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Abstract 

Underwater Wireless Sensor Networks (UWSNs) have emerged as important tools for a wide range of applications, including 

environmental monitoring, marine biology, and disaster management. However, one of the major challenges in UWSNs is the 

energy consumption of sensor nodes, especially considering the limitations of battery life and the high cost of recharging or 

replacing sensors in remote underwater environments. In prior investigations, it was discovered that the Q-learning approach 

increases the time complexity and computing overhead. Designing routing methods for underwater sensor networks is 

complicated by the issue of energy constraint. Classical routing algorithms conform to the majority of distance-oriented 

algorithms in order to construct the optimal route, which in turn reduces the consumption of energy and overall delay. 

Nevertheless, a small number of seldom utilized nodes might impede network performance, resulting in a short lifespan. A 

large variety of algorithms have been created so far in order to extend the network's lifespan, but the packet delivery ratio is 

being compromised. The succeeding nodes with more residual energy are placed in a queue for the next hop. These routing 

approaches often impair the network's latency and life expectancy due to their emphasis on energy efficiency. To extend the 

lifespan of a network with limited energy consumption, an energyefficient intelligent routing protocol appropriate for 

underwater communication has been proposed. The proposed solution is demonstrated through simulations, showcasing its 

effectiveness in energy conservation, scalability, and the reduction of redundant data transmission. The limitations and potential 

future directions in UWSNs is also discussed here. 
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I INTRODUCTION: 

Underwater Wireless Sensor Networks (UWSNs) are made up of dynamic sensors and autonomous underwater vehicles, 

collaborate to carry out certain tasks in underwater surveillance as shown in Figure 1.1. However, the communication between 

these nodes is often hindered by the low bandwidth and high latency of acoustic channels. Additionally, sensor nodes are 

typically battery-powered, which restricts their operational lifespan and necessitates efficient energy management techniques. 

One of the most important issues with UWSNs is inconsistent use of energy resource, which shortens the network's lifespan. To 

address the issues, an energy-efficient routing method is essential. By creating an energyefficient routing protocols that offer 

effective data forwarding from the source node to the destination, several in-depth researches have made an effort to 

accomplish this goal. The new categorization classifies the current energy efficient routing protocols into five distinct groups: 

depth-based, clusterbased, cooperative-reliability-based, reinforcement learning (RL)-based, and bio-inspired routing protocols 

(Shreya et al. 2021). 

Depth-based routing is frequently employed in UWSNs. The depth of the node determines which node will be the forwarder in 

a depth-based 8 routing system. A hierarchical structure underlies the network topology. The source chooses a forwarder that is 

nearer to the sink node. In UWSNs, these kind of routing protocols are considered as the fundamental components of routing 

techniques. This is due to the fact that varied underwater sensor node deployment depths are dependent on sea level, which is 

the most vital characteristic of the underwater environment. This important attribute is taken into account by depth-based 

routing protocols and the depth parameter is the basis on which routing strategies are created. The following are the examples 

of depth-based routing: EEDBR (Wahid et al. 2012), EEEDBR (Khizar et al. 2016), EDORQ (Lu et al. 2020) and REPBR 

(Khasawneh et al. 2018) 
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Cluster-based routing serves as one of the most frequently used routing mechanisms for UWSNs. In this type of routing, 

sensor nodes are grouped together and assigned a Cluster Head (CH) in each group. Before transmitting the data, the CH 

collects the information from Cluster Members (CM). It is essential to select a CH intelligently, because they are the ones that 

carry the majority of the burden and utilize more energy. A layer-based clustering architecture and a grid-based clustering 

design are both employed in UWSNs. In layer-based clustering, the seafloor is divided into layers. Gridbased clustering divides 

the seafloor into a number of grids, each of which is regarded as a cluster. The goal of cluster-based routing systems is to use 

less transmissions and hence to save energy. Examples of cluster-based routing are SD-UASN (Wang et al. 2019), MLCEE 

(Khan et al. 2019), CUWSN (Bhattacharya et al. 2019), CBE2R (Ahmed et al. 2018), EERBLC (Zhu et al. 2018) and EGRC 

(Wang et al. 2016 

Human interactions with the environment are the main source of Reinforcement Learning (RL). RL is concerned with how 

intelligent agents act in a complex environment. One of the most prevalent RL methods is Q-learning. The agent selects 

possibilities while utilizing Q-learning based on a certain Q-value. To extend the network lifetime of UWSNs, some potential 

routing techniques have been developed using Q-learning. RL-based algorithms are becoming more and more common, 

because of how well they adapt to the environment. Energy-efficient routing protocols based on Q-learning continue to 

accommodate for solitary and static sink nodes, unlike the protocols of other groups. Examples of RL-Based routing protocols 

are QDTR (Hu et al. 2010), QLEAR (Hu et al. 2010) and QL-EDR (Wang et al. 2019). 

Biological ideas have sparked a variety of technology breakthroughs across a number of scientific disciplines. The protocols 

listed below are examples of how they can be used for UWSNs' energy-efficient routing. The creation of the most effective 

algorithms to address different self-organization issues in UWSNs can be aided by biological insect behaviour modelling. 

Additionally, the bio-inspired routing system is a better option for massive underwater acoustic networks. . Examples of Bio-

inspired routing protocols are FFRP (Faheem et al. 2020) and MFPR (Sivakumar et al. 2020). 

Q-Learning based Ant-Colony Optimization routing algorithm (QLACO) is an existing intelligent learning system that employs 

artificial ants and reward mechanism to obtain a global best-possible route (Fang et al. 2020). The routing strategy may adjust 

to the dynamic nature of sensor nodes and the necessity for energy awareness in a favorable way based on the defined direct 

and long-term reward functions 

Another existing methodology is the Deep Extreme Q-Learning assisted Adaptive Firefly Routing (DEQLFER), which is 

developed for underwater environment, incorporates the reward function and the firefly characteristics to pick the global 

forwarding path (Anitha et al. 2021). The 13 adaptive reward function indicates that the existing routing strategy is suitable for 

the evolving feature of sensor nodes with minimal consumption of energy. The DEQLFER method may increase the lifespan of 

a network by calculating routes based on several criteria, such as depth, distance, and energy, while rigorously restricting 

latency. 

A network-based fuzzy clustering and routing technique is an existing method, which is developed for extremely sensitive 

applications. By using fuzzy approaches, it is possible to manage and optimize the energy of the cluster heads, improves the 

networks' coverage, throughput, and lifetime. 

An Energy-efficient Depth-based Opportunistic Routing algorithm with Q-learning (EDORQ) is an established method for 

ensuring the reliable, accurate and energy-efficient underwater communication (Lu et al. 2020).  To regulate the transmission of 

candidate nodes, this method employs a hold time dependent on Q-value. It causes a slightly longer average packet delay by 

requiring each packet to wait a second before being sent.  

OBJECTIVE OF RESEARCH 

The ultimate aim of the proposed work is to provide an energyefficient routing protocol and to increase the performance of data 

transmission of underwater wireless sensor nodes in an acoustic environment. This research work has proposed different 

techniques to increase the network performance such as Machine Learning Based Energy Efficient High Performance Routing 

Protocol (MLEE-HPR) and EnergyEfficient Cluster Routing Protocol Using Fuzzy Chaotic Cuckoo Search Optimization 

(EECRP). 

These proposed schemes are used to optimize the overall performance of the routing in underwater acoustic environment 

through energy efficient data transmission, less end-to-end delay, improved packet delivery ratio and elevated lifetime of the 

network. 

The first proposed scheme is based on the machine learning based high-performance routing, where the selection of optimum 

path is based on Modified Squirrel Search algorithm. In order to gather data from individual nodes, a beacon packet is first 

broadcast to the network of underwater sensors. The information collected includes transmission loss, attenuation, speed of 

sound, channel noise, energy preservation. Using the fuzzy pareto-optimality method, this data will be processed to extract 

actionable multi-objective decision rules. The Modified SVM technique will use the fuzzy pareto optimality derived rules as 

input to determine appropriate weights. Finally, the Modified Squirrel Search algorithm is used to choose the best route based 

on the weights assigned and the network parameters collected. It is inferred from the outcome that, the effectiveness of the 

suggested framework achieves far superior in terms of optimized energy consumption and latency along with balanced routing 

path.  
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Final proposed scheme applies Fuzzy Possibilistic C-Means (FPCM) algorithm to the network clustering. The initial centers of 

clusters are constructed using the maximum distance approach, which takes into account the node depth and surrounding 

density. The main cluster heads are selected taking into account the nodes' remaining energy, distance to the sink, and the base 

station. Fuzzy Chaotic Cuckoo Search Optimization (FCCSO) algorithm is introduced for route selection to examine the 

remaining energy of each sensor nodes. The suggested model uses a multi-hop system, which allows for more efficient use of 

available energy and a higher rate of successful data transmission by selecting the optimum nodes without duplicate selections. 

II RELATED WORK 

Bio-inspired optimization techniques become essential to ascertain optimal solution. This section provides a literature study of 

bio-inspired swarm-based algorithms which are stimulated by nature and communal behaviour of birds, animals respectively. 

The novel routing method has been presented by Anitha et al. (2021) utilizing the Q-learning framework and Deep Extreme 

Learning Machines with the help of the Adaptive Firefly Routing algorithm to overcome the research limits of network 

instability and energy efficiency in maritime environments. This technique combines adaptive fireflies and reward functions to 

choose the best routing strategy. The author has adopted the role of the traditional Q-learning mechanism in this approach, 

using the suggested reward function for the changing subsea connectivity and to increase the ratio of packet deliveries and 

throughput. The author used an effective firefly-assisted routing method to provide energy-conserved data transport while 

overcoming the difficulties posed by the void issue. The deployment of extreme learning machines for building deep Q-

networks has necessitated a longer training time, which raises the computational complexity incurred by sensor nodes during 

the learning phase and adds computational overhead to the networks. The proposed protocol has consumed less of 40%– 45% 

energy consumption than existing algorithms such as DQELR, 50% less than DELR and as high 60% than VBF protocols. The 

proposed protocol has achieved the better network life time of 85% during 400 rounds and less latency of 4s which makes its 

more suitable for the underwater communication.  

Q-Learning based Ant-Colony Optimization routing algorithm (QLACO) is an existing intelligent learning system developed 

by Fang et al. (2020) that employs artificial ants and reward mechanism to obtain a global best-possible route. The routing 

strategy may adjust to the dynamic nature of sensor nodes and the necessity for energy awareness in a favorable way based on 

the defined direct and long-term reward functions. While the QLACO algorithm offers outstanding efficacy in terms of energy 

and delivery ratio, the underwater routing mechanism degrades due to the ant-colony convergence time complexity and lack of 

depth information. Simulation results showed that QLACO improves the average packet delivery ratio to 0.9 with the network 

size of 400 nodes and reduced energy consumption of 0.7J when compared with the counterpart methods. 

In order to generate pareto-optimal routes, Persis (2021) proposed a modified greedy best first search heuristic and an 

uninformed search approach for a bi-objective optimization of latency and reliability. It is discovered through simulation 

studies that the bi-objective protocol performs better than traditional routing methods. It can be observed that the delay, depth 

and reliability of the routes yielded by the greedy biobjective protocol proposed in this study are better achieving 1s delay, 

100m depth and 70% reliability than those of the other protocols. 

Zheng et al. (2019) proposed an enhanced variant of SSA called ISSA is suggested in this study to achieve higher global 

convergence capability. A dimensional search augmentation approach is then used to improve the algorithm's capacity for local 

searches. This work suggests a better SSA variation (ISSA) that uses four tactics to increase SSA's capability for global search. 

ISSA provides the best performance in comparison to other optimization algorithms with the optimum solution of 653 times out 

of 960 runs and 95% level of significance.  

Kaveh et al. (2013) postulated a novel optimization technique called dolphin echolocation (DE) is introduced. This approach 

resembles the tactics employed by dolphins throughout their hunting procedure. Dolphins use sonar, a type of sound, to detect 

their prey and may alter the target's position and location of the prey by changing the sonar. The novel hybrid Dolphin and 

Sparrow Optimization (DSO), proposed by Kareem et al. (2023), is an update to a brand-new metaphorical algorithm that is 

modelled by the natural behaviors of dolphins and sparrows. The beginning of DS consists of initializing the dolphin program 

and establishing the value for the sparrow parameter. In addition to the discovery, the DSO method makes use of the part of the 

search area that has the most potential. To create tests that are more complex, the test functions' optimum is moved further from 

the root. 

An intriguing cuckoo search algorithm has been discovered by Gandomi et al. (2013) based on the fascinating parasitic 

behavior of cuckoo species. Cuckoos lay egg in the nest of song birds whereas both the birds’ eggs resemble the same. Until the 

host bird identifies and pushes the cuckoo egg, both grows in the same nest. Cuckoo lays an egg at a time by choosing a host 

nest randomly. 

In order to determine the shortest path for the network's selfnavigating mobile nodes, Zehra et al. (2021) presented three 

efficient metaheuristic evolutionary algorithms, including ant colony optimization, artificial honeybee colonies, and firefly 

algorithm, inspired by swarm intelligence. This comparative research investigated meta-heuristic algorithms for producing 

results in short processing time while searching for the best answer. 

III PROPOSED METHODOLOGY 

The Q-learning approach is shown to have increased the computation overhead and temporal complexity in the prior research. 

The suggested methodology introduces the approach called as Machine Learning based Energy Efficient High Performance 

Routing Protocol (MLEE-HPR) which offers a solution to this issue. The first phase in this research work encompasses by 
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sending the beacon packets to the underwater sensor nodes for collecting the information of acoustic sensor nodes. This data 

will be processed and multi-objective decision rules will be generated by using the fuzzy pareto-optimality approach. These 

multi-objective decision rules will then be fed to the Modified Fuzzy SVM algorithm for weight assignment. The Modified 

Squirrel Search algorithm is used to choose the best route path based on the weights assigned and the network parameters are 

collected. Experimental analysis is carried out, confirming that the proposed technique works on the MATLAB simulation 

platform and produces greater results when compared to the other research strategies.  

In this work, a beacon packet is initially transmitted to underwater sensor nodes for the purpose of gathering the node 

information. The data gathered includes information on energy conservation, channel noise, speed of sound, attenuation and 

transmission loss. This data will be processed and a fuzzy pareto-optimality method will be used to build multi-objective 

decision rules from it. The Modified SVM technique for weight assignment will use these rules which are developed using the 

fuzzy pareto-optimality methodology as input. Finally, the Modified Squirrel Search algorithm is used to select the best route 

path based on the weights assigned and the network parameters acquired.  

 

Processing Flow of MLEE-HPR Methodology 

ACOUSTIC PACKET BASED INFORMATION COLLECTION  

The underwater acoustic sensor nodes receive the acoustic packet first, which is used to collect node information. The data 

gathered includes information on energy conservation, channel noise, speed of sound, attenuation, and transmission loss. The 

construction of acoustic data packets ensures that they contain all the network information. This acoustic data packet will be 

forwarded to every node in the network, and it will be used to measure the metric values. Transmission Loss: The transmission 

loss is specified as the metric utilized for computing the amount of data that gets missed during the transmission of data. 

Attenuation: Attenuation refers to the loss in signal strength occurring in networking cables or connections. This is generally 

measured in decibels (dB) or voltage and it can be attributed to different factors. It may distort the signals or make them 

unintelligible. Speed of Sound (sspeed): The distance of a sound wave covers in one unit of time when travelling through an 

elastic medium is referred to as the speed of sound. The speed of sound in the ocean can be estimated using the Mackenzie 

equation, which takes into account the temperature, salinity and depth of the water. The Mackenzie equation (Mackenzie, K.V. 

1981) is defined as in Eq. (3.1),  

sspeed = 1448.96 + 4.591T – 5.304 . 10-2 T 2 +2.374 10-4 T 3 + 1.340 (S – 35) + 1.630 10-2 D + 1.675 10-7 D2 – 1.025 10-2 

T (S – 35) – 7.139 10-13 T D3        (3.1) where T = Temperature (degrees 

Celsius), S = Salinity (parts per thousand) and D = Depth (meters).  

Channel Noise 

The channel noise is defined as a collection of unrelated data that is transmitted together with the primary information and 

might slow down data transmission. Energy conservation: The entire amount of energy conserved to transmit data between the 

source and destination nodes.  

FUZZY PARETO OPTIMALITY BASED RULE GENERATION  

Following the analysis of the data, fuzzy pareto-optimality techniques will be used to create multi-objective decision rules. The 

Modified Fuzzy SVM strategy for weight assignment will get these rules as input from the fuzzy pareto-optimality approach, 

for assigning the weights. The multiple objectives are typically in conflict with one another requiring multi-objective 

optimization, indicating that raising the performance of one objective would lower the performance of another. As a result, 

multi-objective optimization problems seldom have a single optimal solution. It is crucial to take a tradeoff approach to the 

various objectives in order to achieve a balanced optimization. As a result, the Pareto optimum solution concept is refined in 

this study. The Pareto optimal solution concept is integrated into the population selection methodology, which is the main 

characteristic of the Pareto-based multi-objective processing method. The Pareto idea is capable of dealing with the conflicting 

associations between many optimization goals, and it is frequently paired with a wide range of innovative algorithms to provide 

multiple Pareto-optimal solutions to a multi-objective challenge. While dealing with the traditional multi-objective optimization 

issues, Pareto-optimality requirements are essential because we must discover a collection of optimal solutions rather than just 

one for an optimization problem with a single goal. Recent research works has examined and promoted the extensions of these 

requirements to the fuzzy domain. In order to provide the required conditions for the Pareto-optimality of potential solutions in 

the fuzzy domain, this study proposes a unique technique based on using possibility theory as a comparison index to establish a 

fuzzily ordered set. By carefully selecting single-objective issues, one may leverage the conditions established to describe fuzzy 
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efficient solutions. By using fuzzy coefficients in the objective function, the uncertainties are introduced into the formulation of 

the explored fuzzy multi-objective optimization problem. Analytical solutions to a few numerical examples show the 

effectiveness of the suggested strategy. As previously stated, the peer-to-peer network may be conceived as a graph. Every node 

in the graph has a unique node number, and its position can be identified by its x and y coordinate values. One node is 

considered to be inside a range if the Euclidean distance between the two nodes falls within that range. By using clustering, 

hierarchical routing is performed in which the paths between clusters rather than between nodes are stored. As a result, there is 

a reduction in routing control overhead and the number of cluster heads. A local solution is formed by the outcome of this 

iterative procedure.  

The stages involved in creating multi-objective decision rules utilizing fuzzy pareto-optimality may be summed up as follows:  

1. Nodes are initialized to 100  

2. Algorithm parameters are initialized  

3. Initial population is generated  

4. The objective function values of each individual in the population are calculated  

5. The non-dominated solutions are stored into the external file Q  

6. While (condition not satisfied)  

7. Iteration loop (for i to n times)  

8. The positions of the individual in the population are updated  

9. The non-dominated individuals are moved randomly  

10.For rule generation, i th node is selected  

11.The external file Q is updated  

12.The neighbor with the maximum probability is selected as the next rule until all nodes have been attempted  

13.The finalized set of rules having the maximum probability is extracted. 

 

 WEIGHT ASSIGNMENT USING MODIFIED SVM ALGORITHM 

In this proposed methodology, the weights are allocated using a machine learning technique called Support Vector Machine 

(SVM), which will aid in understanding the network characteristics as effectively as possible. Support Vector Machine is a 

widely used supervised method that is used to make predictions in any sort of dataset. When using SVM to apply weights, an 

ideal separation hyperplane between the two data classes must exist. SVM methods are effective in producing excellent 

prediction results. 

 

SVM Decision Boundary 

SVM is employed to address problems in classification and regression. However, it is widely utilized to solve classification 

problems that emerge in machine learning. The objective of the SVM approach is to find the best decision boundary, which can 

divide the n-dimensional space into classes such that a new data point may be placed in the right group without any issues. The 

term for this best-case decision limit is a hyperplane. SVM identifies the extreme points and vectors and builds the hyperplane 

from them. These peculiar conditions are known as support vectors and the approach is described as a support vector machine. 

 Hyperplane:  

Several lines/decision boundaries might exist for splitting the classes in n-dimensional space; therefore, it is critical to get the 

ideal decision boundary useful in sorting the data points using the Radial basis function kernel. Given that the hyperplane's 

dimensions are based on the features in the dataset, when two qualities are present, the hyperplane will resemble a straight line. 

The hyperplane will appear to be a two-dimensional plane, if there are three properties. Finally, a hyperplane is created with the 

maximum margin representing the greatest separation between the data points. 

Support Vectors: Support vectors are the data points that are located close to the hyperplane and have a positive impact on the 

hyperplane. 
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 Formula  

Training dataset represented by ‘D’ is defined as in Eq. (3.2),  

D = { , 𝑦𝑖 }𝑖=1 𝑁 , 𝑥 ∈ 𝑅 𝑛 , 𝑦 ∈ {−1, 1} -(3.2) 

 D refers to the training dataset and the input variables are denoted by x belongs to real numbers in an n-dimensional input 

space and y with binary classification ranges (Abe et al. 2005). The SVM task is to find the hyperplane that maximizes the 

margin subject to the linear constraints (as defined in Eq. (3.3)),  

𝑦𝑖 [|𝑤𝑇𝑥𝑖 + 𝑏|] ≥ 1 i=1 to N   (3.3) 

wT and b indicate separated variables 

The minimization of error is defined as in Eq. (3.4),  

(𝑤) = 1 2 ||𝑤|| 2     (3.4)  

The Function of Estimation is defined as in Eq. (3.5), 

 F(x) = ∑ ( , 𝑦𝑖) 𝑘(𝑥𝑖 , 𝑦𝑖 ) + 𝑏 𝑛 𝑖=1  (3.5) 

SVM Algorithm Procedure  

 

1: Node information D = {(x1, y1),……,(xn, yn)} is considered // x and y are samples  

2: Vector v=0 and Bias b=0 are initialized  

3: Train an initial SVM and learn the model  

4: For each xi ∈ X // xi is a vector having features defining example i  

5: Classify xi using f (xi )  

6: If yi f (xi ) < 1 // prediction class label  

7: Get w′ , b ′ for known data // w′ , b ′ for new features  

8: Add xi to known data  

9: Minimize the error function applying (3.3) and predict applying (3.4)  

10: If the prediction is incorrect then retrain  

11: Repeat 

12: End 

 

MODIFIED SQUIRREL SEARCH BASED OPTIMAL ROUTE PATH SELECTION 

 

Modified Squirrel Search Optimization 

A novel biologically inspired optimization technique called the Squirrel Search Algorithm (SSA) has been demonstrated to be 

more efficient in resolving unimodal, multimodal and multidimensional optimization issues. The ultimate aim of the squirrel 

search algorithm is to locate the best food sources so that the flying squirrels have enough energy. When flying squirrels start 

their scavenging, the search process begins. The squirrels glide from one tree to another in search of food supplies during the 

warm months of the year (autumn). They go around and explore various woodland regions as they go. They consume acorns as 

soon as they come across them because the climate is hot enough for them to achieve their daily energy demands more rapidly 

on a diet of the plentiful acorns. After obtaining their daily energy needs, they begin looking for the best food source for the 

winter (hickory nuts). Hickory nut storage will help them meet their energy needs in really hard weather, cut down on 

expensive foraging trips, and hence boost the likelihood of survival. As a result of an increased danger of predation brought on 

by a decrease of leaf cover throughout the winter, deciduous forests become less active but do not hibernate. Flying squirrel 

activity resumes after the completion of the winter season. This recurrent process, which lasts as long as a flying squirrel does, 

serves as the basis for SSA. The optimizer mimics the dynamic feeding habits and gliding form of efficient movement of 

southern flying squirrels. Small animals employ gliding as a reliable means of long-distance transport.  

The ideal route may be selected using a redesigned squirrel search algorithm. The traditional technique for finding squirrels is 

based on how flying squirrels locate food. It has been shown that the squirrel search strategy increases computation durations 

and necessitates significant convergence for perfect result prediction. The modified squirrel search algorithm, which 

incorporates the Gbest parameter in addition to the normal squirrel search algorithm, is presented as the answer to this issue. 

The location will be adjusted using Gbest rather than at random in the proposed modified squirrel search algorithm, which will 

seek the best solution for every situation. The equilibrium glide theory describes how flying squirrels glide by adding the forces 

of lift (L) and drag (D) to generate a resulting force (R) that is equal to and in the opposite direction of the flying squirrel's 

weight. Consequently, R offers the flying squirrel a constant-speed linear glide route (V). The optimization technique in this 

study is designed using an approximation of the gliding behavior. A flying squirrel will always fall at an angle 𝜙 to the 

horizontal and at a constant lift-to-drag ratio, also known as glide ratio. The proposed algorithm will get the optimal route path 

for efficient data transmission. By reducing their glide angle (𝜙), flying squirrels can lengthen their glide-path, increasing the 

lift-to-drag ratio. The air travelling over the wings in this case is deflected downward, creating lift. 
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Algorithm: 

Optimal Route Path selection employing modified squirrel search algorithm for the UWSN nodes is given below. The proposed 

algorithm will provide the optimal route path for energy efficient data transmission in underwater acoustic environment. 

1: Begin   

2: Do  

3: The population is initialized  

The location is initialized  

LSi = (LSi1, LSi2,…,LSid)  

where i=1,2,…,n 

 LSij = jth location of ith squirrel 

 n= population 

 dg =        hg  

tan(φ) × sf  

Where dg → Gliding distance  

hg → Gliding height = 8  

sf → Scaling factor = 18  

tan(φ) =  D  

   L  

Where tan (φ)→ gliding angle 

       D → drag force  

       L → Lift force  

D =        1  

       2ρV2SCD  

L =  1  

      2ρV2SCL 

Where ρ→ Air density =1.204 kg m-3 

 V → Velocity = 5.25 ms-1 

 S → Surface area = 154 cm2  

CD → Drag coefficient = 0.6  

CL→ Lift coefficient = random number between 0.675 and 1.5  

4: For each individual in population  

5: The fitness value is calculated (Classification accuracy)  

6: The Gbest value is calculated  

If (bestFit > Fit)  

Update bestFit as Gbest  

Else  

Update Fit as Gbest  

7: The position of parameters are updated based on Gbest value  

If r > Pdp  

    LSi 
t+1 = LSi 

t + dg × Gc × (Fh 
t − LSi 

t )  

     If (fitness of current squirrel < Gbest)  

           LSi = LSL + U(0,1) x Gbest (LSu – LSL)  

     Else  

Random location can be choosen  

     End IF 

End IF  

Where LSL and LSU = lower and upper bounds of squirrel  

8: End for 

9: If all individuals’ position is not updated  

10: Go to step 3  

11: Else  

12: The best parameter values are calculated based on Gbest value  

13: The seasonal transitional judgment is calculated and the position of individual is updated  

Sc 
t = √∑ k[1 

D (Fai,k 
t − Fh,k 

t ) 2    i = 1,2, … ,Nfs  

𝑆𝑚𝑖𝑛 =         10𝑒 −6 

 (365) 𝑡/ 𝑇/ 2.5 

 Where T → number of iterations 

If Sc 
t< Smin 

   Winter is over and season turns to summer  

Else  

    Season unchanged  

End if  

If season = summer and present in fh  

      Stay at the previously updated position  

Else if season =summer and present in fa  

    Update the position as like in below eq  
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 LSinew t+1 = LSL + Levy(n) × (LSU − LSL)  

Where Levy → random walk model  

Levy (x) = 0.01 × ra × σ  

                         |rb | 1/β  

Where β→ constant = 1.5  

σ =      ( Γ(1 + β) × sin( πβ /2 ) 1/ β 

        Γ ( 1 + β /2 ) × β × 2 ( β−1/ 2 ) )  

where Γ(x) = (x − 1)!  

14: End if  

15: Repeat till convergence reached  

16: End 

 

 IV PERFORMANCE EVALUATION 

With the aid of the MATLAB simulator, the 52 Energy Efficient High Performance Routing Protocol (MLEE-HPR) based on 

Machine Learning is compared with the existing methodologies like Energy Balanced and Lifetime Extended Routing Protocol 

(EBLE), the Mixed-Hop Transmission Approach (MHTA) and Deep Extreme Q-Learning Firefly Energy Efficient Routing 

(DEQLFER). In order to assess the performance of the suggested and traditional methodologies, metrics such as end-to-end 

latency, packet delivery ratio, energy consumption and network lifespan were taken into consideration. The simulation setup is 

shown in Table 3.1. 

Parameter  Values 

No. of Nodes 20 ~ 100 

Area Size 1100 X 1100 X 1100 m 

Simulation Time 60 sec 

Acoustic frequency 30 kHz 

Initial Energy 100 J 

Energy Consumption Ptx= 2W, Prx= 0.1W, Pidle= 

10mW 

Propagation Model UnderwaterPropagation 

Physical Model UnderwaterPhy 

MAC Protocol Broadcast Mac 

Transmission Range 250 m 

Data Packet Size 100 bytes 

Data Transfer Rate 100 kbps 

Rounds 1200 

 

The modified squirrel search algorithm is used to commence the path selection process from the Source Node (Node 1) to the 

Cluster Head (Node 29), and as shown in Figure 3.6, the distance for the best route path is calculated using Euclidean distance 

measure with the value of 37.5794. The optimal path is established from the Cluster Head (Node 29) to Sink Node (Node 51) 

with the Euclidean distance measure as 45.8997 are shown in Figure 3.7 along with their distance values. The value of the line 

is represented by an array called a graph (G). If a node is not linked to another node, the edge's value is 0. The source and 

destination denotes the source and sink nodes, respectively. Euclidean Distance = distance (graph, source, destination) (3.6) 
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Energy Consumption Analysis Energy consumption is referred to as the typical energy required for packet forwarding or 

receiving during a certain time period (Zhuo et al. 2018), is defined as in Eq. (3.8), 𝐸𝑛𝑒𝑟𝑔𝑦 (𝑒) = [(2 ∗ 𝑝𝑖 − 1)(𝑒𝑡 + 𝑒𝑟 )𝑑] (3.8) 

Where 𝑝𝑖 denotes the data packet i, 𝑒𝑡 denotes the energy used to transmit packet i and 𝑒𝑟 denotes the energy used to receive 

packet i. Here, the energy is determined based on the quantity of packets being communicated, the initial energy, as well as the 

energy used by the transmitted data. Figure 3.9 compares the energy utilisation of the suggested MLEE-HPR methods with the 

approaches currently used. 

 
The energy utilisation of the suggested MLEE-HPR approach is 27.49% less than the current DEQLFER approach. Therefore, 

it can be inferred from the results that the effectiveness of the suggested system is outstanding in terms of optimal energy usage 

with effective routing path using MLEE-HPR technique across the examined networks. 

 

V CONCLUSION 

 
Energy-efficient routing plays a major role in the underwater scenario, where the number of nodes distributed might consume 

more energy which will lead to a degraded network performance. This is rectified in this research work, finding the most 

optimal route path for the data transmission purpose with the concern of energy consumption. In the first method, fuzzy pareto 

optimality approach is used for generating multi-objective decision rules. Based on the derived probability, assignment of 

weights is done using modified SVM method. Here optimal route path selection is guaranteed by Modified Squirrel Search 

algorithm.  The configuration setup is implemented in the MATLAB simulation and it validates that, the suggested approach 

delivers greater performance compared to the current research approaches. From the numerical analysis, it is confirmed that the 

proposed method MLEE-HPR attains lesser end-to-end delay, elevated network lifetime, higher packet delivery ratio and 

considerably good amount of energy consumption is optimized. 

 

VI FUTURE ENHANCEMENT 

 
Providing security and privacy is among the most challenging duties for any network, including UWSNs. Due to their remote 

location, UWSN applications are highly susceptible to malignant attacks. In the absence of sufficient security, the entire UWSN 

system may be compromised, rendering all efforts futile. In the future, a method for securing the transit of underwater sensor 

nodes would be developed. Security and energy efficiency must therefore be balanced. Future research should investigate this 

avenue in an effort to find an effective means of enhancing network performance. 
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