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Abstract: Route optimization is one of the significant roles in ITS, as it enables dynamic changes in 

routes in real-time, based on traffic information. This would reduce travel time, decrease congestion, 

and minimize the environmental impact due to vehicle emissions. Many algorithms, particularly 

those inspired by nature, like the Ant Colony Optimization, Particle Swarm Optimization, Elephant 

Herding Optimization, Whale Optimization Algorithm, Grey Wolf Optimization, Shark Smell 

Optimization algorithms, have had success in enhancing efficiency in route optimization. These are 

all evaluated in hybrid forms here along with their independent forms to promote optimum traffic 

flow selection. The algorithms about the solution time, utilization of memory, iterations at which 

the solution was found as optimum, and iteration time of the best-iteration are implemented by 

using an artificial highway network that includes 15 nodes and 33 segments. This experimentation 

clearly illustrates how EHO is tending towards swiftness in finding an optimum at approximately 

0.1042 seconds while still consuming minimal memory. The GWO_PSO hybrid algorithm had 

balanced performance in route optimization, efficiently lowering computation time and memory 

consumption. The present study shall contribute to further insights into selecting an appropriate 

algorithm for each optimization goal with regard to ITS by considering system efficiency and the 

reduction of environmental impacts. 
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1. Introduction    

Due to the possibility of dynamic changing of route depending on traffic data in real 

time, route optimization has become essential for modern Intelligent Transport Systems 

(ITS). This system allows passengers to reduce travel time, improve productivity, and 

reduce the negative impact of vehicle emissions on the environment. of effectively predict 

traffic conditions and provide valuable guidance to drivers, it is crucial to have accurate 

and up-to-date traffic information. This helps to alleviate congestion, enhance road 

capacity, and improve overall travel comfort [1] . The goal of path optimization is to get 

traffic flowing through road networks better to solve urban congestion. This reduces 

traffic delays and pollution from vehicle emissions. Real-time dynamic path optimization, 

which uses data-driven decision-making to improve transportation efficiency, has become 

the solution to the complexity of traffic problems [2]. (ITS) have become an essential part 

of urban infrastructure, providing practical answers to traffic issues that hinder mobility 

and negatively impact human life. A key component of these systems is route 

optimization, which improves mobility efficiency, reduces travel time, vehicle pollution 
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and energy consumption [3]. Intelligent transportation systems rely on advanced 

algorithms of artificial intelligence technologies, the most important of which are swarm 

intelligence technologies such as (ACO, PSO, EHO, WOA, GWO, SSO) to find ideal 

solutions to traffic problems [4], [5], [6]. Path optimization also addresses multiple 

objectives, such as reducing travel distance and time, while improving traffic distribution 

to avoid congestion and ensure safety [7]. There's a real and deep necessity for real-time 

and accurate road section information for the purpose of efficiently managing traffic and 

this is then coupled with trip planning and dynamic decision-making. The whole plan of 

dynamic multi-objective road planning models focuses on the most important parameters 

of the system, like traffic flow, journey time, and path length. This model calculates 

comprehensive weight-influencing elements by integrating AHP, entropy theory, and 

PSO. 

In ITS, dynamic path optimization is a very important area of study for route planning 

by incorporating real-time traffic data into predictive analytics. Algorithm refinement in 

this respect has advanced considerably in 2018, Wei et al. came up with an updated 

version of the Dijkstra algorithm with traffic prediction models. This improved the 

accuracy and computational efficiency under dynamic traffic conditions. Zhang et al. 

(2020) developed an elaborate A* algorithm that seeks to balance the efficiency and 

stability of search by incorporating machine learning to adapt to real-time traffic 

variances. Among the evolutionary algorithms, Sharma et al.  have proposed a hybrid 

Genetic Algorithm and Deep Reinforcement Learning for the optimization of dynamic 

routes in the year 2021. It has drastically reduced travel time as well as computational 

cost. Meanwhile, Li et al. (2022) Improved the standard Ant Colony Optimization by 

incorporating real-time traffic characteristics, such as signal timings and congestion levels, 

yielding faster convergence to better route choices. Yang et al. (2023) integrated ACO with 

Swarm Intelligence methods further for solving TSP in dynamic settings. The hybrid 

methods have also evolved considerably. For path planning with multiple vehicles, Che 

et al. combined (ACO-PSO) in 2020. This resulted in faster execution times and reduced 

energy consumption. Wang et al. (2022) consider urban traffic systems and use ACO to 

develop a WOA-based hierarchical optimization framework that was verified with actual 

data. Very recently, trajectory planning for autonomous vehicles in real-time based on 

Reinforcement Learning combined with ACO has been proposed by Zhao et al. (2022), 

with promising results in high-density traffic conditions. Chen et al. (2023) have presented 

a hybrid (PSO-GWO) technique that has much lower computational cost and is intended 

for collision avoidance in autonomous vehicle navigation. These pieces demonstrate the 

effective integration of artificial intelligence and conventional optimization methods, and 

the latest advancements in dynamic path optimization. Future research will be needed to 

provide more understanding of real-time performance, computational economy, and 

adaptability in the case of more complicated traffic situations. 

2. Materials and Methods 

2.1 Dynamic Path Mult objective Programming Model 

Most route optimization techniques only take into account one criterion, such as 

choosing the shortest travel distance or minimizing travel time. According to surveys 

conducted in places such as Munich, Paris, and London, travelers often prefer more than 

one criterion. For example, when choosing the best route, 71% of travelers in Munich and 

42% in London and Paris consider take into account the smallest journey time and 

distance, while fewer travelers focus on just one factor [8]. This underscores the 

importance of including a variety of elements in route optimization. A dynamic multi-

objective planning model has been developed with three main goals in mind:(1) Path 

length: To find the road network's shortest route between two places [9],2) Travel time: 

To guarantee a decrease in the amount of time required to get at the destination 

[10])3)Traffic flow: To prevent congestion by optimizing traffic distribution throughout 

the network[11].With 543 valid responses, we conducted a survey using conventional 

methods and also used QQ and WeChat for the same purpose of understanding these 

preferences. In making path selection, some of the major variables affecting respondents' 
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decisions were the path length, trip time, traffic flow, road conditions, intersections, and 

weather. Statistical analysis also revealed that the primary factors influencing path 

optimization are path length, journey duration, and traffic flow. Such characteristics 

must be taken into account in this dynamic traffic network [12]. Based on this model, 

accurate traffic data should be collected in real time and analyzed quickly using a hybrid 

analytical model of (Analytical Hierarchy Process (AHP), Entropy Theory and PSO) [13]. 

These strategies help a person in picking the best option by reducing ITS variance in 

different goals to weighted considerations [14]. These are foreseen to raise transportation 

efficiency considerably and bring down the environmental impacts of traffic because of 

technological breakthroughs and because of the rise in need felt for intelligent solutions. 

[15].  

2.1.1 Analytical Hierarchy Process (AHP) 

        The AHP was founded by Thomas Saaty in the 1970s as an organized way to tackle 

complicated problems by dividing them into Layers. It permits serious consideration of 

the factors that influence the solution and the interrelations among these factors [16]. In 

this study, AHP is used to assess and rank through pairwise comparisons three key 

variables: path length, travel duration, and traffic flow. AHP provides a rational 

framework for the systematic evaluation of the importance of aspects relative to one 

another through pairwise comparisons and weight computations. 

2.1.2 Entropy Theory 

         Entropy is a-value based method for weighting data in multi-criteria Decision-

Making. The theory of information defines the measure of disorder or randomness from 

a set of options, Entropy analyzes the influence of the distribution of values for many 

indicators on weight., The objectivity lies in the removal of subjective biases in decision-

making based on already available information that has been presented objectivity. 

Indicators that vary greatly are usually weighted heavily, whereas those with similar 

values show high Entropy and suggest lower merit [17]. 

2.1.3 Method of Calculating Weight 

         Combining entropy theory and AHP is a reflexive compromise between objective 

data analysis and expert opinion. Entropy theory is unbiased as it allows comparison of 

consistency and variability of the data while AHP depends on domain knowledge to 

dictate the relative importance of the various elements. This integration improved the 

robustness and comprehensiveness of weight assignment. 30% of the weights were 

distributed by entropy theory and 70% by the AHP using α=0.7 as the mixing ratio. The 

computed weights now serve as by Equation (1) 

𝑾𝒊 = 𝒂 ∗  𝑾𝒊
𝑨𝑯𝑷  +  (𝟏 −  𝒂)  ∗  𝑾𝒊

𝐞𝐧𝐭𝐫𝐨𝐩𝐲 
    (𝟏) 

Having optimized weights by minimizing the error through PSO and maximizing their 

accuracy, the final weight values are: Wfinal= [0.2096,0.2533,0.5370]. 

Thus, with the distinguishing features from AHP, entropy theory, and PSO, this 

integration gives birth to a high-performance and highly reliable weight computation 

scheme. 

2.1.4 Measuring The Influencing Elements 

         The methodology looks into traffic flow, travel time, and the length of the path to 

ensure that a tariff structure passes these optimizations. The extremum being based on 

the range from 0 to 1 will ensure that dimensionless comparability exists by Equation (2) 

𝐗𝐢
′ =

𝐗𝐢

𝐦𝐚𝐱(𝐗𝐢)
 (𝟐)  

X_i^': normalized value of Xi: with max (Xi):  as scaling reference. 

Combining expert opinion with data analysis, the Uniformed Intelligence process 

estimates weights for various impacts. The full weight of each path by Equation (3): 

𝑆𝑖𝑗 = 𝑊1 ∗ 𝐷𝑖𝑗 + 𝑊2 ∗ 𝑇𝑖𝑗 + 𝑊3 ∗ 𝑁𝑖𝑗   (3) 
Sij: The comprehensive weight-influencing factor for path i and criteria j, Dij: The 

normalized value of the path length for path i, Tij: The normalized value of the travel 

time for path i, Nij: The normalized value of the traffic flow for path i, (W1, W2, W3): The 

respective weights for path length, travel time, and traffic flow. 
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Using PSO improved these weights, establishing maximum values= 

[0.2096,0.2533,0.5370]. Built into one, this scheme fuses together PSO optimization, data 

properties, and expertise info to provide a realistic path optimization frame in a properly 

balanced manner. 

2.2 Algorithms Used 

        This study improves pathfinding algorithms through the use of artificial intelligence 

methods with special focus on both mono and hybrid models for better performance of 

the solution. Several strategies are employed in the study and there is evaluation strategy 

of efficiency, convergence time and quality of the solution provided. The evaluation of 

the strategies will be done through results comparison and analysis which will enable an 

innovative and effective solution for the optimal pathfinding problem in communication 

and transportation systems. 

2.2.1 Ant Colony Optimization (ACO) 

          An example of a metaheuristic is primarily applied by combinatorial optimization 

problems and took its inspiration from the foraging habits of natural ant colonies. 

Artificial ants collaborate to select the best course in a network by simulating how actual 

ants find the shortest path between their colony and a food source. Each ant drops 

pheromones according to the quality of its solution, to direct other ants toward 

promising areas of the search space. This collective behavior eventually converges to 

near-optimal solutions [18]. 

Steps of The ACO Algorithm 

 Initialization: number of ants, pheromone levels, Pheromone influence (Controls 

pheromone attraction α = 0.7), Distance influence (Attractiveness based on path metrics 
𝟏

(𝐰𝟏 ∗ 𝐩𝐚𝐭𝐡𝐋𝐞𝐧𝐠𝐭𝐡𝐍𝐨𝐫𝐦 + 𝐰𝟐 ∗ 𝐭𝐫𝐚𝐯𝐞𝐥𝐓𝐢𝐦𝐞𝐍𝐨𝐫𝐦 + 𝐰𝟑 ∗ 𝐭𝐫𝐚𝐟𝐟𝐢𝐜𝐅𝐥𝐨𝐰𝐍𝐨𝐫𝐦)
Pheromone 

evaporation rate (Determines pheromone decay ρ = 0.5). 

 Solution Construction: Each ant iteratively constructs a path by choosing the next step 

through the action of pheromone level and attractiveness according to Equation (4) 

𝑷𝒊𝒋 =
𝑻𝒊𝒋

𝒂 ∗ 𝜼𝒊𝒋
𝜷

∑ 𝑻𝒊𝒋
𝒂 ∗ 𝜼𝒊𝒋

𝜷
𝒌𝝐𝒂𝒍𝒍𝒐𝒘𝒆𝒅

          (𝟒) 

𝑃𝑖𝑗 = is the probability of moving from one location to another, 𝑇𝑖𝑗
𝑎 = pheromone level 

between i and j, 𝜂𝑖𝑗
𝛽

 = 
1

𝑑𝑖𝑗
 is the path's 

attractiveness, based on the inverse of the distance between locations. 

Update of Pheromone: Once every ant has followed its route, use Equation to update 

the pheromone (5) 

𝑻𝒊𝒋 = (𝟏 − 𝒑) ∗ 𝑻𝒊𝒋 + ∑ △ 𝑻𝒊𝒋
𝒌

𝒎

𝒌=𝟏
       (𝟓) 

Tij Pheromone level between i and j, p: Pheromone evaporation rate, △ 𝑇𝑖𝑗
𝑘 =

𝑄

𝐿𝑘
  

Pheromone by ant k based on path length Lk.  

Iteration: Repeat for 25 iterations or when improvements in the best solution become 

negligible. 

Final Solution: The best path stored as globalBestPosition with its quality measured as 

globalBestScore is the solution. 

2.2.2 Particle Swarm Optimization (PSO) 

It contains set of particles , each particle is representing candidate solution in speed and 

a suitability function to enhance its position. PSO is a simple algorithm with no 

requirements on derivative information about the optimization function and just 

requires a few straightforward mathematical operations [19]. 

Steps of the PSO Algorithm: 

Initialization: Represent and distribute the particles randomly and give the initial 

speeds. 

Evaluation of Fitness: The representative and weights of a particle determine its fitness. 
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Velocity Update: Equation (6) uses the global speed (gBest) and the personal best speed 

(pBest): 

𝑽𝒊  = 𝒄𝟐 ∗ 𝒓𝟐 ∗ (𝒈𝑩𝒆𝒔𝒕 − 𝑿𝒊)  + 𝝎 ∗ 𝑽𝒊 + 𝒄𝟏 ∗ 𝒓𝟏 ∗ (𝒑𝑩𝒆𝒔𝒕𝒊 − 𝑿𝒊)   (𝟔) 
 

ω: Inertia weight 𝑐1, 𝑐2:  pBest and gBest coefficients, 𝑟1, 𝑟2: Random (0 and 1). 

 

Position Update: Particle positions are adjusted based on their velocities by Equation (7): 

𝑿𝒊
𝒏𝒆𝒘 = 𝑿𝒊

𝒐𝒍𝒅 + 𝑽𝒊             (𝟕) 
X_i^new: Particle i updated position, X_i^old: Its old position, V_i: velocity updated 

using Equation (6). 

Update best values: Update pBest and gBest according to the best values obtained. 

Iteration: Repeat for 25 iterations or there is no improvement in the best values. 

The Solution: Global best position based on global Best Score. 

2.2.3 Elephant Herding Optimization (EHO) 

       Wang presented a swarm-based metaheuristic in 2015. It was motivated by the way 

elephants’ herd within clans  [20], [21]. A synopsis of the herding behavior is as follows: 

1. Several female elephants and their offspring form clans, which are smaller groups 

within the swarms of elephants[20], [21]. 

2. Each clan is headed by an adult female, known as the matriarch [20], [21]. 

3. A male calf in a clan leaves the group when it reaches adulthood [20], [21]. 

Steps of the EHO Algorithm 

Initialization: representation and position of each elephant will be done randomly.  

Fitness Evaluation: Calculate the fitness score of every elephant in view of the minimum 

total cost weighted in path length, travel time, and traffic flow.  

Clan Grouping: Segregate the elephants into subgroups, usually clans, which 

cooperatively work towards optimizing the solution. 

Position Update: Using Equation (8), update each elephant's location in relation to the 

best and center of the clan. 

𝑿𝒊𝒋
𝒕+𝟏 = 𝑿𝒃𝒆𝒔𝒕,𝒋

𝒕 + 𝒂 ∗ (𝑿𝒊𝒋
𝒕 − 𝑿𝒄𝒆𝒏𝒕𝒆𝒓,𝒋

𝒕 ) ∗ 𝒓         (𝟖) 
 

𝑋𝑖𝑗
𝑡 : position of elephant i, 𝑋𝑏𝑒𝑠𝑡,𝑗

𝑡 : Best elephant in the clan, 𝑋𝑐𝑒𝑛𝑡𝑒𝑟,𝑗
𝑡 : clan center, 𝑎: 

learning rate, 𝑟: random value in [0,1]. 

Migration Separation Factor: Replace the worse solution by random solution in order to 

maintain the diversity in solution space as indicated in Equation (9). 

𝑿𝒘𝒐𝒓𝒔𝒕 = 𝑿𝒏𝒆𝒘 𝒓𝒂𝒏𝒅𝒐𝒎           (𝟗) 
𝑋𝑤𝑜𝑟𝑠𝑡 : is the current solution of the worst elephant, i.e., the elephant with 

the longest tour, 𝑋𝑛𝑒𝑤 𝑟𝑎𝑛𝑑𝑜𝑚  : is a newly generated random solution, created by 

randomly shuffling the cities to form a new tour. 

Global Best Update: Update the tracked best solution. 

Iteration: Repeat from step 4 until convergence or maximum 25 iterations. 

Final Solution: Store the optimal path as output (Global best position). 

2.2.4 Grey Wolf Optimization (GWO) 

IBy initializing positions, assessing fitness, and updating according to Alpha, Beta, and 

Delta, it replicates the hunting and hierarchy of grey wolves. Exploration and 

exploitation are balanced throughout the process, and after the maximum number of 

repetitions, Alpha is the best answer [22]. 

Steps of the GWO Algorithm 

Initialization: Define an objective function (e.g., maximizing traffic flow or minimizing 

distance) after setting a population of wolves as random solutions in the search space. 

Evaluate the Wolves: In order to rank the wolves (Alpha (α): best solution, Beta (β): 

second-best, Delta (δ): third-best, and the remaining wolves are Omega (ω)), evaluate 

each wolf's fitness using scorei=f(xi) (objective function value). 

Update Positions: Update wolves' positions based on Alpha, Beta, and Delta by Equation 

(8,9,10,11,12,13): 
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Distance to Alpha: Da= |C1 * Xa – Xi(t)∣ (8) 

Distance to Beta: Dβ = |C2 * Xβ – Xi(t)∣ (9) 

Distance to Delta: Dδ = |C3 * Xδ – Xi(t)∣ (10) 

X1=X_a-A1*〖D 〗_a (11) 

``aX2= 〖X 〗_β-A2* 〖D 〗_β (12) 

X3= X_δ  -A3* 〖D 〗_δ (13) 

A1, A2, A3 are random factors calculated 𝐴 = 2 ∗ 𝑎 ∗  𝑟𝑎𝑛𝑑 ()  − 𝑎  
The updated position by Equation 14: 

𝑿𝒊(𝒕 + 𝟏) =
𝑿𝟏 + 𝑿𝟐 + 𝑿𝟑

𝟑
                (𝟏𝟒) 

Exploration and Exploitation Balance: Balance controlled by a, Where, over iterations, 

drops linearly from 2 to 0. calculated by 𝑎 =  2 − 
2 ∗ 𝑡

𝑚𝑎𝑥𝐼𝑡𝑒𝑟
 where t is the current 

iteration 

Final Solution: After completing the iterations, the solution provided by the Alpha wolf 

is considered the best solution: optimal Solution=Xα 

Iteration: Repeat until convergence or reaching maximum iterations (e.g., 25). 

Final Solution: The Alpha wolf's position 𝑋𝛼 represents the best solution. 

2.2.5 Whale Optimization Algorithm (WOA) 

Was first presented in 2016 by Andrew Lewis and Seyedali Mirjalili, and it Inspired by 

natural hunting habits of whales [4]. Whale hunting characteristics like spiral update, 

encircling prey, and random search are the basis for the algorithm. 

Steps of the WOA Algorithm 

Initialization: Random assignment of the whales' positions to the solutions of the search 

space. 

Whales Fitness Evaluation: Assess the whales for their fitness with respect to the 

objective function. 

Update Encircling Prey: Whales converge to the optimum with by equation    15: 

𝑿𝒔𝒅
(𝒕 + 𝟏) = 𝑿𝒃𝒅

(𝒕) − 𝑨 ∗ 𝑫(𝟏𝟓) 

𝑋𝑠𝑑
(𝑡 + 1) : the whale's position at iteration t+1 and  𝑋𝑏𝑑

(𝑡) : he best whale's position, A 

controls movement,  𝐷 =  |𝐶 ∗ 𝑋𝑏𝑑
(𝑡) − 𝑋𝑠𝑑

(𝑡)|  with  C as random factor between 0 and 

2. 

Spiral Movement: If close to the optimal solution, whales spiral around it by equation    

16: 

𝑿𝒔𝒅
(𝒕 + 𝟏) = 𝑿𝒃𝒅

(𝒕)  + 𝑫𝒃  ∗  𝒆𝒙𝒑(𝜷𝒍)  ∗ 𝐜𝐨𝐬(𝟐𝝅𝒍)         (𝟏𝟔) 

𝐷𝑏 : distance to the best solution, β  defines the spiral, l: random number between -1 and 

1. 

Random Search: Whales randomly explore using equation    17: 

𝑿𝒔𝒅
(𝒕 + 𝟏) = 𝑿𝒓𝒂𝒏𝒅𝒅

(𝒕) − 𝑨 ∗ 𝑫      (𝟏𝟕) 

𝑋𝑟𝑎𝑛𝑑𝑑
(𝑡): random whale's position, D is the distance to it. 

Iteration: Repeat until convergence or maximum iterations are reached (25). 

Final Solution: The position of the best whale represents the global optimum solution 

2.2.6 Shark Smell Optimization (SSO): 

         Is based on the natural foraging habits of sharks. Underlying idea of SSO is 

motivated by the tracking and sniffing methods employed by Sharks to reach their prey. 

One variety of swarm intelligence-based algorithms, SSO has been applied to find the 

global optimization problems effectively [7],Important Actions 1-Sharks randomly sniff 

to find stronger scents and better solutions.2) A shark tracks by swimming towards 

increasingly powerful odors in order to home in on that food. 3) These sharks, when 

attacking, precisely position themselves close to the prey.  

Steps of the SSO Algorithm 

Initialization: number of sharks(N), positions (Xi) and the objective function (F(Xi)) 

Sniffing (Exploration): Sharks explore randomly by equation 18: 

𝑿𝒊(𝒕 + 𝟏) = 𝑿𝒊(𝒕) + 𝒂 ∗ 𝒓𝒂𝒏𝒅(). 𝒅                (𝟏𝟖) 
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α= Exploration rate and d: Direction of random movement. 

Tracking: Sharks move toward the best solution by following equation 19: 

𝑿𝒊(𝒕 + 𝟏) = 𝑿𝒊(𝒕) + 𝜷 ∗ (𝑿𝒃𝒆𝒔𝒕 − 𝒙𝒊(𝒕))       (𝟏𝟗)β: Tracking rate. 

Attacking (Fine Adjustment): Sharks refine their position by equation 20: 

𝑿𝒊(𝒕 + 𝟏) = 𝑿𝒊(𝒕) + 𝛄 ∗  𝛁𝐅(𝑿𝒊(𝐭))       (𝟐𝟎)γ: Attack rate, ∇F(X_i (t)): gradient at 

the current position. 

Iteration: Repeat steps until convergence or maximum iterations (25). 

Final Solution: Store the global best position as the optimal solution. 

2.3 Hybrid Optimization Models 

        Hybrid optimization models address individual limits by incorporating the 

strengths of various methods. They combine exploration and exploitation skills to yield 

powerful responses to tough problems. Their application domains include multi-

objective problems, energy management, and traffic planning. For example, EHO [20], 

[23], pays more attention to the refinement of the local search, while GWO [24], has 

performed well in global search due to its hierarchical structure and hunting strategy. As 

shown from Table 1, the hybrid of both techniques’ amends both the local optimization 

and global exploration: GWO_EHO.  

 

Table 1. Weaknesses and Limitations of Algorithms. 

Algorithm Weaknesses and Limitations 

ACO 
Rapid pheromone evaporation causes slow convergence and decreased performance in 

large-scale issues [25], [26].  

PSO 
Complex multimodal problems with premature convergence that is extremely sensitive 

to parameter tweaking[2], [27] 

EHO 
Restricted investigation; in high-dimensional spaces, prone to local optima [21], [28]

  

WOA 
exploitation is difficult to balance, and performance suffers in dynamic situations [4]

  

GWO 
Later iterations will have less diversity, there is a chance of premature convergence [24].

  

SSO 
High computational cost in vast search areas; vulnerable to local optima during 

deterministic exploitation[29], [30]  

 

2.3.1 GWO_EHO 

        In order to preserve the equilibrium between exploration and exploitation, a mix of 

EHO's improved exploration and GWO's collective leadership. This enhances diversity, 

decreases premature convergence, and improves the quality of solutions for high-

dimensional, difficult problems. 

Integration of GWO and EHO: 

1. Division Clans (EHO): Based on social behavior, agents are grouped into clans for 

local optimization. There are a certain number of agents in each clan by equation 21: 

agentsPerClan =numAgents/numClans      (21) 

2. Updating Positions Using GWO As described in Section 2.2.4 positions are updated 

using influence factors (A and C) in addition to alpha, beta, and delta agents.  

3. Updating Positions Using EHO: Equation 22 states that the position of the clan center 

is established by averaging the positions of the agents within the clan, and that each 

agent's location is updated based on the center and a random impact factor 

𝐂𝐥𝐚𝐧𝐂𝐞𝐧𝐭𝐞𝐫 =
∑ 𝐩𝐨𝐬𝐢𝐭𝐢𝐨𝐧𝐬(𝐢)𝒆𝒏𝒅

𝒊=𝒔𝒕𝒂𝒓𝒕

𝒂𝒈𝒆𝒏𝒕𝒔𝑷𝒆𝒓𝑪𝒍𝒂𝒏
 

NewPositionEHO = {
ClanCenter +  r ∗ (ClanCenter −  positions(i))    if r < 0.5

ClanCenter −  r ∗ (ClanCenter −  positions(i))    if r > 0.5
        (22) 
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4. Combining Updates from GWO and EHO: Each agent's ultimate position is 

determined by averaging the positions determined by (GWO_EHO). This guarantees 

that exploration (GWO) and exploitation (EHO) are balanced by equation 23. 

𝐍𝐞𝐰𝐏𝐨𝐬𝐢𝐭𝐢𝐨𝐧 =  
𝐍𝐞𝐰𝐏𝐨𝐬𝐢𝐭𝐢𝐨𝐧𝐆𝐖𝐎 + 𝐍𝐞𝐰𝐏𝐨𝐬𝐢𝐭𝐢𝐨𝐧𝐄𝐇𝐎 

𝟐
 (𝟐𝟑)      

 
  

2.3.2GWO_PSO 

PSO and GWO are combined to strike a balance between exploration and exploitation. 

Swarm intelligence improves convergence in PSO, whereas in GWO, convergence 

depends on social hierarchy for guiding the solution. This hybrid approach avoids early 

convergence and provides more reliable and accurate solutions to complex problems. 

Integration of GWO and PSO:  

Updating Positions Using GWO As described in Section 2.2.4 positions are updated 

using influence factors (A and C) in addition to alpha, beta, and delta agents.  

Updating Positions using PSO (Particle Update): are performed based on the 

methodology described in Section 2.2.2. 

Merging Updates between GWO and PSO: After updating positions using both GWO 

and PSO, the improved positions are merged by calculating the average of the positions 

obtained from both algorithms using the following equation 24 

𝐍𝐞𝐰𝐏𝐨𝐬𝐢𝐭𝐢𝐨𝐧 =  
𝐍𝐞𝐰𝐏𝐨𝐬𝐢𝐭𝐢𝐨𝐧𝑮𝑾𝑶 + 𝐍𝐞𝐰𝐏𝐨𝐬𝐢𝐭𝐢𝐨𝐧𝑷𝑺𝑶

𝟐
     (𝟐𝟒) 

 

1) Initialize: Define (numAgents, numClans, maxIterations, lowerBound, upperBound) 

and randomly initialize agent positions within boundaries. 

2) Divide agents into clans: Calculate agentsPerClan: using equation (21) 

3) Evaluate initial fitness: Identify Alpha, Beta, and Delta leaders. 

4) Main loop (t = 1 to maxIterations): 

• For each agent “Update positions using GWO”: Compute new position 

influenced by Alpha, Beta using equation (14), and Delta.Store as 

NewPositionGWO.  

• For each clan “Update positions using EHO”: Calculate clan center as the mean 

of agent positions using equation (22), Update positions relative to clan center 

with random influence and Store as NewPositionEHO  

5) For each agent “Combine GWO and EHO updates”: Calculate New Position using 

equation (23) and Ensure New Position is within boundaries  

6) Evaluate fitness: Update Alpha, Beta, Delta leaders if better solutions are found. 

7) Return: Best solution (Alpha position) and corresponding fitness value. 
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2.3.3 SSO_GWO 

      The integration of SSO and GWO combines the benefits of both algorithms. 

Considering that GWO drives the search through a social hierarchy to refine locally, SSO 

makes sure of powerful global exploration. This hybrid, therefore, balances both 

exploration and exploitation in complicated dynamic problems such as traffic flow 

optimization. It minimizes premature convergence while improving the precision of 

solutions 

Integration of GWO and SSO: 

Updating Positions using SSO): are performed based on the methodology described in 

Section 2.2.6. 

Updating Positions Using GWO As described in Section 2.2.4 positions are updated 

using influence factors (A and C) in addition to alpha, beta, and delta agents.  

Merging Updates between GWO and SSO: After updating positions using both GWO 

and SSO, the improved positions are merged by calculating the average of the positions 

obtained from both algorithms using the following equation 25 

𝐍𝐞𝐰𝐏𝐨𝐬𝐢𝐭𝐢𝐨𝐧 =  
𝐍𝐞𝐰𝐏𝐨𝐬𝐢𝐭𝐢𝐨𝐧𝑮𝑾𝑶 + 𝐍𝐞𝐰𝐏𝐨𝐬𝐢𝐭𝐢𝐨𝐧𝑺𝑺𝑶

𝟐
     (𝟐𝟓) 

 

1) Initialize: Define (num_particles, num_iterations, w, c1, c2, a, lowerBound, 

upperBound), Randomly initialize particle positions and velocities within 

boundaries and evaluate initial fitness: Identify Alpha, Beta, and Delta 

leaders. 

2) Main loop (t = 1 to maxIterations): 

• For each particle “Update positions using GWO”: Compute new 

position influenced by Alpha, Beta using equation (14), and Delta.Store 

as NewPositionGWO.  

• For each particle “Update positions using PSO”: are performed based 

on the methodology described in Section 2.2.2.and Store as 

NewPositionPSO  

3) For each particle “Combine GWO and PSO updates”: Calculate New 

Position using equation (24) and Ensure New Position is within boundaries  

4) Evaluate fitness: Compute fitness for the updated position, Update pBest and 

gBest for PSO if a better solution is found. Update Alpha, Beta, Delta leaders 

if better solutions are found. 

5) Return: Best solution (Alpha position) and corresponding fitness value. 



 913 
 

  
Central Asian Journal of Medical and Natural Science 2025, 6(3), 904-919.                https://cajmns.centralasianstudies.org/index.php/CAJMNS 

 
 

2.3.4 WOA_GWO 

Hybrid WOA/GWO benefits from both methods: while spiral encirclement in WOA 

favors exploration, the social hierarchy in GWO favors maximization of exploitation. 

Such an approach will provide more accurate and reliable solutions to complicated, 

multidimensional optimization problems without early convergence. 

Integration of GWO and WOA: 

Updating Positions using WOA): are performed based on the methodology described 

in Section 2.2.5. 

Updating Positions Using GWO As described in Section 2.2.4 positions are updated 

using influence factors (A and C) in addition to alpha, beta, and delta agents.  

Merging Updates between GWO and WOA: Positions are updated using a probabilistic 

mechanism based on a random factor p: 

1. If p<0.5 the WOA spiral update is applied. 

2. Otherwise, the GWO hierarchical guidance is used. 

 

 

Initialize: Define (numSharks, numWolves, maxIter, numLocations), Randomly 

initialize shark positions and wolf positions within boundaries and evaluate 

initial fitness: Identify Alpha, Beta, and Delta leaders. 

1) Main loop (t = 1 to maxIterations): 

• For each shark “Update positions using SSO”: are performed based on 

the methodology described in Section 2.2.6.and Store as 

NewPositionSSO  

• For each wolf “Update positions using GWO”: Compute new position 

influenced by Alpha, Beta using equation (14), and Delta.Store as 

NewPositionGWO.  

2) For each shark (or wolf) “Combine GWO and SSO updates”: Calculate New 

Position using equation (25) and Ensure New Position is within boundaries  

3) Evaluate fitness: Compute fitness for the updated position, Update the best 

positions (pBest, gBest) and Alpha, Beta, Delta leaders if found solution. 

4) Return: Alpha position and corresponding fitness value. 
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2.3.5 SSO_PSO 

SSO balances exploration and exploitation by the combination of SSO and PSO. SSO 

investigates many regions that can promise an accurate and reliable solution for the 

traffic flow optimization problem, while PSO improves the solutions to accelerate the 

convergence. 

Integration of SSO and PSO:  

Updating Positions using SSO: are carried out using the approach outlined in Section 

2.2.6. 

Updating Positions using PSO (Particle Update): are carried out using the approach 

outlined in Section 2.2.2. 

Merging Updates between SSO and PSO: Merge updates between PSO and SSO: After 

updating positions using both PSO and SSO, the optimized positions are merged using 

the following equation 26 
𝐧𝐞𝐰𝐏𝐨𝐬𝐢𝐭𝐢𝐨𝐧 =  𝐚𝐥𝐩𝐡𝐚 ∗  𝐩𝐨𝐬𝐢𝐭𝐢𝐨𝐧 𝐒𝐒𝐎 +  (𝟏 −  𝐚𝐥𝐩𝐡𝐚)  ∗  𝐩𝐨𝐬𝐢𝐭𝐢𝐨𝐧𝐏𝐒𝐎       (𝟐𝟔) 

 
 

1) Initialize: Define (numAgents, maxIter, numLocations, a, b, etc.), randomly 

initialize positions agents (representing whales and wolves) within 

boundaries and evaluate initial fitness: Identify Alpha, Beta, and Delta 

leaders. 

2) Main loop (t = 1 to maxIterations): 

• For each agent “Update positions using WOA”: are performed based 

on the methodology described in Section 2.2.5.and Store as 

NewPositionWOA 

• For each agent “Update positions using GWO”: Compute new position 

influenced by Alpha, Beta using equation (14), and Delta.Store as 

NewPositionGWO.  

3) For each agent “Combine GWO and PSO updates”: Combine the positions 

from WOA and GWO updates probabilistically using 

NewPosition = {
NewPositionWOA , IF P < 0.5

NewPositionGWO , otherwise 
 

4) Evaluate fitness: Compute fitness for the updated position, Update the best 

positions (pBest, gBest) and Alpha, Beta, Delta leaders if a better solution is 

found, Store the best scores and update convergence metrics if required. 

5) Return: Best solution (Alpha position) and corresponding fitness value. 

1) Initialize: Define (numSharks, num_particles, num_iterations, w, c1, c2, 

maxIter, numLocations) and randomly initialize shark positions and particle 

positions and velocities within boundaries 

2) Main loop (t = 1 to maxIterations): 

• For each shark “Update positions using SSO”: are carried out using the 

approach outlined in Section 2.2.6.and Store as NewPositionSSO  

• For each particle “Update positions using PSO”: are carried out using 

the approach outlined in Section 2.2.2.and Store as NewPositionPSO  

3) For each shark (or particle) “Combine GWO and PSO updates”: Calculate 

New Position using equation (26) and Ensure New Position is within 

boundaries  

4) Compute fitness for the updated position, Update the best positions (pBest, 

gBest) “Evaluate fitness” 

5) Return: Best solution (best position) and corresponding fitness value. 
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2.3.6 SSO_WOA 

It strikes Finding equilibrium between exploration and exploitation. WOA quickly 

discovers optimal solutions, while SSO will explore different areas, thus resulting in 

accurate and reliable traffic flow optimization. 

Integration of SSO and WOA:  

Updating Positions using SSO: are carried out using the approach outlined in Section 

2.2.6. 

Updating Positions using WOA: are carried out using the approach outlined in Section 

2.2.5. 

Merging Updates between SSO and PSO: Merge updates between PSO and SSO: After 

updating positions using both PSO and SSO, the optimized positions are merged using 

the following equation 27 
𝐧𝐞𝐰𝐏𝐨𝐬𝐢𝐭𝐢𝐨𝐧 =  𝐚𝐥𝐩𝐡𝐚 ∗  𝐩𝐨𝐬𝐢𝐭𝐢𝐨𝐧 𝐒𝐒𝐎 +  (𝟏 −  𝐚𝐥𝐩𝐡𝐚)  ∗  𝐩𝐨𝐬𝐢𝐭𝐢𝐨𝐧𝐖𝐎𝐀       (𝟐𝟕) 

 

 
 

2.3.7 WOA_PSO 

In contrast, the hybridization of PSO and WOA balances exploration, involving the 

discovery of new sections of the solution space, and exploitation concerning quicker 

refinement to solution. Based on incorporating the advantages in both PSO and WOA, 

the optimization of traffic flow improves and ensures the acquisition of more precise and 

trustworthy findings. 

Integration of WOA and PSO: 

Updating Positions using WOA: are carried out using the approach outlined in Section 

2.2.5. 

Updating Positions using PSO (Particle Update): are carried out using the approach 

outlined in Section 2.2.2. 

Merging Updates between WOA and PSO: Merge updates between PSO and WOA: 

After updating positions using both PSO and WOA, the optimized positions are merged 

using the following equation 28 
newPosition =  alpha ∗  position WOA + (1 −  alpha)  ∗  positionPSO       (28) 

 

1) Initialize: Define (numAgents, maxIter, numLocations) and Randomly 

initialize Agents positions within boundaries 

2) Main loop (t = 1 to maxIterations): 

• For each agent “Update positions using SSO”: are carried out using 

the approach outlined in Section 2.2.6.and Store as NewPositionSSO  

• For each agent “Update positions using WOA”: are carried out using 

the approach outlined in Section 2.2.5.and Store as NewPositionWOA 

3) For each shark (or particle) “Combine GWO and PSO updates”: Calculate 

New Position using equation (27) and Ensure New Position is within 

boundaries  

4) Compute fitness for the updated position “Evaluate fitness” 

5) Return: Best solution (best position) and corresponding fitness value. 
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3. Results  

The Using all the algorithms mentioned in the above section, the path optimization of 

instance network and the simulated road network is performed. 

3.1 Road Network Simulated: 

3.1.1 Data from Road Networks 

The test case applied a road network consisting of 33 segments and 15 nodes, 

represented by Figure 1. It can be considered that the source node is number 1 (the origin 

point-O) and the destination number 15-D, and there needs to determine an optimum 

path since traffic flow cannot always be at saturation point, assumed by normal 

distribution arrivals. The Depth-First Search (DFS) technique was used to find 9,161 

distinct routes. Road characteristics, including segment lengths, travel durations, traffic 

flow rates and classifications (1 = intra-urban, 2 = main roads, and 3 = highways), are 

shown in Table 2. Consistent evaluation across algorithms is ensured via data 

normalization.  

 

Table 2. Road Network Attributes. 

From 

 

To Road 

Type 

Distance Time Traffic 

1 2 3 92.943 1.032 227 

1 4 2 45.544 0.911 889 

1 3 1 23.680 1.185 758 

2 7 3 92.943 1.032 227 

2 5 2 45.544 0.911 889 

2 3 2 45.544 0.911 889 

3 5 1 23.680 1.185 758 

3 6 1 23.680 1.185 758 

3 4 2 45.544 0.911 889 

4 6 1 23.680 1.185 758 

4 13 3 92.943 1.032 227 

5 6 1 23.680 1.185 758 

5 7 2 45.544 0.911 889 

5 8 1 23.680 1.185 758 

5 9 1 23.680 1.185 758 

6 9 2 45.544 0.911 889 

6 13 2 45.544 0.911 889 

1) Initialize: Define (num_agent, num_particles, num_iterations, w, c1, c2, 

maxIter, numLocations) and randomly initialize agent positions and 

particle positions and velocities within boundaries 

2) Main loop (t = 1 to maxIterations): 

• For each particle “Update positions using PSO”: are carried 

out using the approach outlined in Section 2.2.2.and Store as 

NewPositionPSO  

• For each agent “Update positions using WOA”: are carried out 

using the approach outlined in Section 2.2.5.and Store as 

NewPositionWOA 

3) For each agent (or particle) “Combine WOA and PSO updates”: 

Calculate New Position using equation (28) and Ensure New Position is 

within boundaries  

4) Compute fitness for the updated position: “Evaluate fitness” 

5) Return: Best solution (best position) and corresponding fitness value. 
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7 8 2 45.544 0.911 889 

7 10 2 45.544 0.911 889 

8 9 1 23.680 1.185 758 

8 10 2 45.544 0.911 889 

8 11 1 23.680 1.185 758 

8 12 1 23.680 1.185 758 

9 12 2 45.544 0.911 889 

9 13 2 45.544 0.911 889 

9 14 2 45.544 0.911 889 

10 11 3 92.943 1.032 227 

11 12 1 23.680 1.185 758 

11 15 2 45.544 0.911 889 

12 14 2 45.544 0.911 889 

12 15 3 92.943 1.032 227 

13 14 3 92.943 1.032 227 

14 15 3 92.943 1.032 227 

 

 

 

  
Figure 1. Road Network Diagram. 

 

3.1.2 Parameter Settings 

The parameters of the proposed standalone and hybrid algorithms are optimized to 

fit the study's traffic flow optimization requirements and are outlined as follows: 

General: 

a. Iterations (maxiter): capped to 25 for fast convergence. 

b. Population (pop size): Set to 9,161, equal to the total unique paths, ensuring full 

solution space coverage. 

c. Early Stopping: When result changes drop below 1×10⁻⁶, trigger the operation. 

Specific for Algorithms 

1.  ACO: alpha = 0.7, evaporationRate = 0.5, pheromoneEnhancement = 100, 

visibility = 
1

(𝑤1 ∗ 𝑝𝑎𝑡ℎ𝐿𝑒𝑛𝑔𝑡ℎ𝑁𝑜𝑟𝑚 + 𝑤2 ∗ 𝑡𝑟𝑎𝑣𝑒𝑙𝑇𝑖𝑚𝑒𝑁𝑜𝑟𝑚 + 𝑤3 ∗ 𝑡𝑟𝑎𝑓𝑓𝑖𝑐𝐹𝑙𝑜𝑤𝑁𝑜𝑟𝑚)
. 

2. PSO: wmin = 0.4, wmax = 0.9, w = wmax - ((wmax - wmin) / maxIter) * itr, c1 = 2 - itr * (0.5 / 

maxIter), c2 = 2 - itr * (0.5 / maxIter); r1, r2 = rand ();  

3. EHO: nClans = 5, nci = floor (nElephants / nClans), alpha = 0.5, beta = 0.25; 

4. GWO: a = 2, alphaScore = inf, alphaPosition = 0, betaScore = inf, betaPosition = 0, 

deltaScore = inf, deltaPosition = 0; 

5. WOA: a = 2; 

Traffic-Specific: This dataset contains 33 road segments and 15 nodes, generated to 

minimize travel time and congestion. In all the algorithms, the normal distribution of 

vehicle arrivals is guiding the changes in the fitness function. 
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3.2 Performance Analysis of Algorithms for Optimal Path Selection: 

 This section, the outcomes attained after implementing the suggested and hybrid 

algorithms will be analyzed based on 4 criteria: (total execution time, memory 

consumption, number of iterations required to reach the optimal solution, and execution 

time of the iteration in which the best solution was discovered), as shown in Table 3. 

 

Table 3. Performance of Algorithms. 
Algorithms Execution Time(sec) Memory Used (KB) Time of itr(sec) itr  

PSO 2.1073 4139.105469 0.2481144 3 

GWO 2.3308 4751.988281 0.1947889 2 

SSO 2.3558 4759.371094 0.4114885 4 

WOA 2.4549 4787.203125 0.2137896 2 

EHO 2.5816 4175.871094 0.1042191 1 

GWO_PSO 2.3916 4729.402344 0.1316194 1 

SSO_WOA 2.9738 3990.191406 0.3130373 2 

WOA_GWO 2.6187 4830.679688 0.2247135 2 

SSO_PSO 2.4390 3896.160156 0.3922216 3 

WOA_PSO 2.9979 4007.574219 0.2546612 2 

GWO_EHO 2.6549 4546.804688 0.2438471 2 

SSO_GWO 2.83445 4613.742188 0.9261023 7 

ACO 128.9039 4019.707031 1.131649 1 

 

4. Discussion 

After observing the performance of all the proposed single and hybrid algorithms in 

this study, each criterion will be analyzed separately and we will explain each criterion 

in the following points: 

1. Total execution time: It was found that the single algorithm (PSO in 2.1073 seconds) 

and the hybrid algorithm (GWO_PSO in 2.3916 seconds) achieved the fastest 

performance, while (ACO in 128.9039 seconds) is the worst proposed algorithm. 

2. Memory consumption: It was found that the single (ACO in 4019.707031 KB) and 

hybrid (SSO_PSO in 3896.160156 KB) algorithms achieved the highest memory 

savings, while (WOA_GWO in 4830.679688 KB) achieved the least memory savings. 

3. And execution time of the iteration in which the best solution was discovered: We 

found that the single algorithms (EHO in 0.1042191 seconds) and the hybrid 

(GWO_PSO in 0.1316194 seconds) achieved the lowest time while (ACO in 1.131649 

seconds) achieved the highest time. 

4. Number of iterations needed to arrive at the best answer: It found that algorithms 

(EHO, GWO_PSO, and ACO) achieved the best path through one iteration, while 

(SSO_GWO) achieved it through seven iterations. 

The product of all the criteria determines which algorithm is most suited to tackle the 

problem., where individual (EHO = 1123.526589) and hybrid (GWO_PSO = 11488.725796) 

are found to be the best choice, and the worst is (ACO = 86370.621). 

5. Conclusion 

The following can be understood by research and analysis: EHO is the best self-

executing algorithm and got the optimal solution in a record time of 0.1042 seconds. It 

consumes a moderate amount of memory: 4175.871 KB and uses one iteration only, thus 

making the problem divisible into a sum of a very small one, with an outcome giving the 

best result. Among hybrid algorithms, GWO_PSO performed with the best balance; it 

reached the optimal solution within 2.3916 seconds, memory consumption of 4729.402344 

KB, while the time it took to find the solution was 0.1316194 seconds, and after just one 

iteration, where (PSO) convergence improvement is based on swarm intelligence, whereas 
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in (GWO) the convergence is dependent on social hierarchy that guides the solution.  It 

also explored the application of a multi-objective dynamic programming model for path 

optimization, with Traffic flow, travel duration, and segment length are transformed into 

weighted complete components utilizing a hybrid model that combines AHP, Entropy, 

and PSO. Simulations were used to confirm the algorithm's efficacy. on typical road 

network. A comparison of the optimum travel times of the route showed the accuracy of 

the solutions obtained. Because of time and availability of real data, simulation data were 

used to validate the model. To increase the model's credibility for future research, the 

author intends to confirm the model's correctness using actual data. 
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