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problems in WSN using RL approach. Initially, the RLBCA
algorithm is designed to remand energy consumption. On
the other hand, ODMST has been designed to aggregate data
as per requirement from the CH. The record of incoming
requests has been stored into a table, and according to the
recorded data next step has been performed [38].

3. Materials and Methods

The entire network is divided into two sections that are
clustering and Route formation using RL based approach.
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Figure 6. Flow of Proposed Work

Clustering is the process of dividing the entire network into
different zones known as clusters.

Each cluster is monitored by a CH node, which collects and
forwards data to the BS. In a large network area, the
selection of CH becomes an important issue.

Since, with the increase in the network size distance
between the CH and BS increases and hence decrease nodes
lifetime and the failure of CH, it increases the network
overhead. Also, the process of route formation has been
done through the RL algorithm using the neural network
concept. The overall flow is shown in Figure 6

An RL based energy efficient LEACH routing protocol (RL-
LEACH) is designed to select appropriate CH based on the
revert Q point.

3.1. Clustering

Initially, N numbers of nodes are deployed in the network
with a dynamic size of the network. Here five different node
variation with network size has been considered, which are
presented in Table 2.

Table 2. Network Considerations

Number of Network Area
Network Number deployed Nodes Range
Net-1 100
Net-2 200 1000t><1000
0
Net-3 300 3000x3000
Net-4 400

The nodes are deployed with defined properties such as
energy, delay, co-ordinates, and collision rate. The
algorithm followed for the node deployment is written
below:

Algorithm 1: Node Deployment

WSN = Node Deployment (Nodes, Npeigne, Nwidin)

Where,
Nodes = Number of Nodes
Npeigne = Height of the WSN
Nyiaen~> Width of WSN
WSN->A simulation area of WSN
1 Start
Nheigne=1000, 1200, 1400, 1600
Nyiatn=1000, 1200, 1400, 1600
Define N number of Nodes for the simulation of
Network
For iin range of (1 to N)
Plot Node (i)=coordinate (X, Y)
Define Node = N (i)
Source Node = random (N)
9 Destination_Node= random (N)
10 If Source_Node (Sy) == Destination_Node (Dy)
11 Source Node =rand (N)
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12 Destination_Node= rand (N)
13 Else

14 Sy=Sy

15 Dy=Dy

16 End-If

17 Define Sy as a source

18 Define D yas destination
19 End - For

20 Return: WSN

21 End - Function

e  Sub Division of Network

The entire network is sub-divided into a number of clusters,
and the node having the highest energy behaves as a CH.For
example, if we partitioned the network of dimension
1600x1600, and the size of the cluster is 400%400, then the
network is partitioned into 16 clusters, each consists of
unique ID as presented in Table 3.

Table 3. Cluster Identification for 1600%x1600 Network

Area
ID-1 ID-2 ID-3 ID-4
ID-5 ID-6 ID-7 ID-8
ID-9 ID-10 ID-11 ID-12
ID-13 ID-14 ID-15 ID-16

The CH’s that have been formed in the network area are
determined using equation (8)

dn_sini XIn(N)!A
Ten = JZ{L% ®)
Ia
[, Attraction index and is calculated using Equation (9)
N
[p,=2 lfm< 10 & N > 50 )
1 Otherwise

Using Ty and 14, the selection of Q points for RL learning
has been decided.

3.1. RL Learning

RL collects information by continuously interacting with the
surrounding environment and improving the performance of
the system by achieving optimal results by performing all
the necessary actions to draw conclusions. Q-learning is a
category of RL scheme that creates a sequence of
observations in terms of reward point. The visualization of
the RL approach is illustrated in Figure 7.

The RL model presented in Figure 7 can be implanted
inside each sensor node or on the outer surface of the sensor
node. For example, each sensor node holds a reward point
associated with an adjacent sensor node and each network
point in the surrounding environment. In WSN, its main use
is to learn about the route and hence provide the best route
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for data transmission. State sensing is used to indicate the
action performed by the destination node. The action
indicates the next communicating node to which data is to
be forwarded. The reward point indicates the distance
between the CH and the destination node. The increase in
the reward point decreases the distance of CH towards the
and hence

destination node increase the network

performance [39].

Figure 7. RL Learning Approach

RL-based routing protocol has been used to optimize the
life of WSN networks in all specific aspects. Using this
technique, the next CH is selected based on historical
learning and available evaluated information, and properties
of nodes like residual energy, transmission distance from
CH to BS, and delay are taken into consideration to learn the
best ways. In this way, the correct linkage between the
sensor nodes and BS is performed with balanced energy
consumption.

Q learning approach is used in the RL approach in which
agent monitored the WSN environment of state (U).
Accordingly, there is an action (C), and reward points are
(P) are generated. Based upon the experience, the strategy is
modified. The action with the highest reward point is
selected for a certain state. In case if the transition
probability is unknown, the next node selection using simple
RL approach is not possible. Therefore, Q learning approach
is provided, which calculates the accurate reward point and
hence decides the best path [40]. Let the state of each node
is represented by Q(u,c), which is being updated after every
iteration by using equation (10)

Qup cp) = (1 — a)Q(ug cp) + a[pt+1 +

BYc, Quess cr)]  (10)

Q(u, c))>Accumulated reward generated by the node at
state u, action ¢, which is taken at time t.

P41 > immediate reward point generated for action ¢, when
the state transition takes place from stateU; to U.

V41 ~action performed in the set of action U, (C)
a—>learning factor
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B—>rate of discount lies between [0,1]

Algorithm: CH Selection using RL approach

Route = RL (Nodes, S, D, CHs, Econsurrion, CAREa,
Distance)

Where,

Nodes = Number of Nodes

S = Source Node

D - Destination Node

CHs All Cluster Heads

Econsuption Energy Consumption of Nodes

Carea Coverage Area of Nodes

Distance > Distance of node from neighboring nodes
Route > Route from S to D via CHs

1 Start

2 Route=[]

3 The starting point of Route is Source Node so,
Route(1)=S

4 Define a flag for the destination, Drounp=0

5  While Drounn#1

6 Reward=[] // To store the current CH reward points
7 For I in range of S(Carea)

8 Reward(I, 1)= Econsuption (S(Carea, I))

9 Reward(I, 2)= Carea (S(Carea, I))

10 Reward(l, 3)= Distance (S(Carga, 1))

11 End - For

12 Max Reward = [Reward(l, 1) Reward(I, 2) Reward(],

3)]

A

Energy Consumption,
Coverage Area, Distance

Action by CH1 on CH2,
CH3 and CHS

SpIEMIY dJR[NI[R)

> WSN

13 If Max Reward ==True

14 Route (Next Nodes)= CH (Max Reward)
15 Else

16 Selected Next Node in S(Carea)

17 End - If

18 If Drounp =1

19 Route (Next Nodes)=D

20 Else

21 Repeat Process

22 End - if

23 End - While
24 Return: Route as a path from S to D via CHs
25 End - Function

3.3. Proposed Reinforcement learning-based
LEACH protocol (RL-LEACH)

Using the RL-LEACH approach, the selection of CH in
WSN has been performed by considering three factors, such
as Energy consumption, coverage area, and distance of CH
from BS. Initially, the energy level of each node is
compared with the defined threshold; if energy is higher,
then the selected nodes' communication range is checked
and then the distance is checked. Based on the QoS
parameters, reward points are generated. The nodes having a
higher reward point is selected as CH.

Sensor Nodes
Cluster Heads
Sink Node
Source Node
N to CH Link

CH 2 CH Link
Selected Route

Select CH3 as a next node

Figure 8. Proposed RL-LEACH approach Working scenario
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Figure 8 describes the working of the RL-LEACH
routing protocol that is used to select the CH from nodes
based on their basic properties like Energy Consumption,
Coverage Area, and Distance from Sink node. In the figure,
10 nodes are selected as CH (CH1, CH2...... CHS). Source
node wants to transmit the data packets, then CHI is
selected as a next intermediate node after that RL decides
which CH nodes are selected as the next intermediate nodes.
The selection of CH is performed based on the written
algorithm of RL-LEACH:

OCHs= RL-LEACH (Nodes, Nodes-Prop)

Where,
Nodes - Number of Nodes
Nodes-Prop = Nodes properties like Energy Consumption,
Coverage Area and Distance from Sink
OCHs—>Optimized Cluster Heads(CHs) having better
efficiency to monitor entire cluster
1 Start
2 During cluster formation, when the nodes required
being CH, it may select an arbitrary random
number (rNum) among zero and one.

3 Calculate threshold, Thew(m) =
Prob ERgsipual .
if me Gr
1—Prob|mod(RL"_dl)| EINITIAL f 4
Prob
0 else

a. Where, mis number of nodes,E ggsipyaris
residual energy of nodes and Ejynjriaris
initial energy for nodes being generated
during the initialization of WSN.

Call and Apply RL for CH selection
Reward=[] // To store the reward points of Nodes
For Iin range of m

Reward(l, 1): Nodes—Prop (ECONSUPTION (I))

Reward(l, 2)= Nodes-Prop (Carea (1))

Reward(l, 3)= Nodes-Prop (Distance (1))

End - For

Max Reward =
Reward(l, 3)]

If rNum<T,,, (m) and Max Reward = True
then,

13 OCH = Node not selected as CH

14 Else

—— O 0 I\ U A

—

[Reward(I, 1) Reward(l, 2)

[
N

The protocols are tested under different topologies, which

are generated randomly. The performance parameters are
discussed later. The designed network with N number of
nodes is shown in Figure 9.
The Q based learning has been implemented in MATLAB
and the designed network for an area of 1600x1600, which
is divided into 16 different clusters {ID1, ID2,
ID3........coel. ID16}, the identification of each clusters is
represented in table 3. The pictorial representation is shown
in Figure 9.

As shown in Figure 10, the source "S" is defined in the
cluster (ID1) that wants to transmit data to destination "D"
located in cluster ID 15. Now the route is created based on

D EA

15 OCH = Node selected as CH
16 End -If

17 Return: Optimized CHs = Nodecu
18 End- Function

4. Results and Discussions

This section describes the efficiency of the proposed RL-
LEACH algorithm in terms of throughput, Packet Delivery
Ratio (PDR), and energy consumption.

The proposed algorithms select optimal CH using the RL
approach and enhance the lifetime by reducing the
consumption of energy. In the simulation process, we have
considered nodes (N=50, 100, 150, 200) deployed in a
different area of (A=1000x1000, 1200x1200, 1400x1400,
and 1600x1600) square meters. Initially, the parameters of
network nodes such as energy consumed by each node,
transmission delay, and collision rate and co-ordinated of
each node are taken into consideration. The performance has
been examined using simple LEACH, RL based Q learning
approach by considering the same parametric values of the
nodes. The detailed simulation parameters are presented in
Table 4.

Table 4. Simulation Parameters for RL-LEACH

protocol
Parameters Value
Number of Nodes 100,200,300,400
Number of the destination node 1
1000x1000
Area of network 1200%x1200
1400%1400
1600x1600
Initial Energy of sensor nodes 2]
Deployment mode of sensor nodes Random
Transmission range 20m
Sensing radius 10m
Packet Size 512 bits
Distance Threshold 12m

the directional orientation of destination node (D); that is,
the data traveled from the source node (S) considered the
path in the direction of its destination node as shown in
figure 10. Source node ‘S’ have four nearby clusters in its
coverage range named as ID2, ID 3, ID4 and IDS, each
having different CH’s such as CH1, CH2, CH3, CH4 and
CHS respectively. Now, to which CH, the S node forward
data, depends upon the reward point generated by RL
approach. For CHI, CH2, CH3, CH4 and CHS, the
generated reward point is depicted in Table 6. According to
that, the reward point of CHS5 is higher compared to the
other four CHs. Hence, S node forwards data to CH5. Now,
CH 5 also, checks its nearby clusters that are CH7, CH9,
CH10, and CHI12. RL approach is applied to generate a
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reward point based on energy consumption, coverage area, = CHI15 have the highest reward point and passes data to
and distance. Since, the reward point for CH12 is highest = CH15 node, which is the destination node. In this way, data
among all, hence CHS5 forward data to CH12. Again, the  travels from the S node to the D node.

same process is repeated by CH 12 node, which finds that

OOQO OO I.’ ma... .".. @ On,/‘ @] .b @
OOI.. .l.... @ "o e e ©

Figure 10. Route creation using R-LEACH
optimal cluster is selected, which consumed less energy and
During Q based RL learning, each cluster member nodes  also near to the BS.
pass data to their CH, which is in its communication range The simulation has been performed in which both the
as mention in Table 4. The data is passed to the single CH = member nodes and the CH nodes are participated and
instead of checking each and every cluster. In this way, an  examined the energy consumed by both nodes with different

2 EAI .



An Energy Efficient Reinforcement Learning Based Clustering Approach for Wireless Sensor Network

cluster sizes in the network. The examined network energy
consumption value for 16 different clusters formed in Figure
10 is presented in Table 5.

Table 5. Network Energy Consumption Vs. Cluster

Size
Cluster size Network Energy Consumption
@
1 512
2 504
3 420
4 435
5 424
6 412
7 408
8 405
9 409
10 406
11 407
12 405
13 404
14 406
15 408
16 442

As shown in Figure 11, the network energy consumption
for fixed number of nodes deployed in each cluster (ID1,
ID2......ID16), for small and large cluster size network, the
consumed energy is high. For cluster size one in network are
1600x 1600, the consumed energy is 512 J, whereas for
large cluster size of 16, the consumed energy is 442 J. This
is because, for small cluster size network, the cluster
member nodes have to communicate with other nodes that
are placed at long distance and hence consume high energy
due to the intracluster distance communication.

520
500
480
460
440

Network Energy
Consumption (j)

N
[\
(=]

400
12345678 910111213141516

Cluster Size

Figure 11. Network Energy Consumption Vs. Cluster
Size

On the other side, with large cluster size (see cluster

size=14), the energy consumption is low. But, in this case,

with the increase in the cluster size, the communication

between inter CH increases, which consumes more energy

D EA
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than cluster members. Therefore, it is necessary to select the
appropriate size of clusters in the network so that energy
consumption can be minimized. Here, this is performed by
selecting appropriate CH and hence balance the energy
consumption for both inter and intracluster communication
in WSN. The graph depicted in Figure 11 shows that the
optimal cluster size, where the energy consumption is
minimum, is 8.

To obtain an optimal solution, we applied Q-learning to
examine the performance of the proposed algorithm in terms
of learning and adaptation to a dynamic environment. The
CH selection using Q-learning is performed due to its quick
convergence for shorter spam. The performance of the RL
approach has been determined by computing the reward
point for different member nodes in the CH based on the
energy consumed and distance of the CH to the BS.

Route =[S CH1 CH5 CH12 CH15 D]
Here, S is source node and D is the destination node

To create a route from S to D, the RL approach is used
for better path selection by avoiding the affected node
within the route as an intermediate node. During the
transmission, S transfer the data packets to own cluster head
(CH1), and then now CHI searches next nodes as CHS
based on the reward points using the RL technique. The
selection process of CHS as a next intermediate node is
shown in the figurel0. The corresponding reward point
based on energy consumption, coverage area, and distance
are listed in Table 6.

Table 6. Reward Point for Scenario-1

Reward Point
CH2 CH3 CH4 CHS
0.4 0.83 0.85 0.9
0.8 0.84 0.87 0.94
0.6 0.83 0.93 0.98
1
E os
=
= 0.6 u Energy
= 0.4 Consumption
E 0.2 I Coverage Area
0

Distance

W ] B el
e oo
Nearest CHs

Figure 12. Reward point for Energy Consumption,
Coverage Area, and Distance (Scenario-1)
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In 2nd Scenario, route from S to D, using RL approach by
considered CHS5 as cluster head is performed. Let in the
coverage area of CHS, clusters CH7, CH 9, CH10 and CH
12 occurs. Now, to which CH, the data is transmitted by the
selected CHS depends upon the reward point generated by
RL approach as listed in Table 7 and graphically shown in
Figure 13.

Table 7. Reward Point for Scenario-2

strategy, the data from the source CH 1 is reached to
destination CHI5.

Table 8. Reward Point for Scenario-3

Reward Point

CHS CH14 CH15
0.55 0.68 0.84
0.87 0.9 0.98
0.78 0.82 0.89

Reward Point
CH7 CH9 CHI10 CHI12
0.52 0.88 0.87 0.92
0.91 0.91 0.9 0.95
0.73 0.93 0.96 0.98
1,2
1
H Energy
Consumption

= Coverage Area

Reward Point

0,8
0,6
0,4
0,2

0

CH7 CHY9 CHI10 CH12
Nearest CH12

Distance

Figure 13. Reward point for Energy Consumption,
Coverage Area, and Distance (Scenario-2)

The reward point of CHI2 for all three considered
parameters that are energy consumption, coverage area, and
distance is high compared to the reward point for CH7,
CH9, CH 10. Therefore , CH5, forward data to CH 12. Now,
CHI12, also check the reward points to its nearby clusters
and pass data to only those CH having the highest reward
point. Let, CHS, CH14, CH16, CH15 comes in the coverage
range of CHI2 cluster. Now, the reward point generated
based on the three parameters as energy consumption,
coverage area, and distance are checked. From Figure 13, it
is clearly seen that the reward point for CH15 is highest,
which is the destination in our example. Thus, CH12 passes
data to CH15 as the destination node. By using the above

After the selection of CH15 as the next intermediate nodes,
CHI15 checked its own coverage area and founded the
destination (D).

1,2
1
=
E 08 H Energy
= 0,6 Consumption
g u Coverage Area
Z 04
=7
0,2 Distance
0
CH8 CHI14 CHI5
Nearest CH15

Figure 14. Reward point for Energy Consumption,
Coverage Area, and Distance (Scenario-3)

4.1 Simulation Results

After the completion of route formation, data transmission
takes place, and QoS parameters are calculated for the
designed model using both approaches like RL and without
RL. The computed values for network lifetime with respect
to several nodes for three different scenarios that are (i)
without RL, (ii) with RL, and (iii) Kiani et al. is presented in
Table 9.

Table 9. QoS for 100 Nodes

NETWORK NETWORK LIFETIME (MIN) PDR ENERGY CONSUMPTION (MJ)
AR | Without | gy | Kianiet | Without | gt | i | Without | iy | Kianie
LEACH ) LEACH LEACH )
1000%1000 10.257 19.2685 13.7586 | 77.3258 89.7582 Kiani et al. 324.245 300.1245 322.157
1200%1200 9.8452 20.369 12.3658 | 78.2698 88.2672 80.1425 328.167 304.257 326.547
14001400 9.2578 18.2574 13.7569 80.269 86.328 80.3651 330.147 307.264 328.164
1600x%1600 8.2567 17.36587 14.3658 82.365 85.742 82.2569 322.157 305.264 320.754
1800%1800 7.2594 19.0257 15.6987 | 85.0369 86.120 84.0142 320.157 312.0147 317.267
2000%2000 10.2575 17.8954 12.0875 | 75.0369 84.367 87.367 324.561 315.627 322.751
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2200%2200 11.3678 20.367 13.6758 | 74.9851 87.0257 79.258 333.157 317.845 328.975
2400%2400 9.5678 12.5742 17.0258 76.358 86.3975 84.217 326.487 317.859 324.185
2600%2600 8.6572 13.6571 16.0987 74.128 87.364 78.265 329.175 314.751 327.154
2800%2800 6.3587 15.6987 15.0365 73.986 89.367 74.219 330.654 324.351 328.175
3000%3000 9.5687 20.3698 14.2581 76.285 81.0236 72.369 332.0145 327.698 329.457

Table 9 represents the values of network lifetime, PDR, and
energy consumption computed for three scenarios (i)
without RL, (ii) with RL, and (iii) Kiani et al. From the
above-obtained values, it has been examined that proposed
approach RL-LEACH outperformed among all and the
average computed values for network lifetime without RL,
RL-LEACH and Kiani et al. for 100 nodes are 9.15, 17.71,
and 14.37 respectively. Similarly, for PDR, the average
values for without RL, RL-LEACH, and Kiani et al. 77.64,
86.52, and 80.15, respectively. In the same way, the average

values computed for energy consumption are 327.35m J,
313.36mJ, and 325.05mJ, respectively. The average network
lifetime examined for the proposed work in contrast to the
existing work is 24.34 min, 19.2min, respectively. Thus,
there is an enhancement of 26.77 % has been obtained.
Similarly, for the PDR, the average PDR for RL-LEACH
and Kiani et al. are 88.87 and 86.78, respectively. In the
same way, the average energy consumption for RL-LEACH
and Kiani et al. are 308.09 mJ, 319.05 mJ, respectively.
Therefore, improvement in PDR and energy consumption
compared to Kiani et al. is 2.41 % and 3.44 %, respectively.

Table 10. QoS for 200 Nodes

NETWORK NETWORK LIFETIME (MIN) PDR ENERGY CONSUMPTION (MJ)
AREQ}S%}%ARE Wift{liout R\I},\?}gi- Kia:lli et Wift{liout R\Iél/ilt{lll,- Kia:lli et Wift{liout R\I},\?}gi- Kia:lli et
LEACH ) LEACH ) LEACH )
1000x1000 15.1253 24.3657 20.0325 | 79.2475 90.457 88.3687 324.236 300.0214 320.254
1200x1200 17.2548 23.0147 18.2571 78.365 91.3265 87.2547 324.365 304.125 318.257
1400x1400 18.3697 22.03147 20.365 77.248 94.0325 85.6472 | 327.0215 301.025 319.754
1600x1600 20.3651 25.0367 21.0365 | 76.258 89.265 86.3657 | 328.0642 304.025 318.657
1800x1800 24.3657 26.3574 25.0364 | 75.269 87.0257 87.3694 325.842 304.657 317.254
2000%x2000 14.0236 27.3658 16.0327 | 74.2895 88.365 88.2571 327.168 307.265 316.85
2200%2200 17.0369 23.157 18.0267 73.657 90.257 89.325 326.942 305.124 319.347
2400%2400 12.3651 22.1571 14.3657 72314 91.365 84.3657 328.367 312.542 320.154
2600%x2600 16.3282 21.2675 17.3684 71.028 88.257 85.2361 330.251 318.025 321.012
2800%2800 17.3658 28.0365 18.3672 70.258 84.0257 84.0321 327.845 315.261 318.674
3000%3000 21.3657 25.0367 22.3658 70.369 83.2481 88.365 327.942 317.025 319.257
Table 11. QoS for 300 Nodes
NETWORK AREA NETWORK LIFETIME (MIN) PDR ENERGY CONSUMPTION (MJ)
(f/l%l%glfif Wift{liout R\Iél/ilt{lll,- Kia;rlli et Wift{liout R\I},\?}gi- Kia;rlli et Wift{liout R\E;g}i_ Kia:lli et
LEACH ) LEACH ) LEACH )

1000x1000 25.125 32.321 30.1253 80.1273 92.1528 88.258 347.124 333.254 340.285
1200x1200 24.152 33.251 29.156 78.958 93.258 87.685 348.157 325.147 342.251
1400x1400 23.267 30.125 31.024 79.157 90.27 87.659 350.27 326.487 348.215
1600x1600 26.248 28.264 32.045 76.258 91.365 84.325 351.657 342.158 342.165
1800x1800 27.036 32.452 33.157 82.157 89.567 86.975 356.271 348.25 345.128
2000%2000 25.03 33.267 29.567 81.247 94.235 90.258 350.275 345.28 349.157
2200%2200 22.036 35.68 28.751 82.365 93.574 87.258 349.752 340.28 347.125
2400%2400 29.167 36.157 32.015 81.365 92.365 84.258 348.627 342.158 346.215
2600%x2600 28.0176 31.254 30.672 80.25 91.257 89.365 345.742 341.258 344.852
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2800%2800 22.015 29.157 30.758 79.268 89.368 88.147 350.21 346.758 348.752
3000%3000 21.425 27.265 29.458 78.154 90.257 90.258 352.487 349.785 350.275
Table 12. QoS for 400 Nodes
NETWORK AREA NETWORK LIF }'ETIME (MIN) PDI'{ ENERGY CONSPMPTION MJ)
(SQUARE Without With Kiani Without With Kiani Without With Kiani et
METER) RL RL/RL- et al RL RL/RL- et al RL RL/RL- al
LEACH ) LEACH ) LEACH )
10001000 28.25 43.48 40.02 70.85 93.69 78.69 339.425 301.145 330.25
12001200 28.37 43.6 40.34 70.97 93.81 78.81 339.545 303.265 329.47
1400x1400 34.65 49.88 46.72 77.25 94.09 85.09 345.825 312.545 340.25
1600x1600 26.73 41.96 38.5 69.33 92.17 77.17 317.905 304.625 315.24
1800x1800 29.79 41.74 37.56 68.39 91.23 76.23 336.965 313.685 330.25
2000%2000 32.75 47.64 44.52 75.35 98.19 83.19 323.925 310.645 321.05
2200%2200 23.95 39.18 35.72 66.55 89.39 74.39 335.125 301.845 334.258
2400%2400 35.54 46.78 43.39 74.14 96.98 81.98 342.715 289.435 339.457
2600%2600 26.48 38.71 35.25 66.08 88.92 73.92 334.655 291.375 332.576
2800%2800 29.64 44.87 41.44 72.24 95.08 80.08 340.815 307.535 338.756
3000%3000 27.74 42.97 39.51 70.34 93.18 78.18 338.915 305.635 335.169
The results examined while deployed node count is N=200 )
nodes with different simulation area is depicted in Table 11. — 50
The proposed approach shows better results compared to g
. = 40
existing work. The average percentage enhancement of =
network lifetime, PDR, and energy consumption of RL- £ 3
LEA(?H protocol compared to the existing Klgm et al. is = = Without RL
examined as 3.69 %, 5.69 %, and 1.67 %, respectively. a020
The analysed values for 200 nodes in different network = With RL
area dimension are depicted in Tablg 12. It is clearly E 10 Kiani et al.
observed that the proposed approach with RL. RL-LEACH = 0
performed better compared to the existing approach. For 200
100 200 300 400

nodes, the percentage increase in the network lifetime, PDR,
and energy consumption compared to existing work is 8.57
%, 18.32% and 8.36%.

4.2. Comparative Analysis

This section describes the comparative analysis for different
nodes varies as N= 100, 200, 300, and 400 respectively for
three designed scenarios such as Without RL, with RL and
Kiani et al. the comparison has been performed on the basis
of three parameters as Network Lifetime, PDR and energy
Consumption.

Table 13. Network Lifetime

Nu;gzzrs °f | Without RL | WithRL | Kiani etal
100 9 18 13
200 15 24 20
300 25 32 30
400 30 45 40

2 EA

14

Number of nodes

Figure 15. Network Lifetime (min)

The computed values of network lifetime for different
number of nodes deployed in with various network size as
depicted in Figure 15. From the figure it is clearly seen that
with the increase in the number of nodes the network life
increases. The comparative graph consists of three types of
bar represented by the blue, the orange and the grey colour
depicting the values of network life for without RL, with RL
and Kiani et al. Among all, the proposed approach provides
better network life. With the increase in the number of nodes
(N), the rate of receiving data packet increases with the
reduction of data packet transmission rate. This is due to the
affecting nodes properties like as hop count, nodes failure,
nodes density.

The examined values for second parameter that is Packet
Delivery ratio (PDR) with respect to number of nodes for
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three different scenarios that are (i) without RL, (ii) with
RL, and (iii) Kiani et al. is presented in Table 14.

Table 14. PDR
Number of | Without With RL Kiani et al.
nodes RL
100 77 89 80
200 79 90 88
300 80 92 88
400 81 93 89
100
3\"/ 90
o 80
& 70
> 60
2 50 B Without RL
L
2 ‘3‘8 With RL
E 20 Kiani et al.
§ 10
0

100 200 300 400
Number of nodes

Figure 16. Packet Delivery Rate

Figure 16 compares the PDR for three different scenarios
that are CH selection without RL, with RL and using Kiani
et al. approach. The graph illustrated the PDR of the
designed WSN when three different techniques works with
100, 200, 300, and 400 number of nodes. Proposed approach
performs well compared to existing work and the maximum
PDR is obtained when (N=400) are deployed. The increase
in the rate of packet delivered increases the network
reliability as well as the fault tolerance. In case, if the
communicating node is found dead, then the proposed
algorithm selects previous node and pass its data by
considering it as CH node. The simulation shows that PDR
increases with the increase in the number of nodes. The
percentage increase in the PDR obtained using RL
compared to existing Kiani et al approach for 100, 200, 300,
and 400 nodes is 11.25%, 13.92%, 15%, and 14.81 %
respectively.

Table 15. Energy Consumption (mJ)

Number | Without With Kiani
of RL RL et al.
nodes
100 324 300 325.05
200 336 325 319.05
300 347 333 345.85
400 358 348 331.52

D EA
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Figure 17. Energy Consumption

The energy consumed by three different approaches with
different number of nodes is illustrated in Figure 17 along
with the values presented in Table 15. The graph shows the
improvement of our RL based cluster selection approach in
contrast to the without RL approach and Kiani et al. The
energy consumed by the cluster members is determined
based on of Mean Square Error (MSE). Efficient network is
designed with minimum MSE value examined for particular
cluster. From the graph depicted in Figure 17, it is clearly
seen that the proposed approach using RL algorithm have
less MSE compared to the without RL approach and hence
consume less energy. The percentage reduction in the
energy consumption rate in contrast to the without RL
approach observed for 100, 200, 300, and 400 nodes is
7.41%, 3.27%, 4.03%, and 2.79 % respectively.

In short, the main purpose of the designed protocol is to
reduce energy consumption and to increase network lifetime
with packet delivery rate. All parameters are obtained as per
requirement and hence fulfil the need to design a balanced
WSN in dynamic environment.

5. Conclusion

Similar to other existing networks, WSN is developed for
specific applications like as military, rescue operation,
agriculture and many more; each requires different features
as per their need. Depending upon the network scenario,
each requires new communication protocols. In addition,
network design factors must be taken into account to
achieve the expected performance. Among all factors,
energy is the most important parameter in WSN and must be
controlled by appropriate algorithm. In this research, we
focused on to save energy by selecting the appropriate CH
using RL approach and the designed algorithm provides
better network life with improved energy. Initially, optimal
number of clusters in a network is evaluated by analysing
the network energy consumption of both inter and intra
clustering communication. Also, the process of selecting
appropriate CH using RL approach based on reward point is
discussed. From the simulation results, proposed algorithm
performed better in terms of network lifetime, packet
delivery ratio, and energy consumption. The maximum
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enhancement in the PDR of 15% and its improvement in the =~ energy saving is of 2.79 % has been obtained.
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