e Last Node Dies LND: Round when the last node runs out of energy.

Total Energy Consumption: Energy amount of total energy that was used by each round, or amount of total energy that
was used at any given point of time.

. Packet Delivery Ratio PDR:

Total packets received at BS
PDR = (10)

" Total packets generated by all nodes}

The overall, or average: The time it takes for all packets to go through the network, beginning at the source node, ending
at the base station.

The ratio of overhead to data packets: The ratio of the total number of packets that have been used to send routing
information (overhead) compared to the number of packets of data that were transmitted within the network.

Degree of CH Load Balancing: Standard deviation of energy consumption among all cluster heads.

5.3. Simulation

Each simulation will be run for 2000 rounds or until all nodes are dead. Each of the protocols will be running thirty independent
runs with random deployments and initial selections of Cluster Head CH and the results will be averaged to provide a reliable
estimate based on statistics.

5.4. DRL Training Paradigms

DRL Settings for the Deep Q-Network Component:

State Features: Residual energy, neighbor energy, hop count, queue size.
Action Space: Neighbor selection (next-hop).

Replay Buffer Size: 10,000 experiences.

Mini-Batch Size: 64.

Learning Rate: 0.001.

Discount Factor 3: 0.9.

Exploration Strategy: Epsilon-greedy (€ starts at 1 and decays to 0.01).
Neural Network: 3 layers with 64—128—64 neurons (ReLU activations).
Training Interval: DRL agent is trained at the end of each round.

6. RESULTS AND DISCUSSION

To evaluate our proposed hybrid algorithm, we compare the simulation results from our proposed hybrid DRL-WOA algorithm
with other baselines including: LEACH; TEEN; WOA-LEACH; and DQN-only. We Use four different metrics to evaluate the
algorithms' performance: network lifetime; energy consumed; packet delivery ratio; and routing overhead. Table 4 provides a
comprehensive overview for comparing the qualitative results of the proposed DRL-WOA to all of the baseline methods
presented.

Table 4: Comparative performance analysis of routing protocols

Protocol Ef;i‘;iycy ifft::i(:;l: PDR Adl:(l))ltlgxl;ity Optimization Strategy
LEACH Low Short Low Static Heuristic clustering
TEEN Medium Medium  Medium Event-driven Threshold-based
WOA-LEACH High Medium  Medium Static Bio-inspired clustering
DQN-only Medium Medium High Adaptive DRL routing only
Proposed DRL-WOA High Long High Adaptive WOA + DRL (Unified)
LEACH Low Short Low Static Heuristic clustering
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The proposed DRL-WOA framework achieves balanced improvements across all key performance metrics by jointly
optimizing cluster-head selection and adaptive multi-hop routing.

e Network Lifetime
The network lifetime is an important measure of the performance of a Wireless Sensor Network WSN and is generally assessed
with 3 metrics; First Node Dead FND, Half Node Dead HND and Last Node Dead LND. FND represents the round number
when the first sensor node is completely exhausted, HND represents the round number when 50% of the sensor nodes are no
longer active and LND represents the round number when all the nodes have been exhausted and there is no longer any activity
within the network. Together these 3 metrics represent how efficiently and effectively the network is utilizing its available
energy resources and how well it is distributing its energy usage among its various nodes.

As illustrated in figure 2, the number of live sensor nodes over the rounds of simulation is depicted for each of the routing
protocols that were tested. As indicated in this figure, the DRL-WOA framework that was developed in this research has
maintained a significantly larger number of active nodes than LEACH, TEEN, WOA-LEACH and DQN-only protocols over
the rounds of simulation. This pattern of behavior indicates that the proposed framework is delaying the failure of individual
sensor nodes and improving the overall balance of their energy usage, both of which can be directly attributed to the WOA-
based selection of the energy aware cluster-heads and the DRL-based learning of the multi-hop routing paths that will minimize
the amount of energy consumed during communication.

100

an

&0

an -|

Aliive Sensor Nodes (%)

20

LEACH @ TEEN @ WOA-LEACH & DQN-only
0 * Proposed DRL-WOA

1] 400 00 800 1200
Simulation Rounds

Fig. 2 : Number of alive nodes versus simulation rounds for different routing protocols

Table 5 shows the network lifetime between the different routing protocols. The table presents the FND, HND and LND values
that were obtained through averaging the results of the multiple simulations. The DRL-WOA protocol that was developed in
this research has achieved the longest network lifetime of all 3 metrics. To further quantify the gain, we see that performance
of the proposed method in terms of percentage improvement (FND=19.6%, HND=15.4% and LND=14.87%) over baseline
(WOA-LEAH). Specifically, the large delays between the FND and HND rounds indicate that the proposed framework is
preventing the premature exhaustion of the energy reserves of the individual nodes and that it is extending the LND round
indicates that the proposed framework is also enhancing the overall sustainability of the network. Both of these benefits can be
directly attributed to the joint optimization of the cluster-head rotation and the selection of the routing path that will distribute
the communication load most evenly throughout the network.

Table 5: Network lifetime comparison

Protocol FND HND LND
(Rounds) (Rounds) (Rounds)

LEACH 380 800 1040

TEEN 410 860 1100

WOA-LEACH 510 970 1210

DQN-only 470 910 1165

Proposed Hybrid 610 1120 1390

Further validation is shown in figure 3 through the residual energy average for each round of simulation. Compared to all other
methods examined as a base line, the DRL-WOA method always has greater residual energy. Furthermore, the difference
between the two is increasing over time which validates that by jointly optimizing the cluster head selections based on their
energy consumption and dynamically adjusting the number of hops used in multi-hop routing will lead to less energy being
consumed in the network overall and therefore more stable networks over longer periods.
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Fig. 3 : Energy Consumption
e Packet Delivery Ratio PDR

The Packet Delivery Ratio PDR is an essential measure of how reliable data communication is within a Wireless Sensor
Network WSN. PDR quantifies the quality of the routing decisions that are made at each time point in response to changing
network conditions. In terms of the total packet delivery performance of each protocol during the entire course of the simulation,
the results of the evaluation of the protocols are listed in table 6. From this table it can be seen that the proposed DRL-WOA
framework provided the best PDR of all of the protocols evaluated including LEACH, TEEN, WOA-LEACH, and the DQN-
only methods. The improved PDR is due to the end-to-end delivery of packets through the use of dynamic multi-hop routing
decisions based on information learned by the DRL-agent. These decisions provide avoidance of congested and energy depleted
path segments. A secondary method of assessing the time-dependent delivery consistency of each protocol was through the
evaluation of the average per round PDR of each protocol. The average per round PDR is a useful metric because it provides
insight into the number of times each protocol delivers packets successfully as well as the stability of the delivery performance
of each protocol across simulation rounds. The proposed hybrid method demonstrated both higher packet delivery success rates
than the other methods, as well as higher average per round PDR values (Table 7), providing evidence that not only does the
proposed hybrid method deliver packets with higher success rates than the other methods, but it does so in a consistent manner
throughout the simulations. Figure 4 illustrates the PDR trends of each of the protocols evaluated and clearly demonstrates the
sustained advantages of the proposed hybrid method.

Table 6. Packet Delivery Ratio PDR over the entire Table 7. Comparison of overall and average per-round
simulation duration Packet Delivery Ratio PDR
o,
Protocol PODR Protocol Average PDR (%)
(%)) LEACH 78.3
LEE‘EC;{ S?? TEEN 82.5
WOA-LEACH 927 WOA-LEACH 87.2
DQN-only 932 DQN-only . 88.5
Proposed DRL-WOA 96.8 Proposed Hybrid 93.4
- 95
L 90
&
a 85
& 80
&b
s 75
5
2 70
LEACH TEEN WOA-LEACH DQN-only Proposed
Hybrid
Protocol

Fig. 4 : Packet Delivery Ratio PDR

¢ Routing Overhead, Load Balancing, and DRL Agent Learning Time
Routing Overhead is dependent on how well each of the routing schemes are able to adapt to changes and how many Control
Messages that have to be sent (Figure 5). LEACH has the least amount of overhead because it uses a Static Probabilistic Routing
Scheme. TEEN and WOA-LEACH have a moderate overhead for their Clustering and Coordinating functions. The DQN (only)
will have the most overhead with regards to routing since there is always Route Exploration and Policy Updates occurring at
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all times in the Learning Process. However, the Hybrid DRL — WOA Framework is able to maintain a controlled amount of
routing overhead by finding a Balance between the adaptability that comes from learning and the control message overhead.
Maintaining this type of balance allows for Improved Load Distribution and Stable Network Operation without having to incur
too much overhead in terms of Communication.

In this work, a slight increase in overhead was observed due to the exploration phase of the DRL agent and the control messages
required for joint coordination between routing and aggregation. While this overhead slightly rises control traffic, the trade-off
is justified by the gains in adaptability, energy efficiency, and network lifespan. This study faces some issues (limitations), such
as assuming fixed sensor nodes, relying on computationally intensive training carried out off-system, and not having been
validated on very large scales. Future work will address these issues.
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Protocol

Fig. 5 : Routing Overhead Ratio

Performance of load balancing is measured by comparing the amount of energy that is consumed by the cluster heads at different
times. In this way, the performance of the proposed DRL-WOA method is illustrated in Fig. 6, where the variance of the residual
energy levels of cluster heads over time are compared to those of the other methods. The DRL-WOA method demonstrates a
greater uniformity in energy consumption than the other methods because of the ability of the bio-inspired WOA optimizer to
perform global searches. By having all cluster heads consume an equal or near-equal amount of energy, the DRL-WOA method

can prevent certain nodes from being depleted of their energy resources at a faster rate than others and increase the overall
longevity of the network.
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Hybrid
Protocol

Fig. 6 : CH Energy Variance

Finally, the convergence properties of the DRL agent were studied to measure the quality of the learning process of the agent.
Based on the results illustrated in fig. 7, the reward curve increases throughout the exploration period, but then begins to stabilize
after the first 200 training periods. Therefore, the DRL agent was able to develop successful routing policies that provide better
and more consistent energy efficiencies and routing decisions for the network over longer periods of time.
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Fig. 7 : DRL Agent Convergence

6.1. Discussion

The results of the experiment show that the proposed DRL-WOA hybrid framework improves all the relevant metrics
uniformly and optimally, such as energy saved, network lifetime, and the ratio of packets delivered. This model shows
unyielding and flexible attributes regardless of the network density and varying conditions. The hybrid framework exceeds the
performance of legacy routing and clustering by adapting to network configuration changes, and optimally shifting energy
consumption to prolong the first node death, increasing network lifetime .

These results occur because the combination of WOA and DRL allows for a multi-tiered approach with the tier one being
global cluster-heads where WOA finds the optimal cluster-heads by traversing the clusters to evaluate energy fitness, and tier
two is policy discovery where DRL will learn routing policies in real-time based on the current state of the links and the energy
status of each node. Optimizing both layers reduces redundant transmissions and the fluctuation in the cluster framework and
improves packet delivery ratios under poor network conditions. However, the slight increase in routing overhead may indicate
an opportunity for further optimizing the improvements of the system. Overall, the integrated DRL—-WOA approach offers a
more intelligent and scalable design for practical WSN applications, including smart agriculture, industrial monitoring, and
disaster response, which prioritize energy efficiency and resilience over extended durations.

7. CONCLUSION

The hybrid DRL-WOA approach proposed here uses both DRL to optimize routing and WOA to select energy-efficient cluster
heads to improve on prior methods that either do clustering / routing or only use one type of algorithm to perform both functions.
Experimental results indicated that the framework presented here has better performance than LEACH, TEEN, WOA-LEACH,
and a DQN-based only routing method regarding metrics such as energy consumption, packet delivery ratio, load distribution
and network lifetime. The experimental results demonstrate that an integrated approach to the problems of energy aware
clustering and routing can provide improvements over energy efficient and sustainable network operation in long term.
Therefore, this proposed hybrid DRL-WOA approach is well-suited for WSNs operating under severe constraints in terms of
available power where it is necessary to reliably operate in a dynamically changing environment. Despite promising results of
the proposed method, the study has some limitations: namely, assuming that the sensor nodes are stationary, relying on
computationally intensive offline training, and not being applied to very large scales. Future work will concern on expanding the
framework to include scenarios that involve mobile nodes, including integrating node movement prediction into routing and
aggregation decisions. In addition, exploring lighter DRL models is appropriate for on-device inference and validating the
approach in real-world environments to assess scalability and practical deployment.
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