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1. INTRODUCTION 

The Wireless Sensor Networks (WSN) have 
become a cornerstone technology for modern 
intelligent systems, enabling real-time monitoring 
and data acquisition in diverse applications such as 
environmental surveillance, smart agriculture, 
industrial automation, healthcare monitoring, and 
smart cities [1], [2] . A typical WSN comprises a 
large number of spatially distributed sensor nodes 
that collaboratively sense, process, and transmit 
data to a centralized base station. Despite their 
wide applicability, sensor nodes are inherently 
constrained by limited battery resources, making 

energy efficiency a critical challenge that directly 
impacts network lifetime, reliability, and 
scalability [3]. Efficient energy management is 
therefore essential to ensure prolonged operation 
and sustainable network performance. 
Traditional energy-efficient routing and clustering 
protocols, such as LEACH and HEED, rely on 
probabilistic or heuristic-based approaches for 
cluster head selection and routing decisions. While 
these methods are simple and scalable, they often 
suffer from uneven energy distribution, frequent 
node failures, and suboptimal routing, leading to 
rapid network degradation. To overcome these 
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limitations, recent research has explored the use of 
machine learning, deep learning, and optimization 
algorithms for improving energy efficiency [4]. 
However, most existing approaches focus on 
isolated components, such as energy prediction, 
clustering, or routing, without considering the 
interdependency among these processes [5]. This 
lack of integration results in inefficient decision-
making and limits network performance. The core 
problem addressed in this work is the absence of a 
unified, intelligent framework that simultaneously 
optimizes energy prediction, cluster formation, 
and routing decisions in WSNs. Existing models 
either rely solely on predictive mechanisms 
without adaptive routing or employ optimization 
techniques without leveraging temporal energy 
patterns. As a result, they fail to achieve a balance 
between energy consumption, network lifetime, 
and communication reliability, especially in 
dynamic and large-scale WSN environments [6]. 
This research stems from the need to develop a 
holistic and adaptive energy management 
framework that can intelligently coordinate 
multiple network operations. By integrating 
predictive intelligence with optimization and 
learning-based decision-making, it is possible to 
significantly enhance energy utilization and extend 
network longevity. Inspired by recent 
advancements in deep learning and reinforcement 
learning, this study aims to bridge the gap between 
prediction-driven and decision-driven energy 
optimization strategies. This paper proposes a 
Hybrid Energy-Efficient Intelligent Framework 
(HEEIF) that combines three complementary 
techniques: (i) Bidirectional Long Short-Term 
Memory (BiLSTM) for accurate prediction of node 
energy based on historical patterns, (ii) Particle 
Swarm Optimization (PSO) for optimal cluster 
head selection considering energy, distance, and 
node centrality, and (iii) Actor-Critic 
reinforcement learning for adaptive and energy-
aware routing decisions. The integration of these 
components enables proactive energy 
management, balanced load distribution, and 
dynamic routing optimization, resulting in 
improved network performance and reliability. 
The main contributions of this paper are 
summarized as follows: 
 A novel hybrid framework (HEEIF) that 

integrates deep learning, swarm optimization, 
and reinforcement learning for energy-
efficient WSN operation. 

 A BiLSTM-based energy prediction model that 
captures temporal dependencies to prevent 
premature node failures. 

 A PSO-based clustering mechanism that 
ensures optimal cluster head selection and 
balanced energy consumption. 

 An Actor-Critic reinforcement learning 
approach for adaptive routing, reducing 
communication overhead and packet loss. 

 
The remainder of this paper is organized as 
follows. Section II presents the related work on 
energy-efficient WSN techniques. Section III 
describes the proposed HEEIF framework, 
including energy prediction, clustering 
optimization, and routing mechanisms. Section IV 
outlines the simulation setup and performance 
metrics. Section V presents the experimental 
results and comparative analysis. Finally, Section 
VI concludes the paper and discusses future 
research directions. 
 

2. RELATED WORK 
 
Recent research in energy-efficient WSN has 
explored machine learning, deep learning, and 
optimization techniques to address energy 
constraints and improve network longevity. 
Despite significant advancements, existing 
approaches often operate in isolation, focusing 
either on prediction, clustering, or routing 
optimization without a unified framework. 
Pande K. et al. (2025) proposed an adaptive multi-
hop routing protocol based on machine learning to 
reduce energy consumption in wireless sensor 
networks. The approach dynamically selects 
optimal routes to minimize transmission 
overhead. The proposed model was compared 
with conventional protocols such as LEACH and 
Directed Diffusion. Experimental results 
demonstrated improved packet delivery ratio and 
enhanced communication reliability. The method 
achieved a 25% reduction in energy consumption. 
Additionally, the network lifetime increased by 
35%, showing the effectiveness of the adaptive 
routing mechanism [7].  
Mabunga Z. P. et al. (2024) presented an LSTM-
based model for predicting energy consumption in 
wireless sensor network nodes. The study focused 
on handling time-series energy data for both static 
and dynamic sensor nodes. The model was trained 
using historical node energy usage patterns. 
Experimental evaluation showed that LSTM 
outperformed traditional prediction models. The 
approach achieved an RMSE of 213.39 joules for 
static nodes. For dynamic nodes, the model 
obtained an RMSE of 293.26 joules, demonstrating 
accurate forecasting capability [8]. 
Sollapure N. S. et al. (2025) proposed a machine 
learning framework integrated with a Kalman 
filter to optimize energy consumption in WSNs. 
The model combines prediction and filtering to 
reduce unnecessary data transmission. This 
approach improves energy utilization while 
maintaining communication quality. The 
framework was evaluated using multiple 



Prof. Kalyani S. Tidke, International Journal of Advanced innovative Technology in Engineering, 2026, 11(2), PP 1-11 
 

 
 
© International Journal of Advanced Innovative Technology in Engineering  1 

performance metrics. Experimental results 
showed an overall accuracy of 98.36%. The 
proposed method also extended network lifespan 
and improved stability [9]. 
Bagwari A. et al. (2023) introduced an energy 
optimization model for Industrial Wireless Sensor 
Networks. The proposed approach focused on 
reducing transmission and idle energy 
consumption. The model also optimized sleep-
mode energy usage for sensor nodes. Experimental 
results showed improved received energy 
efficiency. The system achieved 64.72% 
transmission energy consumption. Additionally, 
the model provided 35.28% transmission energy 
savings, improving overall efficiency [10]. 
Chauhan N. et al. (2025) evaluated machine 
learning techniques for residential energy 
consumption forecasting. The study compared 
multiple deep learning models for prediction 
accuracy. Among them, the BiLSTM model 
demonstrated superior performance. The 
approach provided accurate energy demand 
forecasting using time-series data. The model 
achieved an RMSE of 2.3774 and MAE of 1.2388. It 
also obtained an R² value of 0.9412, indicating 
strong prediction performance [11]. 
Sibi S. A. et al. (2024) proposed an ARIMA-driven 
feature selection method combined with Actor-
Critic reinforcement learning. The model was 
designed to optimize energy consumption in 
wireless sensor networks. The reinforcement 
learning agent dynamically selects energy-efficient 
routing paths. Experimental results demonstrated 
reduced energy consumption. The proposed 
method achieved energy usage of 0.32 mJ. 
Additionally, the network lifetime was extended to 
1501 rounds with 98% prediction accuracy [12]. 
Balakumar D. et al. (2025) introduced a DP-LSTM 
model to reduce energy consumption in WSNs. The 
model combines deep learning prediction with 
dynamic optimization. It was compared with 
existing algorithms such as ELR, HLMS, and TDPA. 
Experimental results showed significant 
improvement in energy efficiency. The proposed 
model reduced energy consumption by 71.54% 
compared to ELR. It also achieved reductions of 
53.90% and 27.15% over HLMS and TDPA 
respectively [13]. 
Surenther I. et al. (2023) proposed a Deep 
Learning-based Grouping Model Approach (DL-
GMA) for energy-efficient communication. The 
model groups sensor nodes to minimize redundant 
transmissions. This approach improves network 
stability and data delivery performance. The 
proposed system enhanced overall quality of 
service. Experimental results showed energy 
efficiency of 88.7%. The method also achieved 
network stability of 90.8% and QoS of 93.4% [14]. 
Vijayakumar K. et al. (2025) presented 
DeepCuckoo, a deep learning-based optimization 

framework. The model integrates deep belief 
networks, convolutional neural networks, and 
recurrent neural networks. The approach 
improves routing efficiency and reduces node 
energy usage. Experimental results showed 
significant improvement in network performance. 
The proposed method achieved up to 55% energy 
savings. Additionally, network lifetime increased 
by 36% [15]. 
Hakkem B. et al. (2024) proposed an AI-driven 
adaptive clustering mechanism for wireless sensor 
networks. The model dynamically selects cluster 
heads based on energy availability. This reduces 
communication overhead and improves load 
balancing. The proposed system was compared 
with LEACH and HEED protocols. Experimental 
results showed approximately 30% reduction in 
total energy consumption. The method also 
improved network lifetime by 25% and 
throughput by 20% [16]. 
Sivasankar C. et al. (2024) employed machine 
learning techniques for predictive energy 
management in WSNs. The proposed model 
analyzes node behavior and predicts energy 
requirements. This helps in optimizing 
communication scheduling. Experimental results 
demonstrated improved system reliability. The 
model reduced node energy consumption by 40%. 
Additionally, data transmission efficiency 
improved by 28.6% [17]. 
Anshad A. S. et al. (2025) proposed a Hybrid 
Quantum-Deep Reinforcement Learning 
framework for WSNs. The model combines 
quantum optimization with reinforcement 
learning-based routing. This approach improves 
energy-efficient path selection. The proposed 
system enhanced network performance and 
stability. Experimental results showed 35% 
reduction in energy consumption. The model 
achieved 98.6% accuracy with improved routing 
efficiency [18]. 
Depuru S. et al. (2025) presented a hybrid 
transformer and graph neural network model. The 
model predicts energy consumption in wireless 
sensor networks. It captures spatial and temporal 
relationships among sensor nodes. The proposed 
system improves prediction accuracy and energy 
management. Experimental results showed a Mean 
Squared Error of 0.034. The model also achieved 
an R-squared value of 0.92 [19]. 
Haripriya R. et al. (2025) proposed a hybrid 
ANNMLP-PSO optimization algorithm for energy-
efficient WSNs. The model optimizes cluster 
selection and routing paths. The approach was 
evaluated using 300 sensor nodes. Experimental 
results showed reduced energy consumption 
compared to GA, GWO, PSO, and RPSO. The 
proposed model achieved energy consumption of 
0.43J. It also improved packet delivery ratio and 
network lifetime [20]. 



Prof. Kalyani S. Tidke, International Journal of Advanced innovative Technology in Engineering, 2026, 11(2), PP 1-11 
 

 
 
© International Journal of Advanced Innovative Technology in Engineering  1 

Hachicha M. et al. (2024) proposed a probabilistic 
estimation approach for energy management in 
WSNs. The model evaluates battery charge 
retention and energy usage. The proposed method 
improves decision-making for periodic 

applications. Experimental results demonstrated 
high prediction accuracy. The system achieved 
98.65% accuracy. Additionally, battery life 
improved by up to 75%, enhancing network 
longevity [21]. 

Table 1: Comparative Analysis of Energy Consumption in WSN. 
 

Author’s Year Model Used Dataset Findings Limitations 

Pande K. et al. [7] 2025 

ML-based 
Adaptive 
Multi-hop 
Routing 

WSN 
simulation 

Energy consumption reduced by 
25%, packet delivery ratio improved 
by 18%, network lifetime increased 

by 35% 

Limited 
evaluation on 

large-scale 
heterogeneous 

WSN 

Mabunga Z. P. et al. 
[8] 

2024 LSTM 
Static and 
dynamic 

WSN nodes 

RMSE = 213.39 J (static), 293.26 J 
(dynamic) showing accurate 

prediction 

High 
computational 
complexity for 

real-time 
deployment 

Sollapure N. S. et al. 
[9] 

2025 
ML + Kalman 

Filter 

WSN 
simulation 

dataset 

Accuracy = 98.36%, improved energy 
utilization and lifetime 

Requires 
parameter tuning 

and filtering 
overhead 

Bagwari A. et al. 
[10] 

2023 
Energy 

Optimization 
Model 

Industrial 
WSN 

dataset 

Transmission energy consumption = 
64.72%, energy saving = 35.28% 

Tested only in 
industrial 

environment 

Chauhan N. et al. 
[11] 

2025 BiLSTM 
Residential 

energy 
dataset 

RMSE = 2.3774, MAE = 1.2388, MSE = 
5.6522, R² = 0.9412 

Not specifically 
designed for WSN 

routing 

Sibi S. A. et al. [12] 2024 
ARIMA + 

Actor-Critic 
RL 

WSN 
simulation 

Accuracy = 98%, energy 
consumption = 0.32 mJ, lifetime = 

1501 rounds 

Increased 
training time 

Balakumar D. et al. 
[13] 

2025 DP-LSTM 
WSN 

dataset 
Energy reduction = 71.54%, 53.90%, 

27.15% over ELR, HLMS, TDPA 

Deep model 
requires high 

memory 

Surenther I. et al. 
[14] 

2023 DL-GMA 
WSN 

simulation 
Energy efficiency = 88.7%, network 

stability = 90.8%, QoS = 93.4% 
Limited real-time 

validation 

Vijayakumar K. et al. 
[15] 

2025 
DeepCuckoo 
(DBN + CNN 

+ RNN) 

WSN 
simulation 

Energy saving = 55%, network 
lifetime improved by 36% 

Complex hybrid 
architecture 

Hakkem B. et al. 
[16] 

2024 
AI-based 

Clustering 
WSN 

dataset 

Energy consumption reduced by 
30%, lifetime increased by 25%, 

throughput improved by 20% 

Cluster overhead 
increases with 
node density 

Sivasankar C. et al. 
[17] 

2024 
ML Predictive 

Model 
WSN 

dataset 

Energy reduction = 40%, 
transmission efficiency improved by 

28.6% 

Requires training 
data for 

prediction 

Anshad A. S. et al. 
[18] 

2025 
Quantum + 

DRL 
WSN 

simulation 

Accuracy = 98.6%, precision = 97.8%, 
ROC-AUC = 99.1%, energy reduction 

= 35% 

High 
computational 

complexity 

Depuru S. et al. [19] 2025 
Transformer 

+ GNN 
WSN 

dataset 
MSE = 0.034, R² = 0.92 indicating 

high prediction accuracy 
Requires large 

training dataset 

Haripriya R. et al. 
[20] 

2025 ANNMLP-PSO 
300-node 

WSN 
Energy consumption = 0.43 J, better 

than GA (0.88 J), GWO (0.72 J) 

Performance 
depends on node 

density 
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Hachicha M. et al. 
[21] 

2024 
Probabilistic 
Estimation 

Model 

WSN 
periodic 

applications 

Accuracy = 98.65%, battery life 
improved by 75% 

Limited 
evaluation 
scenarios 

3. PROPOSED METHODOLOGY  
 
A. Overview of Proposed Framework 
This research proposes a Hybrid Energy-Efficient 
Intelligent Framework (HEEIF) for Wireless 
Sensor Networks (WSNs). The framework 
integrates: 

• Deep Learning (BiLSTM / LSTM) for 
energy prediction 

• Optimization algorithm (Particle Swarm 
Optimization – PSO) for clustering 

• Reinforcement Learning (Actor-Critic 
model) for adaptive routing 

The objective is to minimize energy consumption 
while maximizing network lifetime and 
communication efficiency. 
 
 
 
 

Figure 1: Proposed HEEIF model for Wireless Sensor Networks 
 
Figure. 1. Architecture of the proposed HEEIF for 
Wireless Sensor Networks. The framework begins 
with sensor nodes that collect environmental data, 
followed by a data collection module that gathers 
residual energy and node information. A BiLSTM-
based model predicts future energy levels to 
support intelligent decision-making. The PSO-
based clustering module selects optimal cluster 
heads based on energy and distance metrics. An 
Actor-Critic reinforcement learning approach is 
employed for adaptive routing and optimal path 
selection. The data transmission layer ensures 
efficient communication using aggregation and 
sleep scheduling techniques. An energy update 
feedback loop continuously refines the system to 
enhance network lifetime and energy efficiency. 
 
Sensor Nodes Layer: The sensor layer consists of 
spatially distributed nodes responsible for sensing 
environmental parameters and transmitting data 

to the base station. Each node operates under strict 
energy constraints, making efficient energy 
utilization essential. The WSN consisting of N 
sensor nodes distributed over an area 
 A. Each node i is initialized with energy 
 

𝐸𝑖(0) = 𝐸0                         (1) 

The residual energy of a node at time t is defined 
as: 

𝐸𝑖(𝑡) = 𝐸𝑖(𝑡 − 1) − (𝐸𝑡𝑥(𝑘, 𝑑) + 𝐸𝑟𝑥(𝑘)          (2) 

Where: 𝐸𝑡𝑥(𝑘, 𝑑) = transmission energy, 𝐸𝑟𝑥(𝑘)= 
reception energy, k = packet size, d = transmission 
distance 

Using the first-order radio model: 
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𝐸𝑡𝑥(𝑘, 𝑑) = 𝑘𝐸𝑒𝑙𝑒𝑐+ k𝐸𝑎𝑚𝑝𝑑2            (3) 

𝐸𝑟𝑥(𝑘) = 𝑘𝐸𝑒𝑙𝑒𝑐           (4) 

This formulation captures the energy depletion 
behaviour of sensor nodes. 

Data Collection Module: The state of each node is 
represented as a feature vector: 

 
𝑆𝑖 = {𝐸𝑖 , 𝐷𝑖 , 𝑝𝑖 , 𝑇𝑖 , 𝐻𝑖}      (5) 

 
The dataset for prediction is: 
 

𝐷 = { 𝑆1, 𝑆2, … , 𝑆𝑁   }                   (6) 

This structured representation enables efficient 
input to the learning model.  

Energy Prediction using BiLSTM Model: Energy 
prediction is modeled as a temporal learning 
problem, where historical energy consumption 
patterns are used to forecast future energy states 
using a BiLSTM network. Given past observations: 
 

𝑋𝑡 = {𝐸𝑖  (𝑡 − 𝑛), … , 𝐸𝑖(𝑡 − 𝑛)}      (7) 

 

The BiLSTM predicts future energy: 
 

𝐸𝑖̂(𝑡) = 𝑓𝐵𝑖𝐿𝑆𝑇𝑀(𝑋𝑡)  (8) 

The objective is to minimize prediction error: 
 

𝐿 =
1

𝑁
∑ (𝐸𝑖

𝑁
1 (𝑡) − 𝐸𝑖̂(𝑡))2     (9) 

The bidirectional architecture enhances learning 
by considering both forward and backward 
temporal dependencies. 

Clustering Optimization using PSO: Cluster head 
selection is formulated as a multi-objective 
optimization problem, where Particle Swarm 
Optimization (PSO) identifies optimal nodes based 
on energy, distance, and centrality. Cluster Head 
(CH) selection is formulated as an optimization 
problem. Each particle represents a potential CH 
configuration. 

The fitness function is defined as: 

𝐹 = 𝑤1.
𝐸𝑖

𝐸𝑚𝑎𝑥
+ 𝑤2.

1

𝐷𝑖
+ 𝑤3. 𝐶𝑖         (10)

   
where: 𝐸𝑖   = residual energy, 𝐷𝑖= distance to base 
station, 𝐶𝑖= centrality factor  
𝑤1, 𝑤2,𝑤3  = weighting coefficients 

Particle velocity and position update 
  𝑣𝑖

𝑡+1 = 𝑤𝑣𝑖
𝑡 + 𝑐1𝑟1(𝑝1 − 𝑥𝑖

𝑡) + 𝑐2𝑟2(𝑔 − 𝑥𝑖
𝑡)  (11) 

 

                                        𝑥𝑖
𝑡+1 = 𝑥𝑖

𝑡 + 𝑣𝑖
𝑡+1                (12)  

This ensures convergence toward optimal cluster 
head selection  
Fitness Function (PSO) 
𝐹 = 𝑤1(𝐸𝑟𝑒𝑠) + 𝑤2(1/𝐷𝐵𝑆) + 𝑤3(𝑁𝑜𝑑𝑒𝐷𝑒𝑛𝑠𝑖𝑡𝑦)      (13) 
 

Routing Optimization (Actor-Critic RL): Routing 
decisions are modeled as a Markov Decision 
Process (MDP), where an Actor-Critic 
reinforcement learning framework dynamically 
selects energy-efficient communication paths. The 
routing problem is modeled as a Markov Decision 
Process (MDP): 
 
State: 𝑠𝑡 ∈ S (network conditions) 
Action: 𝑎𝑡 ∈ S (routing decision) 
Reward: 𝑅𝑡 
 
The policy function: 

               𝜋(𝑎 ∣ 𝑠; 𝜃)                                               (14) 
  

The value function: 
        𝑉(𝑠; 𝜙)                                                             (15)

  
The objective is to maximize cumulative reward: 
 

𝐽(𝜃) = 𝐸 [ ∑ 𝛾𝑡𝑅𝑡

∞

𝑡=0

]                        (16)  

Reward function: 
 

𝑅𝑡 = 𝛼 ⋅ 𝑃𝐷𝑅 − 𝛽 ⋅ 𝐸𝑛𝑒𝑟𝑔𝑦             (17) 

Actor update: 
 

𝜃 ← 𝜃 + 𝛻𝜃𝑙𝑜𝑔𝜋(𝑎𝑡 ∣ 𝑠𝑡) ⋅ 𝛿𝑡              (18) 

Critic update: 
 

𝛿𝑡 = 𝑅𝑡 + 𝛾𝑉(𝑠𝑡 + 1) − 𝑉(𝑠𝑡)              (19) 

This formulation enables adaptive routing 
decisions 
Data Transmission Layer: The total energy 
consumption for communication is: 

𝐸𝑡𝑜𝑡𝑎𝑙 = 𝑖 = ∑(𝐸𝑡𝑥

𝑁

𝑖=1

+ 𝐸𝑟𝑥 + 𝐸𝑎𝑔𝑔)         (20) 

where: 𝐸𝑎𝑔𝑔  = data aggregation energy,  

 
Data aggregation reduces redundant 
transmissions: 
 

𝑘𝑒𝑓𝑓 = 𝑘 ⋅ (1 − 𝜆)                       (21) 

where λ represents redundancy factor 

Base Station Model: The base station collects all 
aggregated data: 

𝐷𝐵𝑆 = ∑ 𝐷𝑖

𝑖∈𝐶𝐻

                               (22) 

It is assumed to have unlimited energy: 
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𝐸𝐵𝑆 → ∞                                      (23) 

Thus, it does not constrain network performance. 
Energy Update Feedback Loop; after each round 𝑟, 
energy is updated as: 
 

𝐸𝑖
𝑟+1 = 𝐸𝑖

𝑟 − 𝐸𝑐𝑜𝑛𝑠𝑢𝑚𝑒𝑑                (24) 

The updated state is reintroduced: 
 

𝑆𝑖
𝑛𝑒𝑤 = 𝑓(𝐸𝑖

𝑟+1 + 𝐷𝑖 , 𝑝𝑖 , 𝑇𝑖)         (25) 

This feedback ensures dynamic adaptation of the 
system. 
The global optimization goal of the framework is: 
 

𝑚𝑖𝑛𝐸𝑡𝑜𝑡𝑎𝑙, 𝑚𝑖𝑛𝐸𝑡𝑜𝑡𝑎𝑙, 𝑚𝑎𝑥𝑃𝐷𝑅 
 
Subject to: 

𝐸𝑖(𝑡) > 0  ∀𝑖                           (26) 
 

4. RESULTS AND ANALYSIS  

The performance of the proposed HEEIF is 

evaluated through extensive simulation 

experiments and compared with conventional and 

learning-based Wireless Sensor Network (WSN) 

models. The evaluation focuses on key 

performance metrics, including energy 

consumption, network lifetime, and packet 

delivery ratio (PDR), which are critical for 

assessing the efficiency and reliability of WSN 

operations. The results are presented using both 

graphical and tabular analysis to provide a 

comprehensive comparison. The proposed 

framework integrates BiLSTM-based energy 

prediction, PSO-based clustering, and Actor-Critic 

reinforcement learning for adaptive routing, 

enabling optimized resource utilization and 

improved network performance. As illustrated in 

Fig. 2 and Tables 2–3, the proposed model 

consistently outperforms existing approaches 

across all considered metrics, demonstrating its 

effectiveness in enhancing energy efficiency, 

prolonging network lifetime, and ensuring reliable 

data transmission. 

Table 2: Simulation and Model Parameters 

Parameter Value Description 

Number of 

Nodes 

100–400 Network size 

Area 100m × 100m Deployment 

region 

Initial Energy 100 J Node energy 

Packet Size (k) 4000 bits Data packet size 

Transmission 

Energy 

50 nJ/bit Energy model 

Amplifier 

Energy 

100 pJ/bit/m² Distance-based 

energy 

BiLSTM Layers 2 Prediction model 

Hidden Units 64 LSTM neurons 

Learning Rate 0.001 Optimizer 

PSO Particles 30 Optimization 

agents 

PSO Iterations 50 Convergence 

steps 

RL Algorithm Actor-Critic Routing model 

Discount Factor 

(γ) 

0.95 RL parameter 

Simulation 

Rounds 

2000 Evaluation 

duration 

 
Energy Consumption Model:  

Using First Order Radio Model: 

 

𝐸𝑡𝑥(𝑘, 𝑑) = 𝐸𝑒𝑙𝑒𝑐 ⋅ 𝑘 + 𝐸𝑎𝑚𝑝 ⋅ 𝑘 ⋅ 𝑑2         (27) 

 

𝐸𝑟𝑥(𝑘) = 𝐸𝑒𝑙𝑒𝑐 ⋅ 𝑘                              (28) 

 

Where: 𝑘 = packet size, 𝑑 = distance,  𝐸𝑒𝑙𝑒𝑐= energy 

per bit 

Network Lifetime 

𝐿𝑖𝑓𝑒𝑡𝑖𝑚𝑒 = 𝑅𝑙𝑎𝑠𝑡 𝑛𝑜𝑑𝑒 𝑎𝑙𝑖𝑣𝑒                         (29) 

 

Reinforcement Learning Reward 

𝑅 = 𝛼(𝑃𝐷𝑅) − 𝛽(𝐸𝑛𝑒𝑟𝑔𝑦)             (30) 

Prediction Error (RMSE) 

𝑅𝑀𝑆𝐸 = √
1

𝑛
  ∑( 𝑦𝑎𝑐𝑡𝑢𝑎𝑙 − 𝑦𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑)2     (31) 

 

Table 3. Comparative analysis of energy 

consumption and network lifetime 

Rounds 

Energy Consumption Network Lifetime 
Existing 
Energy 

(J) 

Proposed 
Energy 

(J) 

Existing 
Alive 

Nodes 

Proposed 
Alive 

Nodes 
0 100 100 — — 

500 65 78 80 95 
1000 40 62 55 85 
1500 20 45 30 70 
2000 5 30 10 50 

 

Table 3 shows the comparative analysis of energy 

consumption and network lifetime of the proposed 

HEEIF framework and existing WSN models over 

different simulation rounds. The results indicate 

that while both models start with identical initial 

energy, the existing approach experiences rapid 

energy depletion due to inefficient routing and 

unbalanced cluster head selection, leading to a 

sharp decline in the number of active nodes. In 

contrast, the proposed HEEIF framework 

maintains significantly higher residual energy 

across all rounds, demonstrating efficient energy 

utilization. Additionally, the number of alive nodes 
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decreases more gradually in the proposed model, 

indicating improved network stability and 

extended lifetime. At higher rounds, the proposed 

framework retains substantially more active nodes 

compared to the existing method, confirming its 

ability to distribute energy consumption 

effectively. This performance improvement is 

achieved through the integration of BiLSTM-based 

energy prediction, PSO-based clustering, and 

reinforcement learning-based routing, which 

collectively enhance energy efficiency and prolong 

network operation. 

Table 4. Comparative analysis of packet delivery 

ratio (PDR) 

Nodes Existing (%) 
Proposed 

(%) 
100 88 96 
200 85 95 
300 82 94 
400 80 94 

 

The results presented in Table 4 shows the 

performance of the proposed HEEIF in terms of 

packet delivery ratio (PDR) across different 

network sizes. It is observed that as the number of 

sensor nodes increases, the PDR of existing models 

gradually decreases due to higher congestion, 

increased packet collisions, and inefficient routing 

strategies. In contrast, the proposed HEEIF 

framework consistently maintains a higher PDR, 

achieving values between 94% and 96% even as 

the network scales. This indicates that the 

proposed model effectively handles network 

density and ensures reliable data transmission. 

The improved performance is primarily attributed 

to the Actor-Critic reinforcement learning-based 

routing mechanism, which dynamically selects 

optimal paths, along with PSO-based clustering 

that reduces communication overhead. Overall, the 

results confirm that the proposed framework 

enhances data delivery reliability and scalability in 

Wireless Sensor Networks. 

Table 5. Comparative performance evaluation of 

the proposed HEEIF framework 

Model 
Energy 

Reduction 
Lifetime PDR 

LEACH 25% Low 85% 

LSTM-based 50% Medium 88% 

RL-based 60% High 90% 

Proposed 
HEEIF 

80% Very High 96% 

 

Table 5 presents a comparative analysis of the 

proposed HEEIF with conventional and learning-

based WSN approaches, including LEACH, LSTM-

based, and reinforcement learning (RL)-based 

models. It is observed that traditional protocols 

such as LEACH provide limited energy reduction 

and lower packet delivery performance due to 

static clustering and non-adaptive routing. 

Learning-based models, including LSTM and RL 

approaches, show improved performance by 

incorporating prediction and adaptive decision-

making; however, they operate independently and 

lack integrated optimization. In contrast, the 

proposed HEEIF framework achieves the highest 

energy reduction of 80%, along with very high 

network lifetime and a PDR of 96%. This 

significant improvement is attributed to the 

synergistic integration of BiLSTM-based energy 

prediction, PSO-based clustering, and Actor-Critic 

reinforcement learning for routing optimization. 

The results demonstrate that combining 

prediction, optimization, and adaptive learning 

mechanisms leads to superior energy efficiency, 

enhanced reliability, and improved scalability in 

wireless sensor networks. 

 

Figure 2(a): Energy consumption versus 

simulation rounds showing slower energy 

A. Energy Consumption 

Fig. 2 (a) shows the variation of residual energy 

with respect to simulation rounds. It is observed 

that the energy level in existing WSN models 

decreases rapidly due to inefficient cluster head 

selection and static routing strategies. In contrast, 
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the proposed HEEIF model exhibits a gradual 

decline in energy consumption. 

The improved performance is primarily due to the 

integration of BiLSTM-based energy prediction, 

which prevents the selection of low-energy nodes, 

and PSO-based clustering, which ensures balanced 

energy utilization. As the simulation progresses to 

2000 rounds, the proposed model retains 

approximately 25–30% higher residual energy 

compared to existing approaches, indicating 

enhanced energy efficiency. 

 

Figure 2(b): Number of alive nodes versus 

simulation rounds 

B. Network Lifetime 

The network lifetime is evaluated in terms of the 

number of alive nodes, as shown in Fig. 2(b) the 

proposed model maintains a higher number of 

active nodes throughout the simulation, 

demonstrating a prolonged stability period. 

At higher rounds, the number of alive nodes in 

conventional models decreases significantly due to 

uneven energy depletion. However, the proposed 

framework sustains approximately 60–65% of 

nodes alive, whereas existing models retain only 

around 40%. This reflects an improvement of 

nearly 20–25% in network lifetime, confirming the 

effectiveness of the hybrid optimization approach. 

  

Figure 2(c): Packet delivery ratio versus number 

of sensor nodes 

C. Packet Delivery Ratio (PDR) 

Fig. 2(c) illustrates the packet delivery ratio with 

varying numbers of sensor nodes. The proposed 

HEEIF model consistently achieves a higher PDR 

compared to existing methods across all network 

sizes. 

Specifically, the proposed model attains a PDR of 

approximately 92–96%, whereas conventional 

approaches achieve around 85–88%. This 

improvement is attributed to the Actor-Critic 

reinforcement learning mechanism, which 

dynamically selects optimal routing paths and 

reduces packet loss. 

Table 6. Performance analysis of proposed HEEIF 

Framework 

Metric LEACH 
LSTM-
based 
Model 

RL-
based 
Model 

Propose
d HEEIF 

Throughpu
t 

(packets/r
ound) 

450 620 710 850 

Average 
Delay (ms) 

180 140 120 95 

Energy per 
Packet 

(J/packet) 
0.85 0.60 0.48 0.32 

Load 
Balancing 
Factor (%) 

68 78 85 93 

Stability 
Period 

(rounds) 
900 1200 1450 1750 

Table 6 shows the results of the proposed HEEIF in 

improving additional network performance 

metrics beyond conventional evaluations. The 

proposed model achieves the highest throughput 
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of approximately 850 packets per round, 

indicating enhanced data transmission efficiency 

compared to LEACH (450), LSTM-based (620), and 

RL-based (710) approaches. Furthermore, the 

average delay is significantly reduced to 95 ms, 

reflecting faster and more efficient routing 

decisions enabled by the Actor-Critic 

reinforcement learning mechanism. In terms of 

energy efficiency, the proposed framework 

records the lowest energy consumption per packet 

(0.32 J/packet), highlighting its ability to optimize 

communication overhead and minimize redundant 

transmissions. The load balancing factor reaches 

93%, demonstrating uniform energy distribution 

across sensor nodes due to PSO-based clustering 

and predictive energy-aware node selection. 

Additionally, the stability period is extended to 

approximately 1750 rounds, which is considerably 

higher than existing methods, confirming 

improved network longevity and sustained 

performance. 

5. CONCLUSION AND FUTURE SCOPE 

This paper presented a HEEIF model for Wireless 
Sensor Networks that integrates BiLSTM-based 
energy prediction, PSO-based clustering, and 
Actor-Critic reinforcement learning for adaptive 
routing. The proposed framework effectively 
addresses the limitations of conventional and 
standalone learning-based approaches by 
providing a unified solution for energy 
optimization, load balancing, and dynamic routing. 
Experimental results demonstrate that HEEIF 
significantly reduces energy consumption (up to 
80%), improves network lifetime by 
approximately 20–25%, and achieves a high 
packet delivery ratio (94–96%), along with 
enhanced throughput, reduced delay, and 
improved stability. These improvements confirm 
that the synergistic combination of prediction, 
optimization, and learning mechanisms leads to 
superior performance in WSN environments. For 
future work, the framework can be extended to 
real-world deployments and large-scale IoT 
scenarios, incorporating fog/edge computing for 
distributed intelligence, federated learning for 
privacy-preserving optimization, and lightweight 
model compression techniques for resource-
constrained nodes. Additionally, exploring multi-
objective optimization with QoS constraints, 
security-aware routing, and integration with 
emerging 6G-enabled WSN architectures can 
further enhance the applicability and robustness of 
the proposed system. 
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