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Underwater wireless sensor networks (UWSNs) employ numerous inexpensive sensor 

nodes deployed in deep ocean environments. These nodes, characterized by their limited 

transmission power, resources, and energy, serve various purposes including disaster 

management, underwater navigation, and environmental monitoring. In these networks 

it is very challenging to update their location or add new devices, and it is very important 

to enhance the energy performance and lifetime of the underwater wireless sensor 

network. Multi-hop communication can expand the range of communication in these 

networks and increase its connections. The use of clustering-based routing is effective 

for increasing energy efficiency in these networks, with the difference that, unlike 

conventional wireless sensor networks, they have limitations such as low bandwidth, 

extended persistence, underwater pressure, and higher error probability. An energy 

balance routing protocol with multi-hop data transmission based on search and rescue 

(EBMH_CSR) is proposed, which balances by adjusting the depth of less energy nodes 

and replacing them with more energy nodes, and by combining chaotic concepts in the 

search and rescue optimization algorithm and with Considering residual energy, distance 

and degree of sensor nodes, fitness function is calculated. Simulation results show that 

the EBMH_CSR algorithm has improved the packet delivery rate (PDR) in different 

number of nodes by 23.6 percent, the packet reception rate (NPR) in different number of 

loads by 26.7 percent, the energy consumption in different number of rounds by 31.2 

percent, the end-to-end delay by 31.7 percent, and the network lifetime in different 

number of nodes by 36 percent compared to the compared algorithms. 
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I. Introduction 

Recently, underwater wireless sensor networks (UWSN) 

have been widely used for detecting and tracking various 

targets and underwater exploration using high-resolution 

audio signals due to their ease and cost-effectiveness [1]. 

These networks differ from terrestrial wireless sensor 

networks (TWSNs) in terms of communication and data 

transmission. (TWSNs use radio signal and UWSNs use 

underwater audio channels to transmit data. Also, replacing 

nodes in UWSNs is cumbersome due to the type of 

environment and cost [2]. 

UWSNs face significant obstacles, including excessive 

energy usage from audio signal processing, constrained 

battery capacity and bandwidth, extended propagation times, 

and elevated bit error rates. Despite these challenges, they 

offer numerous applications, such as monitoring the 

environment, exploring the ocean depths, preventing 

disasters, aiding navigation, conducting distributed tactical 

surveillance, and detecting mines [3]. 

As illustrated in Figure 1, underwater wireless sensor 

networks comprise numerous sensor nodes, base stations, 

and sink nodes. These components gather environmental 

data like temperature from beneath the water's surface and 

transmit it to the sink node through one or multiple hops. 

 

 
Fig 1. Underwater wireless sensor networks consist of a 

large number of sensor nodes, base stations, and sink nodes [4] 

 

Routing in underwater wireless sensor networks is done 

using three methods, direct, hop-to-hop and clustering-based 

routing. In hop-to-hop routing, unlike direct routing where 

each of the sensor nodes directly sends information to the 

sink, each node selects the nearest neighbor and sends the 

information to the sink through it, which reduces the 

performance and lifespan of the network [4]. In the routing 

method based on clustering, each node sends the collected 

data to its cluster head (CHs) and after accumulating the 

data, it is sent to the base station. This method reduces 

bandwidth usage and increases network performance. 

The routing technique based on depth data reduces the 

delay and energy consumption in which the sender sends the 

data to another node that has less depth than the sender and 

also covers its neighbors. Also, a multi-hop algorithm based 

on chaotic search and rescue is used to optimize energy 

efficiency and lifetime, which includes a weighted clustering 

approach (WCA) to select cluster heads (CHs) and cluster 

construction. In this research, a combined depth-controlled 

and energy-balanced routing protocol (EEP) is proposed to 

increase lifetime, improve transmission efficiency, reduce 

packet loss ratio (PLR) and minimize energy consumption 

during data transmission in the network based on multiple 

algorithms. The HOP based chaotic search and rescue was 

proposed and the simulation results were evaluated in several 

aspects. 

 

II. Related works 

One of the main factors for maintaining underwater 

wireless sensor networks is cooperation and connectivity 

between sensor nodes. Various issues related to the 

connectivity of omni-directional underwater wireless sensor 

networks have been discussed by the authors in [5] and 

various evaluation models have been proposed. The 

coverage problem of heterogeneous and homogeneous 

underwater wireless sensor networks has been investigated 

by the authors in [6]. 

Water as the mode of interaction in underwater wireless 

sensor networks is compared to conventional sensor 

networks, so the use of terrestrial sensor network 

communication systems in deep water is useless. 

In underwater wireless sensor networks, transmitters use 

the sea surface to exchange information over short distances. 

The problem of these networks is that during radio signals at 

very low frequencies for long distances, to solve this 

problem, huge antennas and very high network throughput 

must be used, which reduces the network's lifespan. 

Therefore, many routing algorithms in terrestrial wireless 

sensor networks cannot be used in underwater wireless 

sensor networks. Recently, scientists have proposed many 

researches to optimize energy consumption and increase 

lifespan. 

Gola and Gupta in [7] proposed an underwater cluster-

based approach based on electromagnetics for underwater 

wireless sensor networks, where Voronoi diagram is used to 

create clusters and jellyfish breathing method to classify 

cluster heads, which results in saving Energy consumption 

and network efficiency improvement. 

Goyal et al. in [8] proposed a new underwater cluster-

based routing approach based on an adaptive routing 

mechanism, which uses a combination of route optimization 

and power control method and significantly improves the 

network model. In [9], an approach to data collection and 

fusion of portable sensor collection centers was proposed by 

Nazareth and Chandavarkar which reduces energy 
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consumption and increases the lifespan of the network. In 

[10], Goyal et al. proposed a new vector-based routing 

approach where all sensors are aware of their location and 

send information packets with detailed details of sender 

address, sensor location, destination address, and 

transmission range. Choudhary and Goyal in [11] proposed 

a more advanced method based on vector-based transmission 

protocol, which helps to increase the packet delivery rate and 

reduce energy consumption. 

The first spatial routing technique with a depth-based 

controlled routing (DCR) approach was proposed by Al-

Bukhari and Bouabdullah in [12], where it changes the 

network topology as soon as the route discovery fails. This 

approach predicts and selects the next sender based on depth 

data. However, it has high consumption and high latency. 

Durrani et al. in [13] presented a routing approach for smart 

ocean underwater sensor networks (SOSNET) that uses a 

butterfly flame optimizer (MFO) to calculate the optimal 

number of effective clusters in routing. 

Due to water variations, including the Doppler effect that 

is formed due to the movement of sensor nodes and sea level 

changes, such as temperature and salinity, and geometric 

expansion, NR et al. in [14] to reduce the delay and packet 

loss during transmission in networks. They proposed an 

underwater wireless sensor and valve optimization 

algorithm. In [15], researchers employed a bio-inspired 

technique known as the Penguin Swarm Optimization 

Protocol to identify the optimal route in underwater wireless 

sensor networks. This approach enhances network longevity 

and effectiveness by equalizing energy distribution and 

preventing the formation of empty zones. 

The study presented in [16] introduced a novel improved 

energy balanced routing (IEBR) method for underwater 

wireless sensor networks, comprising two stages: data 

dissemination and routing establishment. This technique 

reduces the number of hops in depth-threshold-based 

connections and resolves the data communication loop issue. 

It achieves this by precisely calculating transmission 

distances to determine optimally positioned neighbors, 

establishing network connections, and selecting relays based 

on neighbor depth. 

Rajeswari et al. proposed a Cooperative Beam 

Optimization (CoROA) approach in [17] to reduce losses 

and delays caused by geometric propagation and Doppler 

environment in underwater acoustic networks. This 

approach improves throughput, battery life, and network 

lifetime. In [18], Fei et al. proposed an FCM and MFO based 

hybrid clustering approach (FCMMFO) to improve system 

performance. In this approach, FCM is used to create energy-

efficient clusters and MFO is used to select the optimal 

cluster head for each cluster. Jiang Jin et al. proposed a 

congestion avoidance routing protocol for underwater 

wireless sensor networks based on reinforcement learning in 

[19]. This approach can be used to find the optimal way to 

relieve congestion and save energy. 

In [20], Yugan Chen et al. proposed a novel approach for 

sensor load balancing in multi-hop wireless underwater 

sensor networks, which reduces energy consumption and 

improves network throughput and durability by grouping 

packets based on the importance of the data they contain.  

Table 1 shows the comparison of different routing protocols 

using clustering and multi-hop routing in underwater wireless 

sensor networks. Table 1. Comparison of different routing 

protocols using clustering and multi-hop routing in underwater 

wireless sensor networks 

Advantages Disadvantages Suggested 

approach 

year of 

publicatio

n 

Ref 

No 

Higher 

package 
delivery 

ratio 

It consumes 

more 
electricity 

Quality of 

Service 
Routing 

Protocol 

2022 [21

] 

Increase 
package 

delivery 

ratio 

In a distributed 
network, it 

performs 

poorly 

Depth-
based 

routing 

2020 [22
] 

The 

throughput 

and 
reliability 

in the 

clustering 
process are 

high 

Network 

lifetime 
Adaptive 

node 

clustering 

 

2022 [23

] 

energy 

consumptio

n 

Packet loss LOCAN 

method 

2021 [24

] 

Provides 

better 
performanc

e 

It consumes 

more energy in 
deep water 

connections 

Sensor Web 

distributed 
routing 

protocol 

2019 [25

] 

Reliable 

transmissio
n 

Not suitable 

for deep 
UWSNs 

Bee 

algorithm 

2022 [26

] 

Use less 

energy 
Poor 

performance in 
sparse network 

Hydroxt 

routing 
protocol 

2022 [27

] 

Reduce 

packet loss 
and traffic 

systems 

Sensor failure Gray wolf 

optimizatio
n algorithm 

2022 [28

] 

Reduced 

latency and 
high 

throughput 

Maximize 

energy 
resources 

Threshold 

partition 
and energy 

level 

2022 [29

] 

High 

throughput 

delay Route 

selection 

strategy 

2021 [30

] 

Reducing 

energy 

Time delay and 

packet loss 
C fuzzy 

method and 

2020 [31

] 
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consumptio

n 
propeller-

flame 
optimizatio

n method 

Improved 
data 

transmissio

n 

Sometimes it 
may encounter 

additional node 

problems 

Vector 
based 

transport 

protocol 

2022 [32
] 

It consumes 
less energy 

It consumes 
more energy in 

E2ED 

connection 

Optimized 
depth-

based 

routing 

2022 [33
] 

Higher 

PDR and 

throughput 

Encountering 

packet loss 

issues in long 
distance 

communication

s 

Routing 

protocol 

based on 
fuzzy logic 

vectors 

2021 [34

] 

It consumes 
less energy 

In a distributed 
network, it 

performs 

poorly 

New 
efficient 

transport 

protocol 

2021 [35
] 

It has better 

output 

power and 
less delay 

More packet 

loss when the 

destination is 
unreachable 

Adaptive 

distributed 

tree-based 
multicast 

routing 

protocol 

2022 [36

] 

 

 

In [38], a new model for clustering sensor nodes based on 

the Shahin-Harris optimization algorithm is proposed, in 

which the intra-cluster distance, extra-cluster distance, and  

residual energy of sensor nodes are considered. And the 

distance of non-cluster nodes to the cluster head node is 

evaluated and the closest nodes to the cluster head are 

selected. The evaluation results indicate a higher number of 

live nodes, a longer lifespan, and increased efficiency 

compared to other algorithms. In [39], a hybrid method of 

deep neural networks for intrusion prevention is presented, 

which has the ability to detect and extract more complex 

features, and by combining different results and features, the 

accuracy and performance of the model are improved. 

 

III. Suggested approach 

In this paper, a new approach is proposed for the optimal 

selection of depth-controlled and energy-balancing paths for 

data transmission in an underwater wireless sensor network. 

which can minimize the energy consumption by using the 

clustering strategy with minimum cost. This strategy consists 

of the parameters, the amount of energy consumed by the 

nodes during the transfer to the cluster head, the amount of 

remaining energy of the cluster head node, and the distance 

between the cluster head node and the base station, which by 

calculating the amount of energy of the sensors and the 

weight-based clustering technique, the cluster head nodes 

and neighboring nodes have A less specific energy and multi-

step data transmission process based on chaotic search and 

rescue optimization is initiated. Then, by examining the 

intra-cluster communication, a localization method is 

proposed to track the position of the sensors with the aim of 

depth-controlled and energy-balancing routing. Finally, the 

EBMH_CSR is measured and evaluated with the parameters 

of packet loss rate, energy consumption, delay, packet 

delivery rate, number of live nodes, number of received 
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packets, and network lifetime. Figure 2 shows the overall 

process of the EBMH_CSR. 

In this network, a number of sensor nodes are scattered in 

the underwater environment with flow, pressure and 

temperature parameters, which have the ability to 

communicate with each other through radio frequency and 

voice modem, as well as collect underwater information. In 

these networks, the underwater sensors are moved at about 

1-3 meters per second due to the water flow and the topology 

of the network is constantly changing. Since unnecessary 

energy consumption causes the death of the sensor node and 

the reduction of the network's lifespan, therefore, energy 

consumption can be saved by integrating information by 

cluster heads. The following relationship shows the energy 

required by each sensor node to transmit k bits of data in an 

underwater wireless sensor network: 

𝐸𝑇𝑥(𝑘, 𝑑) = 𝑘 ∗ 𝐸𝑒𝑙𝑒𝑐 +
𝑘
𝑅⁄ 𝑃𝑡𝑥 

Where 𝐸𝑒𝑙𝑒𝑐  is routing power and 𝑃𝑡𝑥  is transmission 

power. 

In weighted clustering, cluster structure and cluster head 

are calculated using the three main criteria of degree, 

residual energy, and definition distance, and the weight of 

each node is calculated from the relationship 𝑃𝑖 = 𝑤1 ∗

𝐸𝑛𝑔 + 𝑤2 ∗ 𝐷𝑒𝑔 + 𝑤3 ∗ 𝐷𝑖𝑠, where 𝑤1 + 𝑤2 + 𝑤3 = 1 is 

To calculate the distance between one-step neighboring 

nodes from the relation 𝐷𝑖𝑠 =
∑ 𝐷𝑖𝑠𝑡 (𝑖, 𝑛𝑏𝑗)
𝑁𝐵𝑖
1

𝑁𝐵𝑖
⁄  and 

the degree of the neighboring nodes that have the sending 

radius, From the relation 𝐷𝑒𝑔 = |{
𝑛𝑦

𝑑𝑖𝑠𝑡(𝑥,𝑦)
<

𝑡𝑟𝑎𝑛𝑠𝑟𝑎𝑛𝑔𝑒} 𝑥 ≠ 𝑦| It is used where 𝑑𝑖𝑠𝑡(𝑥, 𝑦) is the 

distance between two nodes 𝑛𝑥and  𝑛𝑦 and  𝑡𝑟𝑎𝑛𝑠𝑟𝑎𝑛𝑔𝑒 is the 

range of moving nodes. 

The chaotic search and rescue optimization algorithm is 

one of the meta-search algorithms inspired by human search 

behavior in the entire search and rescue process. In it, the 

missing person situation is posed before the solution of the 

optimization problem, and the importance of the index 

obtained in this situation shows the suitability of this 

solution. This optimal solution represents a route of great 

importance and vice versa [37]. During the search process, 

members of the information group will collect clues and 

leave clues to find other important clues and use this 

information to optimize the search process. The figure below 

shows the index matrix, which contains the locations of the 

found indices and has two matrices M and X. These two 

matrices are the memory matrix that stores the locations of 

the left indices and the X matrix that stores the locations of 

the humans, respectively. These matrices are of equal size, 

with the Y dimension representing the problem and the Z 

dimension representing the number of group members. The 

chaotic search and rescue optimization algorithm consists of 

two main phases, individual and social, both of which are 

generated based on the main matrix and updated at every 

stage of the human search.  

 

 

 

 

 

 

 

In the social phase, the search direction is obtained by 

considering a random clue among the found clues, according 

to the following relationship. 

𝑆𝑍𝑖 = (𝑋𝑖 − 𝐶𝑘) , 𝑘 ≠ 𝑖 

Monitoring of sensors by base station and 

initialization of network parameters 

Calculate the amount of 

energy of the sensors 

 

Weight based clustering 

technique 

Selection of cluster head 

nodes and neighboring nodes 

with lower energy 

Multistep data transmission 

based on chaotic search and 

rescue optimization 

Depth controlled and energy 

balancing routing 
Apply the localization method to 

track the position of the nodes 

Is there intra-cluster 

communication? 

Evaluation and measurement of the 

performance of the EBMH_CSR 

Fig 2. The overall process of the EBMH_SCR 
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Where 𝑆𝑍𝑖  is the search direction of the 𝑖𝑡ℎ human, 𝑋𝑖  is 

the position of the 𝑖𝑡ℎ human, 𝐶𝑘 is the position of the 𝑖𝑡ℎ 

lead and k is a random integer in the range of 1 to 2n. 

In order to avoid repeated search of the position, the 

movement of the group members towards each other should 

be limited during the search. If the importance of the clue of 

the current position is less than the considered clue, the area 

around the direction of 𝑆𝑍𝑖and around the clue position is 

searched. Otherwise, the search will continue around the 

current position along the 𝑆𝑍𝑖direction. The jth new position 

is obtained by the 𝑖𝑡ℎ person according to the following 

relationship. 

𝑋́𝑖,𝑗 = {

𝐶𝑘,𝑗 + 𝑟1 ∗ (𝑋𝑖,𝑗 − 𝐶𝑘,𝑗)𝑖𝑓𝑓(𝐶𝑘) > 𝑓(𝑋𝑖)

𝑋𝑖,𝑗 + 𝑟2 ∗ (𝑋𝑖,𝑗 − 𝐶𝑘,𝑗)𝑖𝑓 𝑟2 < 𝑠𝑝𝑖   

𝑋𝑖                                     𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 

where 𝑋́𝑖,𝑗 is the new position of the 𝑖𝑡ℎ human, 𝐶𝑘,𝑗 is the 

new position of the 𝑘𝑡ℎ lead, 𝑓(𝑋𝑖) and 𝑓(𝐶𝑘) are the 

objective function values from the solutions 𝑋𝑖  and 𝐶𝑘, 𝑟1 is 

a random number in the range [-1, 1] and 𝑟2 is a random 

number in the range [0, 1]. 

In the individual phase, human searches around the 

current position individually and different clues are 

connected according to the social phase, and the new 

position of the 𝑖𝑡ℎ human is calculated from the following 

relationship. 

𝑋́𝑖 = 𝑋𝑖 + 𝑟3 ∗ (𝐶𝑘 − 𝐶𝑚) 

Where 𝑟3 is a random number in the range 0 and 1 and the 

integers 𝑘 and 𝑚 are randomly selected in the range 1 to 2N 

such that 𝑖 ≠ 𝑘 ≠ 𝑚 to avoid moving along other leads. 

The solutions adopted by the individual and social phases 

in the chaotic search and rescue optimization algorithm must 

be located in the solution space, otherwise the new position 

of the 𝑖𝑡ℎ human must be modified according to the 

following relationship.  

Ẋ𝑖𝑗 =

{
 

 
(𝑋𝑖,𝑗 + 𝑋𝑗

𝑚𝑎𝑥)

2
    𝑖𝑓 Ẋ𝑖,𝑗 > 𝑋𝑗

𝑚𝑎𝑥

(𝑋𝑖,𝑗 + 𝑋𝑗
𝑚𝑖𝑛)

2
    𝑖𝑓 Ẋ𝑖,𝑗 < 𝑋𝑗

𝑚𝑖𝑛

 

where 𝑋𝑗
𝑚𝑖𝑛and 𝑋𝑗

𝑚𝑎𝑥 represent the minimum and 

maximum thresholds for parameter j, respectively. 

If the value of the objective function exceeds the previous 

value, that position is updated and stored in the memory 

matrix and described as a new position. Otherwise, the 

memory will not be updated. 

𝑀𝑛 = {
𝑋𝑗   𝑖𝑓  𝑓(Ẋ𝑖) > 𝑓(𝑋𝑖) 

𝑀𝑛   𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 

𝑋𝑖 = {
Ẋ𝑖   𝑖𝑓  𝑓(Ẋ𝑖) > 𝑓(𝑋𝑖)

𝑋𝑖    𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 

𝑀𝑛 indicates the position of the nth clue kept in the 

memory matrix and n is an integer in the range of 1 and N. 

In chaotic search and rescue processes, time is an essential 

factor because delaying search and rescue teams may result 

in death and loss. Therefore, the maximum space should be 

searched in the shortest possible time. Therefore, if the 

important clues are not found after several searches around 

the current position, the current position should be left and 

the search process should continue in the new position. 

To overcome the energy consumption problem in 

underwater wireless sensor networks and ensure continuous 

energy utilization, in this paper, a depth-controlled and 

energy-balanced routing is proposed, in which the depth of 

low-energy endpoints is adjusted and swapped with higher-

energy nodes. At this stage, a cryptographic-based diffusion 

neural network is used for data fusion operations. By 

analyzing the residual energy and direction of participating 

nodes, it reduces the number of iterations and data 

transmissions, and improves energy consumption and 

efficiency. The energy balancing protocol is based on mixed 

packet transmission and divides the limited energy of each 

network node according to the following relationship. 

𝐸(𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒, 𝑓𝑐) = 𝐸𝑛𝑒𝑟𝑔𝑦𝑇𝐻(𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒, 𝑓𝑎) 

 𝐸 is the distance between the transmitter and receiver 

nodes, 𝑖 is the frequency of the node and 𝐹𝑎 is the minimum 

energy consumption by the node for data transmission, 

which is calculated from the following equation. 

𝐹𝑎 = 10
𝐹𝑎(𝐹𝑐)

10⁄  

𝐹𝑎(𝐹𝑐) = 0.11 ∗ ((𝐹𝑐)2 ∗ (1 (1 + 𝐹𝑐)⁄
2
)) + 0.22

∗ ((𝐹𝑐)2 ∗ (1 (1 + 𝐹𝑐)⁄
2
)) . . . +𝑛

∗ ((𝐹𝑐)2 ∗ (1 (1 + 𝐹𝑐)⁄
2
)) 

 Also, the cumulative number of participants (NP) is 

calculated from the following equation, where NR is the 

radial distance, ND is the density of nodes, RW is the width 

of each circle segment or the maximum number of loop 

regions, and MaxHop is the maximum hop value. 

𝑁𝑃 =∑𝑁𝑅 ∗ 𝑁𝐷 ∗ 𝑀𝑎𝑥𝐻𝑜𝑝 ∗ 𝑅𝑊2

𝑛

𝑖=0

 

In order to find the optimal multi-step routes between the 

cluster heads, distributed neural networks based on 

cryptography are used, which by finding the best routes for 

data transmission, reduce the rate of packet loss, reduce 

energy consumption, increase the lifetime and performance 

of the network. 

 

IV. Simulation results and discussion 

Energy consumption, packet delivery rate, packet drop 

rate, number of live nodes, network lifetime and throughput 

are important parameters used to evaluate the efficiency and 

performance of routing protocol in underwater wireless 

sensor networks. In this paper, the EBMH_CSR is simulated 

using MATLAB simulator. The simulation parameters of the 

EBMH_CSR are shown in the table below. 

 

 

 



17                 Depth-Regulated and Energy-Balanced Routing / S. Kadhim Mutar, et al 

 
TABLE 2. The simulation parameters of the EBMH_CSR 

 

Amounts Parameters 

250,500,1000 The number of nodes 

1 byte Package size 

2 bytes per second Data transfer rate 

15 kHz Frequency 

70 joules Energy consumption at the 

level of data composition 

750*750 Simulation environment 

10 joules Primary energy 

5 Number of sink nodes 

 

Energy Consumption 

The total amount of energy used to transmit, receive and 

collect data in the network is called energy consumption. The 

table 3 shows the amount of energy consumption in the 

number of rounds for the EBMH_CSR and DBR, EEDBR, 

FCMMFO and LEACH-ERE protocols. 

 

 

 

 

 

 

TABLE 3. Energy consumption for the compared protocols in 

different number of rounds 

EBMH_CS
R 

LEACH
-ERE 

FCMMF
O 

EEDB
R 

DB
R 

Numbe

r of 

rounds 

8 15 14 11 12 20 

15 19 18 16 17 40 

12 19 19 14 16 60 

21 26 25 22 24 80 

19 26 25 22 24 100 

25 29 28 23 27 120 

29 35 34 30 33 140 

22 33 32 28 30 160 

18 31 30 28 29 180 

16 31 30 25 29 200 

 

The figure 3 shows the energy consumption diagram of 

the compared protocols in different number of iterations. As 

shown in the figure, the simulation results show the 

improvement of energy consumption in the EBMH_CSR 

compared to other protocols. 

 

Fig 3. The energy consumption diagram of the compared protocols in different number of iterations 

Package Delivery Rate 

The ratio of total packets sent to total packets received is 

called packet delivery rate (PDR). The table 4 shows the 

packet delivery rate in different number of nodes for the 

EBMH_CSR and DBR, EEDBR, FCMMFO and LEACH-

ERE protocols. 
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TABLE 4. Packet delivery rate for the compared protocols at different number of nodes 

EBMH_CSR LEACH-ERE FCMMFO EEDBR DBR The number of nodes 

97 90 88 94 96 100 

95 88 88 92 90 200 

95 88 86 92 90 300 

94 87 85 91 89 400 

93 87 85 90 88 500 

92 85 85 90 88 600 

92 83 84 89 86 700 

91 83 85 89 87 800 

91 82 85 88 86 900 

89 82 82 86 83 1000 

 

 

Fig 4. Packet delivery rate for compared protocols at different number of nodes 

As shown in the figure 4, the packet delivery rate of the 

EBMH_CSR provides better results in different number of 

nodes compared to other parameters. These results show that 

the FCMMFO protocol had the worst performance. 

 

Packet Drop Rate 

Packages sent from the origin may not reach the 

destination for any reason. The ratio of unreached or lost 

packets to the total number of sent packets is called packet 

loss rate. The table 5 shows the simulation results in the 

packet drop rate parameter of the EBMH_CSR along with 

other routing protocols at different network loads 

(packets/min). 
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TABLE 5. Packet drop rates for the compared protocols at 

different network loads 

EBMH_CS

R 

LEACH

-ERE 
FCMMF

O 
EEDB

R 
DB

R 

networ

k loads 

0 0 0 0 0 0 

9 13 15 11 12 10 

14 15 17 14 12 20 

13 14 17 15 13 30 

14 15 18 16 15 40 

16 17 19 17 17 50 

16 19 21 17 18 60 

16 21 23 18 19 70 

19 24 25 21 22 80 

19 24 25 23 23 90 

20 25 27 24 25 100 

The figure 5 shows the packet drop rate graph for the 

compared protocols at different network loads. According to 

the figure, the EBMH_CSR performs better than other 

routing protocols in different network loads from 10 to 100 

packets per minute. 

 

Fig 5. The packet drops rate diagram for the compared protocols at different network loads 

Network Lifetime 

The time it takes for the first sensor to fail is called the 

network lifetime. It depends on factors such as the frequency 

of nodes, connectivity, and distribution. Figure 6 shows the 

network lifetime for different number of nodes and a radius 

of 10 km. 
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Fig 6. Network lifetime for compared protocols at different number of nodes 

The figure 7 shows the graph of the number of live nodes 

in different rounds. As it is clear in the diagram, with the 

increase in the number of rounds, the number of live nodes 

also decreases for all protocols. But the intensity of live node 

reduction in the EBMH_CSR is less than other protocols and 

it performs better. 

 

Fig 7. Number of live nodes for the compared protocols in different number of rounds 

 

V. Conclusions 

In this paper, a novel method is proposed to optimally 

select depth-controlled and energy-balanced paths for data 

transmission in underwater wireless sensor networks 

(EBMH_CSR). The energy consumption can be reduced by 

using a cluster strategy with minimum cost. The strategy 

includes parameters, the amount of energy consumed by 

nodes during transmission to the cluster head, the remaining 

energy of the cluster head, and the distance between the 

cluster head and the base station, through calculating the 

energy amount of the sensor energy and the weight-based 

distribution technique, the cluster head nodes and the 

neighboring nodes have less specific energy, and the multi-

stage data transmission process based on chaotic search and 

rescue optimization is initiated. Then, by examining the 

intra-cluster communication, a positioning method is 

proposed to track the location of the sensors for the purpose 

of depth-controlled and energy-balanced routing. To 

evaluate the results of the EBMH_CSR, an extensive 

experimental test was conducted and the results were 

evaluated from several aspects. Comparative analysis shows 

that the EBMH_CSR gives better performance than other 

existing methods. The time complexity of the EBMH_CSR 

is (O (n2)), which will allow us to attempt to reduce and 
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improve the performance of underwater wireless sensor 

networks using delay-sensitive data aggregation schemes. 
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