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ABSTRACT 
Smart agriculture, healthcare, industrial Internet of Things applications, and environmental monitoring all utilize in network. 
However, inconsistent energy use and low battery capacity drastically shorten the network's lifespan. While energy harvesting 
allows for sustainable operation and data aggregation lowers duplicate transmissions, their efficacy depends on intelligent control 
system. This research work on  Reinforcement  Learning based energy harvesting and data aggregation method (RL-EHDA) for 
duty cycle and cluster head (CH) selection. The proposed Reinforcement Learning based data aggregation and energy harvesting 
method dynamically modifies CH roles and node activity states according to harvested energy, residual energy, and network 
conditions ,When compared to conventional clustering and static duty cycling protocols, simulation findings show that the proposed 
Reinforcement  Learning based energy harvesting and data aggregation method (RL-EHDA)  system greatly increases network 
existence, energy utilization, and reduce packet loss. 

KEYWORDS: Wireless Sensor Networks, Reinforcement Learning, Actor Critic ,Data Aggregation, Energy Harvesting, 
Duty Cycling, Cluster Head Selection 

1. INTRODUCTION 
       Numerous low-power sensor nodes are used in 
Wireless Sensor Networks (WSNs) to monitor 
environmental or physical variables. Energy efficiency is 
major problem in WSN due to battery and locate in remote 
area. Selection of cluster head is required for rapid data 
transmission that depletion energy and network lifetime. 
Data aggregation increases the communication between 
node spatially correlated data. Energy management is 
required to handle transmission in sensor nodes that gather 
energy from external sources like solar, thermal energy. 
Machine learning approaches are used to handle energy 
efficiency in WSN.  

        Reinforcement learning interacts with the sensor node 
to performing routing without any predefined methods. 
Machine learning approaches identify duplicate data 
transmission also. Spatial and temporal data correlation 
method harvest energy dynamically to handle dead of 
sensor node [1, 2]. Using residual energy, congestion, and 
connection dependability, Q-learning is used to 

dynamically modify routes in real-time after PSO 
completes the initial investigation of the routes based on 
energy consumption [3]. The intelligent agents in the IoT 
devices and the Edge/Fog/Cloud servers create control 
decisions for the actuators to respond based on the data that 
the sensors gather about the system status. Using artificial 
intelligence strategies is a promising way for intelligent 
entities to attain autonomy particularly machine learning 
method for decision making [4]. An adaptive algorithm on 
top of the initial protocol in order to learn from the 
environment and modify the ideal parameter set to enhance 
network performance [5]. WSNs face a number of 
challenges. It is necessary to take into account energy 
efficiency, limitations on computational and storage 
resources, speed, rates of errors, flexibility, and durability 
in harsh environments [6]. By creating a deep neural 
network (DNN) that continuously acquires the state 
information; the method approximates the Q-value to 
precise network forecasting and choice-making. The 
DeepNR technique includes a protection system that reacts 
in real time to identified vulnerabilities to guarantee the 
network's regular operation, sig

nificantly improving security performance. Additionally, 
DeepNR uses deep learning models to adaptively modify 
its approach to deal with shifting network conditions and 
attack patterns [7].                                                                

In this paper, we propose an RL-based Actor Critic method 
that jointly performs duty cycling and cluster head 
selection to improve energy efficiency in energy harvesting 
WSNs. 
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          This paper includes method are as follows: 1. a 
unified Actor critic-based framework for duty cycling and 
cluster head selection. 2. A reward function that jointly 
considers energy consumption, harvested energy, and 
network performance. 3. Comprehensive performance 
evaluation demonstrating significant energy savings and 
lifetime improvement. Traditional heuristic based 
clustering, duty cycling and routing approaches fail to 
adapt optimally under dynamic network conditions such as 
varying residual energy, traffic load and channel quality. 
To address this challenge Reinforcement Learning based 
energy harvesting and data aggregation method (RL-
EHDA) an Actor Critic framework is adopted to enable 
adaptive, online and distributed energy management in 
wsn.  

2. RELATED WORK 
        For WSNs, a variety of energy-efficient routing and 
clustering techniques have been put forth. Unbalanced 
energy usage results from the random selection of cluster 
heads by traditional clustering techniques like LEACH. 
Although enhanced clustering techniques take residual 
energy into account, they are not flexible and depend on 
fixed criteria. EC-enabled wireless sensor networks using 
sensing and computing decision (SCD) algorithms to 
ensure data quality. The estimation of the η-coverage 
probability [8]. Expandable Aggregation of Multiple 
Clusters, SMCA-ML based data aggregation algorithms 
can greatly increase network lifespan, significantly reduce 
energy consumption, improve network energy, expand 
network performance, and improve data aggregation 
efficiency [9]. A Deep Learning-based optimizes WSN use 
of energy. In order to improve energy efficiency through 
efficient cluster creation, Cluster Head (CH) selection, and 
CH maintenance, Recurrent Neural Network (RNN) with 
Long Short-Term Memory (LSTM) for energy 
efficiency[10]. A group of sensor node called as cluster, 
among these head is selected by the hierarchical LEACH 
protocol, which then collects, compresses, and transmits 
the data to the target node. The genetic algorithm uses 
fitness function to determine the best routing [11]. 
Techniques rely on the distance functions, the one-way 
ANOVAs model with tests for statistical significance, and 
sets of similarity functions, respectively. 

    Packet delivery ratio is increased by unutilized energy 
from inactive node; make an effective data transmission 
[12]. Overlap-based multi-hop routing protocol (OMRP) 
will prevent nodes producing redundant data from being 
active simultaneously, improving data transmission 
efficiency, reducing energy consumption, and resolving hot 
spot problems in remotely distributed IoT networks. In 
order to optimize uplink transmission energy usage, we 
develop a node selection issue for the CB stage based on 
the data aggregation to a particular node by OMRP. We 
present a softmax-based proximal policy optimization 
(SoftPPO-LSTM) with long-short term memory approach 
to intelligently choose CB nodes for enhancing the 

problem's complexity [13]. Using a variety of cognitive 
measurements, create a state space, action set, and reward 
function. Next, use trial and error to determine the optimal 
parent node [14]. RL-based routing technique for WSN that 
frames routes based on the network's current state. This 
leads to the identification of the best routes, where the 
selection of reward functions reduces the transmission time 
and boosts reliability. This work chooses three reliable 
reward functions for the Q-value computation because it 
recognizes the significance of reward functions [15]. The 
table 1.1 shows the machine learning approaches used for 
data aggregation and energy harvesting 

Table 1.1 Machine learning approaches 

Since it serves as the foundation for other RL techniques, 
the Q-learning strategy is often explored use States and 
action [16].Recently, reinforcement learning has been 
applied to WSNs for routing, scheduling, and power 
control. RL-based cluster head selection and duty cycling 
approaches have shown promising results in adapting to 
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network dynamics. This paper addresses this gap by jointly 
optimizing data aggregation and energy harvesting using 
reinforcement learning. However, existing works often 
address these problems independently. 

3. PROPOSED METHOD 
        The proposed strategy focuses on the development of 
integrated energy harvesting and data aggregation. The 
system's primary goals are to create an effective routing 
system based on CH selection, prevent early node failure, 
and lower energy consumption through adaptive scheduling 
and duty cycling. Energy-effective optimization in WSN 
was enhanced using the actor-critic method. We examine a 
WSN is a collection of sensor node that are dynamically 
placed depicted in Fig. 1. There is a single, static sink node 
with infinite energy. Periodically, spatially linked data is 
produced by sensor nodes. Choose the cluster head by 
maximizing CH energy and minimizing intra-cluster 
distance. Each CH chooses the next hop using the Actor 
Critic approach. High-energy nodes involves in transmit. 

  

Fig 1 WSN network 

 Low-energy nodes rely on sleep scheduling and harvesting 
prediction. Update the available energy for every node. 
Nodes that are put to sleep. Transmissions are decreased by 
40–70% when each node predicts its next analysis. For 
aggregation, only validated data is sent. Forwarding data to 
the sink, CH combine it using basic aggregation techniques 
like weighted fusion or averaging. The best RL-selected 
path is used for CH to BS transmission. As seen in figure 2, 
the Actor–Critic (AC) algorithm is a widely used 
reinforcement learning (RL) technique that combines the 
benefits of value-based and policy-based techniques. To 
make the factor more desirable, provide criticism (Td 
error).Energy is used by each node for aggregation, 
transmission, reception, and sensing. 

           Fig 2 Actor Critic Method Flow Diagram 

3.1 Energy Consumption Model 

      Each node consumes energy for sensing, transmission, 
reception, and aggregation. Nodes are equipped with 
energy harvesting modules that harvest energy from 
environmental sources. The harvested energy is stored in a 
rechargeable battery with limited capacity. 

The first-order radio energy model is used. 

1 Transmission Energy 
ETX(k, d) = {kEelec + kEfsd2, d < d0  

                             , kEelec + kEmpd4,  d ≥ d0   

Where 

           ETX(k, d): Energy required transmitting k bits over 
distance d 

• Eelec : Energy dissipated per bit by the transmitter 
electronics (J/bit) 

• Efs : Free-space amplifier energy (J/bit/m²) 
• Emp : Multi-path fading amplifier energy 

(J/bit/m⁴) 
• d0 : Threshold distance, given by 

2 Reception Energy 

Erx(k) =kEelec 

3 Cluster Head Energy Consumption 
ECH=∑ 𝐸𝐸𝑟𝑟𝑟𝑟(𝑘𝑘) + 𝐸𝐸𝐷𝐷𝐷𝐷 + 𝐸𝐸𝑡𝑡𝑡𝑡 (𝑘𝑘, 𝑑𝑑𝐵𝐵𝐵𝐵)𝑖𝑖=1

𝑛𝑛  

Where:  

• ECH: Total energy consumed by the cluster head 
• n: Number of member nodes in the cluster 
• Erx (k): Energy consumed by the CH to receive a 

k-bit data packet from each member node 
• EDA: Energy consumed for data aggregation/fusion 

at the CH 
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•  Etx (k,dBS): Energy consumed by the CH to transmit the 
aggregated k-bit packet to the Base Station (BS) over 
distance dBS 

4 Residual Energy Update 
ET+1res=Etres− (Etx+Erx+EDA) 

3.2. Actor–Critic Learning Model  

The actor critic classified two approaches actor and critic. 
Actor converges to energy balanced CH rotation by 
selecting CH with sufficient residual energy .Transmission 
scheduling and duty cycle is adapted to reduce delays...it 
improves data aggregation reliability.Critic discourages 
frequent CH role switching.TD error penalizes energy 
inefficient actions 

3.2.1 Actor Network 

The Actor parameterizes the policy:  π(st∣θ)  

and selects actions stochastically. 
 
3.2.2 Critic Network 

The Critic estimates the state-value function:  

V (St;ω) =E[∑ 𝛾𝛾𝛾𝛾𝑟𝑟𝑟𝑟 + 𝑘𝑘]0
∞  

3.2.3 Temporal Difference (TD) Error 
δt=rt+γV(st+1) −V(st) 

3.2.4 Actor–Critic Parameter Updates 

Critic Update 
ω=ω+αcδt 

Actor Update 
Θ= Θ +βδt∇logπ(at∣st) 

3.3 Algorithm: 

Initialize: Actor parameters 𝜽𝜽,Critic parameters 𝝎𝝎 
 

1. Observe state st 
2. Select action at∼π(at∣st) 
3. Execute action (CH selection / duty   cycling) 
4. Measure energy consumption and QoS 
5. Receive reward rt and next state st+1 
6. Compute TD error δt 
7. Update Critic parameters 
8. Update Actor parameters 
9. Set st←st+1 

4 RESULT AND DISCUSSION 
      The performance of the proposed Reinforcement 
Learning based energy harvesting and data aggregation 
method (RL-EHDA) scheme was evaluated using extensive 
simulations. A square sensing field of size 100 × 100 m² 
was considered, consisting of 100 homogeneous sensor 
nodes randomly deployed. The base station (BS) was 
located outside the sensing field to emulate long-distance 
communication 

4.1 Network lifetime 
           Three common metrics were used to assess network 
lifetime: initial node, median node, end node. In 
comparison to baseline schemes, the suggested RL-EHDA 
considerably reduced node mortality. The Actor-Critic 
mechanism adaptively prevents low-energy nodes from 
becoming CHs through negative temporal-difference (TD) 
feedback, leading to extended stability periods. The 
learning-driven cluster head selection allowed for balanced 
energy dissipation among nodes, preventing premature 
energy depletion. As a result, compared to Q-learning, the 
initial node and end node parameters improved by more 
than 30% and over 60%, respectively. Figure 3shows the 
active node over x axis. Compared to LEACH, HEED, and 
Q-learning-based methods, the proposed RL-EHDA 
maintains a greater number of active nodes for a longer 
period of time, providing balanced energy dissipation and 
efficient cluster head rotation. 

 
Fig 3 Network lifetime 

4.2 Average residual energy 
 To assess energy efficiency, the average energy 

usage each round was examined. Due to random CH 
selection, LEACH used the most energy, whereas HEED 
produced moderate savings by taking residual energy 
into account to some extent. Although Q-learning further 
decreased energy usage, discontinuous Q-table updates 
caused it to converge slowly. The suggested RL-EHDA 
on the other hand, used the least amount of energy every 
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4.2 Average residual energy 
 To assess energy efficiency, the average energy 

usage each round was examined. Due to random CH 
selection, LEACH used the most energy, whereas HEED 
produced moderate savings by taking residual energy 
into account to some extent. Although Q-learning further 
decreased energy usage, discontinuous Q-table updates 
caused it to converge slowly. The suggested RL-EHDA 
on the other hand, used the least amount of energy every 

round. This improvement results from the critic's precise 
long-term value evaluation, which directs the actor to 
choose energy-efficient transmission power levels and 
adaptive duty cycling, among other energy-optimal 
activities. The average energy consumption per round for 
LEACH, HEED, Q-learning, and the suggested RL-
EHDA scheme is shown in Fig. 4. Throughout the 
simulation, the proposed approach continuously shows 
the lowest energy use. 

 

Fig 4 Energy Consumption 

4.3 Packet delivery ratio 
     The packet delivery ratio or PDR for accurate data 
transmission. RL-EHDA method increase when 
compared with LEACH, HEED and Q– learning based 
methods. Actor-critic method reduce traffic load between 
nodes. Loss of data packet is also handling during heavy 
traffic. Accuracy of data is also maintained. When 
network demand increases, the suggested RL-
EHDA maintains the highest PDR. 

 

Fig 5 Packet Delivery Ratios 

4.4 End To End Delay 
By simultaneously optimizing duty cycle, transmission 
scheduling, and CH selection, the suggested RL-
EHDA obtained the lowest latency. Faster adaption was 
made possible by the ongoing policy modifications, 
which decreased retransmissions and queuing delays. 
The average end-to-end latency that data packets 
encounter is displayed in Fig. 6. When compared to 
baseline methods, the suggested RL-EHDA achieves 
the lowest delay. 

 

Fig 6 End to End Delays 
 

5. CONCLUSION 

      Simulation results show that the proposed 
Reinforcement Learning based energy harvesting and data 
aggregation method (RL-EHDA) scheme extends network 
lifetime by approximately 30–40% compared to LEACH. 
Energy consumption is more evenly distributed among 
nodes, and packet delivery ratio is significantly improved 
due to adaptive duty cycling and cluster head selection.The 
actor critic method prolonged network operation by 
integrating energy harvesting and data aggregation. Data 
aggregation reduces congestion and decrease traffic load. 
Energy is harvested with rescheduling routing.This 
approach a Reinforcement Learning based energy 
harvesting and data aggregation method (RL-EHDA) for 
energy-efficient in wireless sensor networks. By jointly 
optimizing duty cycling and cluster head selection, the 
proposed method adapts to dynamic energy harvesting 
conditions and significantly improves network lifetime and 
performance. Future work will focus on deep reinforcement 
learning and real-world test bed implementation. 
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