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Abstract— A wireless sensor network generally defined as the 

collection of sensors that are utilized to track and record the data 

in real-time on an ongoing basis from different applications. In 

comparison with other sensor nodes, data transmission obtained 

through sinks in WSN eliminates the energy in nearby nodes. This 

issue is identified as one of the major problems in a wireless 

sensor network. Two new algorithms were proposed in this 

research paper that mainly focused on the usage of machine 

learning algorithms to solve the data collection issue in the 

wireless sensor network. The algorithms proposed will able to 

create cluster heads to decrease energy usage, this will save about 

50% of battery power consumption and mobile sinks are used to 

record the data from cluster heads in a network. Ultimately, 

current algorithms such as RLLO, DBRkM, CLIQUE, RL-CRC, 

and EPMS were compared. 

 

Keywords— Agents, Cluster head, Markov decision process, 

Sink traversal, Reinforcement learning. 

I. INTRODUCTION 

To develop efficient algorithms for data aggregation in WSN, 

an important research field which is already discussed in the 

past few decades. Therefore, sleep and wake-up process is 

required to use sensor nodes to maximize their energy's 

network existence. This is how the theory of clustering 

works. As a result of the intermediate contact between base 

stations and rest of the Wireless sensor network, the nodes 

that lie near to base stations always get overloaded. It 

significantly reduces the efficiency of the network wireless 

sensor. Therefore, we have supported work in sink flexibility 

that has been found in WSNs to correctly handle the problem 

of hot spots and reduce the overhead of energy 

communication.  

Mobile sink must be visited divisionally in each of 

its cluster headers to gather the information, which results in 

a longer mobile sink path that creates latency in data 

provision and increased energy usage. However, it is a 

demanding task to design a mobile sink travel path, because it 

depends heavily on network coverage, data provision, energy 

efficiency, and network life. 

 The machine learning techniques called reinforcement 

learning are applied and agents are trained in the new 

environments. A primary objective of agents is to create steps 

that will maximize future rewards. Such incentives later lead 

to an optimal strategy. 
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 Following the MDP (Markov Decision Process) framework, 

the components are states, indicators, and transformations 

between States. The usage of reinforcement learning 

approaches can therefore greatly improve the performance of 

WSNs. The following are the contribution to the research 

paper as follows: 

1. A novel algorithm for creating a cluster head using a 

reinforcement learning algorithm (RLBCA). 

2. The novel algorithm proposed to record and collects 

the data from the sensor nodes called ODMST. 

II. RELATED WORK 

This section discusses the literature survey of data collection 

in WSN. The authors [1] proposed the mobile sink geometric 

model, which worked extremely well on different 

performance metrics. TTDD was built in to differentiate the 

WSN into the wireless link node-based digital grids. The 

mobile sink path is based on the grid node which removes the 

hot spot problem. This grid-development process, however, 

consumes more SN energy.  

In [2], the authors were focused here on energy-efficient 

PSO-based routing and clustering. Researchers have 

proposed a strategy that extends the network life by removing 

traffic from the gateways whose residual energy reaches a 

certain threshold cost, but the researchers also regarded the 

loss of the gateways as a function of the complete power 

depletion. The PSO algorithm used in the MPES algorithm 

[3] to increase network performance by using virtual clusters. 

The cluster heads are selected based on the mobility of 

mobile sinks. But the WSNs transmission coverage problem 

was not resolved by this algorithm. The authors in [4] focused 

on the issue of minimizing WSN delivery latency and using 

the random mobile sink in an aircraft, where the suggested 

algorithm is good at reducing data latency and route length. 

Nevertheless, the transmission issue impaired WSN quality. 

In [5], the authors proposed that an information distribution 

system, known as the tree overlay grid, be used to identify 

moving targets if several moving disks are located in WSN 

and require less power along with longer network life. The 

researchers [6] explained that local data can be shared for 

each node with adjacent nodes without unnecessary overhead 

output, allowing for an efficient rotation.  

The researchers suggested DBRkM and RkM 

algorithms [7] create mobile sink paths. To determine a route 

via a hop interaction, the RkM algorithm joined SN’s where 

the late-bound path created by DBRkM. Nevertheless, that  
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sensor nodes have the same amount of data storage, so stay 

time for the phone sink is negligible. Researchers 

implemented the EAPC methodology in [8], which created a 

data collection course and selected qualifying sensors. The 

EAPC approach developed a minimal timbre at the base 

station. It increases network longevity and energy 

consumption, but a little less power is required and SN 

numbers are increasing. In [9], the author implemented 

I-UMDPC-based cluster routing where sensitive information 

is disrupted in time by the route. Nonetheless, this algorithm 

is more complex than current methods. The question of 

choosing an optimum cluster is formulated as an MDP 

showing good energy efficiency and reducing energy 

consumption when creating several intra and inter-cluster 

communications clusters [10]. 

Using enhancement learning, the CLIQUE algorithm [11] 

was used in data clusters that saved cluster head selection 

power so that nodes could determine whether or not to serve 

as packet-based cluster heads. A clustering algorithm to 

enhance learning is proposed in the research paper [12], that 

address the energy consumption and detection of the user in a 

wireless sensor network, which in turn slows down network 

coverage. The multi-target optimization survey, including 

several performance metrics and very useful algorithms. 

Researchers proactively proposed ways to improve network 

operation, coverage and reliability discovery with accurate 

results. 

 

III. PROBLEM DEFINITION 
 

Network Environment Model: The multiple sensor nodes 

are placed into an R-radius rectangle area. Figures 3.1 and 3.2 

illustrate the basic architecture of the mobile sink. Every 

senor node is static and uniform [13]. There are similar 

sectors in the whole sensor network environment. Source 

nodes are free to adjust transmission power to target nodes 

according to the distance. 

 

Figure 3.1: Mobile Sink Architecture 

Basic Assumptions. In this research study, we have taken as 

follows:  

1. The static and homogeneous existence of all deployed 

WSN nodes. 

2. The initial energy of all WSN nodes is the same [14]. 

3. In the network environment, no physical 

barriers/obstacles are found. 

4. The handheld sink [15] is capable of gathering 

information at the right time from the cluster heads. 

Energy Model: The first radio-energy model [14] was 

considered as an energy method for measuring energy usage. 

The equations shown below shows the energy usage can be 

measured in the following ways: absorption and 

transmission.  

 
Problem Formulation: Network life and energy 

consumption are the key performance variables for WSN. 

When a first node dies, the lifetime of WSN is counted. 

Figure 3.2 represents the proposed architecture of the mobile 

sink traversal path. Figure 3.2 indicates that Mobile sink 

immediately declares its current position for all cluster heads. 

If necessary, cluster heads must give their message to the 

Mobile sink. The distance between cluster heads and Mobile 

sink is then measured and the path is then established for data 

collection. If cluster heads are submitting their query once 

more during the traversal process of sensor nodes, then the 

Mobile Sink updates the path according to the shortest 

distance and executes this for data collection. 

 
Figure 3.2: Architecture of Mobile Sink traversal path 
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Reinforcement Learning (RL) 

RL has several basic components such as reward, agent, state, 

policy, action, model and value function of the environment. 

Figure 3.3 presents the RL learning process. 

 

Figure 3.3: RL learning process 

IV. PROPOSED ALGORITHMS  

Clustering of SNs by Using Reinforcement Learning: We 

have suggested in this chapter RLBCA where the WSN node 

acts as a learning agent to build up clusters based on certain 

policies in the energy level of their closest neighbors. Cluster 

search is calculated for the Markov decision process (MDP) 

[15]. The MDP includes government, action, rewards, and 

policies. In order to learn from networking, the learning agent 

uses a time-difference process. For Clustering the RL 

template is used (state, Action, and Reward). Markov 

decision process (MDP) is a 4-tuple [ set of states (S), 

Transitional function (T), Action(A), Reward (R)]. The agent 

chooses an action for all states as shown in Figure 4.1. The 

selected action subsequently calculates the cluster energy 

consumption. The rewards resulting from energy 

consumption determined to take the right action. The 

decision that was made raises the current state to the next 

state and the current action to the next action. The best 

policies are determined by the agents, maximizing the gain. 

The data obtained from various nodes are collected and 

generalized without any noise, this can be achieved only 

when we train the network in such a way that network should 

adapt to the environment. 

 

Figure 4.1: Reinforcement learning for creation of cluster 

heads 

The algorithm is as follows:

 

Mobile Sink Traversal Algorithm: ODMST 

The RLBCA composed cluster heads; the ODMST algorithm 

collects data from the cluster heads obtained from the above 

algorithm. 

Step1: Cluster heads are obtained from the   

      Above algorithm. 

Step2: Randomly placed mobile sink nodes   

      Broadcast the position to cluster heads. 

Step3: The cluster head send the request to   

      Mobile sink node to visit the message  

      Packet. 

Step4: Mobile sink stores the message in 

      Routing table to identify the distance. 

Step5: If the mobile sink receives the multiply     

                    Message: 

 Than shortest traversal path is  

Created and calculates the distance. 

Step6: Jump to step 3. 
 

V. PERFORMANCE EVALUATIONS 

We have contrasted the proposed algorithm with existing 

algorithms, including the RLLO, DBRkM, CLIQUE, 

RL-CRC, and EPMS. In the area of 400x 400-meter square, 

the network setting includes 1000 sensor nodes and having 

0.5 J initial energy consumption. We have used OMNeT++ 

simulator based on the following simulation parameters: 

● Range communication = 100 m. 

● Packet size = 2000 bits. 

● Learning parameter = 0.5,0.7,0.9 and 0.11. 

● Speed of sensor node = 4,5,6,7,8, and 9 m/s. 

● Random deployment. 
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VI. RESULT ANALYSIS 

The findings were calculated by the following performance 

metrics, compared with other algorithms such as RLLO, 

DBRkM, CLIQUE, RL-CRC, and EPMS:  

1.  Loss of Routing energy: Each cluster head of the 

WSN absorbs energy. Cluster heads not part of the 

sink route are said to be idle to save energy. 

2. Lifetime network: indicates the duration of nodes. 

3. Learning time: indicates the performance of the 

WSN, operation increases as the learning rate goes 

up and the energy consumption decreases. 

4. Algorithm convergence: This is the algorithm 

output expressed in two ways: speed and 

convergence order. 

5. Description of Square Error (SSE): It provides a 

generic cluster method of analysis. The SSE 

demonstrates cluster heads efficiency according to 

power management. 

After detailed simulation in OMNeT++, the Reinforcement 

cluster algorithm is establishing the solution directly from the 

action pair. It depends mainly on the speed of learning, the 

discount variable and the method of taking an intervention. 

We modelled proposed method to check our algorithm's 

convergence over 4000 episodes and tested its efficiency as 

shown in Figure 5.1. The results revealed that the 

Reinforcement cluster algorithm produces the optimal 

solution because of its quicker network convergence and 

shorter learning time where we have used Q-learning for 

clustering. 

 

Figure 5.1: Result analysis of RLBCA 

Figure 5.2 shows as the number of iteration increases, the 

sink traversal algorithm's energy consumption is 

comparatively lower than other algorithms RLLO, DBRkM, 

CLIQUE, RL-CRC, and EPMS. 

 

Figure 5.2: Result analysis of ODMST 

VII. CONCLUSIONS 

The two novel learning algorithms are proposed mainly to 

solve energy consumption in WSN using reinforcement 

learning. The cluster heads are used to record the data 

depending on their demand, which primarily saves energy 

consumption from the cellular sink and boosts network life. 

Simulation results showed and compared with different 

algorithms, the proposed algorithms accurately generated 

cluster head and collect data from cluster heads via mobile 

sinks. This research study motivates us to test on a large scale 

the scalability and integration in WSN. 
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