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Abstract
Wireless sensor networks  (WSNs) are extensively used to collect and 
transmit data from the environment through sensor nodes for various 
applications such as agriculture, medicine, and military. The sensor 
nodes are located in remote locations and harsh environmental 
conditions. Sensors operate on a limited power source. The 
lifetime of the entire WSN depends on the power of its nodes. Also, 
successful data transmission via routing from the source node to the 
destination depends on the battery life of the sensor node. It therefore 
becomes necessary to have an energy-efficient routing path to 
ensure successful packet delivery from source to sink nodes. The 
work proposes an energy-aware Q-learning-based routing algorithm 
in WSN. To establish an energy-efficient route, the work exploits 
the rewards in Q-learning based on the node energy. Experiments 
conducted using the proposed work demonstrate enhanced packet 
delivery, throughput, and networks lifetime. A comparison of the work 
with a basic Q-learning-based routing algorithm exhibits improved 
performance.
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I.  Introduction

Wireless sensor networks (WSNs) are most exten-
sively used to collect and analysis of data from the 
environment. The applications of WSNs include agri-
culture, military, and medicine. WSN deploys sensor 
nodes, such as temperature, humidity, and moisture, 
to collect data. These data are then transmitted to 
the destination or the base station [1–2]. A repre-
sentative node consists of a battery, a sensor, and 
certain memory and microcontroller devices. The 
power needed for the node for data transmission is 
provided using a battery source. The memory device 
stores the algorithm along with the data sensed from 
the environment. The microcontroller device controls 
the data transmission and execution via algorithms. 
Figure 1 demonstrates a WSN with the architecture of 
a sensor node.

The sensor nodes are placed in remote locations 
and harsh environmental conditions, and they are often 
inaccessible. The sensor nodes depend on the battery 
life for energy. Also, the network life of WSN depends 
on the life of the sensors. Due to limitations of the bat-
tery, it is important to route the data transmission in 
such a way to consume energy in an optimal way [3–4]. 
This will help to extend the lifetime of the WSN.

The  previous literature present the survey of 
energy-efficient or energy-aware-based routing pro-
tocols [5–9]. Two types of approaches are proposed: 
energy saving and energy balancing [10]. Many rout-
ing approaches have been proposed to save energy 
during monitoring of the environment and trans-
mission of data. These are known as energy saving 
approaches. Another approach is the energy bal-
ancing approach. Both approaches prove useful to 
enhance the networks lifetime.
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Machine learning-based routing approaches 
have been used in the past decade. An overview 
of machine learning-based energy-efficient routing 
approach has been presented in Ref. [11].

Reinforcement learning (RL), a branch of machine 
learning, has been widely used in recent years for 
routing in WSN. RL offers a basis for WSN nodes 
to learn from earlier interactions with the environ-
ment and choose efficient actions for the future. It 
proposes two approaches: centralized and decen-
tralized. In a centralized approach, the routing path is 
chosen based on information of the overall topology 
while in a decentralized approach, local information of 
every sensor and its neighbor is used for route selec-
tion [12].

An energy-efficient RL routing approach can 
be helpful to choose the ideal path to enhance the 
networks lifetime. In this work, Section 1 presents 

the introduction to the routing in WSNs and the 
Q-learning approach. Section 2 discusses state-of-
the-art methods based on energy-efficient RL-based 
approaches for routing. Section 3 presents the 
proposed energy-aware Q-learning-based routing 
method. Experiments conducted using the proposed 
method are presented, along with results and discus-
sions, in Section 4. Finally, conclusions based on the 
work are presented in Section 5.

II.  Literature Review

Many routing protocols choose the next forwarder 
node having good quality of service (QoS). Hence the 
node energy with good QoS will exhaust. Jafarzadeh 
and Moghaddam [13] presented a QoS routing proto-
col in WSNs based on an energy-aware RL approach. 
Oddi et al. [14] proposed a Q-learning approach with 

Figure 1: WSN with sensor node architecture. WSN, wireless sensor network.
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energy-efficient routing. In this approach, the resid-
ual batteries and control overhead of wireless sen-
sors are considered. An intelligent routing protocol 
based on energy was proposed by Kiani et al. [15] 
to reduce energy consumption. In the method, ini-
tially clustering is applied to establish the network 
using a connected graph. Data are transmitted using 
the Q-value to improve networks lifetime. Li et al. 
[16] proposed an energy-efficient Q-learning-based 
routing for underwater WSN in which the link quality 
and energy contribute to Q-value. An energy-efficient 
routing approach based on RL was proposed by Guo 
et al. [17]. It explores the reward policy to compute 
the ideal route so as to enhance lifetime and energy 
efficiency. For balancing the energy and reducing 
the energy consumption of the WSN, Su et al. [12] 
selected the next forwarder based on the Q-values. 
A Q-learning algorithm depending on the data aggre-
gation along with energy efficiency considerations 
was proposed by Yun and Yoo [18]. In this approach, 
they exploited the reward function based on data 
aggregation at every node and two types of energy: 
the residual node energy and communication energy 
to choose the optimum routing path. Cluster-based 
energy-efficient routing using the RL approach was 
presented by Yun and Yoo [18]. In the work, the ini-
tial energy of the nodes and hop count are used for 
the calculation of the initial Q-value for the choice of 
the cluster head (CH). For making the routing deci-
sions, residual energy of the node, along with the hop 
count, is used to provide energy efficiency during 
data transmission [19].

For cognitive radio sensor networks, Joon and 
Tomar [20] proposed Ad hoc On Demand Distance 
Vector (AODV) routing based on energy-aware 
Q-learning. In the work, rewards are exploited 
depending on the Q-learning for choosing a cluster 
head. The route is established using AODV [20]. Su et 
al. [21] presented a Q-learning-based approach using 
the energy of information transmission and Q-values 
for extending the lifetime of the network. Maivizhi and 
Yogesh [22] presented Q-learning-based routing for 
in-network aggregation in WSNs. Q-values in the 
work are computed based on the node energy, link 
strength, and distance among nodes. Yun and Yoo 
[23] proposed Q-learning-based routing by exploit-
ing the rewards in terms of sensor data aggregation, 
node residual energy, and communication energy.

III.  Proposed Methodology

Q-learning is a model-free type of RL in which the 
RL agent learns from the environment from the past 

and current experiences. Q-learning consists of 
state-action pairs. To learn from the environment, 
a state is defined, and for every state, an action is 
defined. For each action, the agent is rewarded. The 
reward can be positive, negative, or neutral. Based 
on the reward, the Q-values are computed. The com-
puted Q-values further choose the action to be exe-
cuted to reach the goal.

For routing in WSN, the objective of the proposed 
Q-learning-based routing approach is to decide the 
next forwarder node for the transmission of data from 
the source node to the destination. In the proposed 
method, the source is taken as the current or present 
node. From the present node, the goal of the agent 
is to route data to the sink node via the best next 
neighbor.

The best next forwarder node is defined as that 
node chosen depending on the Q-value of each node. 
For the node on the path to be the best next forwarder 
node, the following conditions need to be met:

1.	 The node needs to be the neighbor node of the 
current node. A node can be a neighbor of the 
current node if it lies within the transmission range 
of the current node.

2.	 The Q-value of the node needs to be maximum 
among all the neighbor nodes of the present or 
current node.

From the above hypotheses, the Q-learning agent 
is defined in Eq. (1) as

( ) ( ) ( )
( ) ( )( )( )
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               ,  max ,
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where x is the present or current node, y is the neigh-
bor of current node, α is the learning rate (taken as 
0.5 for computations), γ is the discounted factor (cho-
sen as 0.8 for computations), (x,y) is the Q matrix ini-
tialized randomly at the beginning, and (Q(x,y)) is the 
maximum of the Q-value chosen among all the neigh-
bors of the present node.

For the proposed method, the reward exploits 
the energy of the neighbor nodes. It is defined in Eq. 
(2) as:
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The neighbor node of the present node is defined 
based on the transmission range. The transmission 
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range for the WSN scenario is defined as 40 m. Eq. (3) 
is used to compute the neighbors of the current node.

( )
( )

 

   ;  ,  

node y

neighbor of node x if dist x y transmisison range= ≤

� (3)
where dist(x,y) is computed in Eq. (4) as:
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The neighbor nodes update its node energy after 
every packet transmission using Eq. (5) as
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where alpha1 = 50e-9;%J/bit, alpha2 = 0.1e-9;%J/
bit/m2, alpha = 2, x = current node = next forwarder 
neighbor node, and dist() is the function to estimate 
the Euclidean distance amid the nodes.

In the proposed method, from Eq. (2), if the energy 
of the neighbor node is <0.1 Joules, the reward is 
more, and if the energy of the node is <0.1 Joules, 
the reward is less. This is because the node hav-
ing energy <0.1 Joules may not be able to transmit 
the packet to the next neighbor. The Q-value of the 
neighbor node is computed based on the reward 
from Eq. (1). The best next forwarder is chosen from 
the neighbor table of the current node as the node 
with the maximum Q-value.

The proposed method can communicate the 
packets from the source to the sink node. But the 
nodes adjacent to the sink nodes will experience 
added energy depletion because of congestion. 
Hence, after some time in the WSN scenario, no 
best next forwarder might exist as the energy of the 
nodes will deplete after packet transmissions. At this 
instance, the data packet will not be transmitted fur-
ther, and the packet will be dropped.

Steps for the proposed energy-aware Q-learning-
based routing algorithm are summarized as below:

1.	 Initialize the network nodes’ positions with the 
number of nodes.

2.	 Choose the source node as the current node.
3.	 Obtain the neighbor nodes of the current node 

using the transmission range.

	 If the sink node exists in the neighbor table of the 
current node, check the node energy of the cur-
rent node, and if the energy of the current node is 
>0.1 Joules, forward the packet to the sink node; 
else, drop the packet.

4.	 Compute the reward matrix Reward(x,y), where 
x is the current node and y is the node from the 
neighbor table from Eq. (2). Initialize the Q matrix 
Qinit(x,y) randomly.

5.	 Compute the Q(x,y) matrix of each neighbor node 
from Eq. (1) and store the Q-value in the Q table of 
each node.

6.	 Choose the next forwarder node as the node with 
the max Q-value among the neighbor nodes of 
the current node.

7.	 Forward the packet to the next forwarder node 
and update the node energy of the current node.

8.	 If the packet has not reached the sink node, make 
the next forwarder node the current node and 
continue with Step 3 till the data packet reaches 
the sink.

IV. Results and Discussion

The experimental analysis of the proposed method 
is implemented using Matlab 2022 software. Two 
source nodes are defined, and Constant Bit Rate 
(CBR) traffic is attached to the source nodes. The 
duration of the CBR traffic is defined as 5 s. For 
experimental analysis, the number of nodes (N) is var-
ied from 20 to 100 by keeping the packet size as 20 
bytes and packet transmission rate as 20 packets/s. 
The proposed energy-aware Q-learning-based rout-
ing method is compared with the basic Q-learning-
based routing algorithm [24].

The performance evaluation of the experimental 
analysis and comparison are conducted using the 
packet delivery ratio (PDR), packet loss ratio (PLR), 
throughput, and the networks lifetime. PDR is defined 
as the total number of packets sent from the source 
to the sink node. The PLR is the number of packets 
lost during transmission from the source to the des-
tination. Throughput is defined as the total amount of 
data packets transmitted per given time. The networks 
lifetime is the total amount of energy consumed by the 
network and how many nodes are alive in the network.

Table 1 presents the comparison of the perfor-
mance of the proposed energy-aware Q-learning-
based routing algorithm with Q-learning-based routing.

Figure 2 presents the performance of the pro-
posed energy-aware Q-learning-based routing 
method for the number of nodes against PLR. From 
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Figure 2, it is observed that due to the energy con-
straint in the reward function, the PLR has decreased 
compared with the basic Q-learning-based routing 
method.

Figure 3 represents the performance of the pro-
posed method for the number of nodes against PDR. 
From Figure 3, PDR has increased compared with 
the basic Q-learning-based routing method.

Figure 2: PLR against number of nodes. PLR, packet loss ratio.

Table 1: Performance comparison of the proposed energy-aware Q-learning-based 
routing algorithm with Q-learning-based routing.

Number 

of nodes

PLR PDR Throughput Networks Lifetime

Q-learning Proposed 

energy-

aware 

Q-learning 

Q-learning Proposed 

energy-

aware 

Q-learning 

Q-learning Proposed 

energy-

aware 

Q-learning 

Q-learning Proposed 

energy-

aware 

Q-learning 

20 0.3 0.58 0.7 0.42 0.175 21 0.2674 0.358

30 0.28 0.76 0.71 0.44 20.75 22 0.3155 0.344

40 0.28 0.51 0.725 0.49 23.25 25 0.3439 0.33

50 0.275 0.42 0.725 0.58 36.25 37 0.46233 0.33

60 0.17 0.01 0.725 0.99 41.35 49.5 0.5965 0.978

70 0.13 0.01 0.87 0.99 43.5 49.5 0.6865 1.29

80 0.13 0.01 0.87 0.99 43.5 49.5 0.8072 1.43

90 0.13 0.01 0.87 0.99 43.5 49.5 0.9189 1.47

100 0.13 0.01 0.87 0.99 43.5 49.5 1.032 1.596

PDR, packet delivery ratio; PLR, packet loss ratio.
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Figure 4 exhibits the performance of the through-
put of the proposed method. The throughput of the 
proposed method is seen to enhance compared with 
the Q-learning method.

Figure 5 demonstrates the networks lifetime of the 
proposed method and illustrates the enhanced net-
works lifetime using the proposed method in compar-
ison to the Q-learning algorithm.

Figure 3: PDR against number of nodes. PDR, packet delivery ratio.

Figure 4: Throughput against number of nodes.
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V.  Conclusions

Routing of data packets in WSNs ensures that pack-
ets transmitted from the source have reached the 
sink node without packet loss. In WSN, the nodes 
near the sink nodes experience congestion as most 
of the packets are routed via these nodes to the sink. 
This results in depletion of the nodes energy and 
packet loss. The work proposed an energy-aware 
Q-learning-based routing method. The work exploits 
the rewards in Q-learning in terms of the node energy 
for a better choice of the next forwarder node to the 
sink node along with experimental analysis. As stated 
in the literature review, many other works exploit the 
hop count of the nodes to the sink to choose the 
next neighbor. A few works have explored the hop 
count of the node along with the residual energy of 
the node for better routing. Experimental analysis of 
the proposed work demonstrates enhanced PDR, 
throughput, and networks lifetime and reduced PLR 
compared with basic Q-learning-based routing.
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