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Abstract 

A Multi-Strategy Chaotic Enhanced Grey Wolf Optimizer (MSCEGWO) is proposed to address the problem 

of easily falling into local optima, low computational accuracy, and slow convergence speed in the 3D 

trajectory planning process of unmanned aerial vehicles using the classical Grey Wolf Optimizer (GWO). This 

algorithm first employs a tent-logistic hybrid map to generate a diverse initial population, expanding the search 

space; Then, a nonlinear parameter is adopted to update the algorithm parameters, enhancing the global 

exploration ability of the algorithm; Finally, the golden sine strategy is introduced to prevent the algorithm 

from trapping into local optima and facilitate the search for more accurate solutions. The improved algorithm 

is compared with five mainstream swarm intelligence algorithms on ten benchmark functions to verify its 

effectiveness. Using a real Digital Elevation Model (DEM) as the test environment, the simulation results of 

three-dimensional trajectory planning using the improved algorithm and other swarm intelligence algorithms 

are presented, which demonstrate the superiority of the algorithm in solving practical engineering problems. 
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1. Introduction 

With the rapid development of unmanned aerial vehicle (UAV) technology, the applications of UAVs in 

both civil and military sectors continue to expand [1]. In terms of civil use, drones have been widely used in 

rescue and disaster relief, logistics, power line inspection, urban surveying, etc.; In terms of military use, 

unmanned aerial vehicles have also shown important value in patrol missions, reconnaissance and surveillance 

and other tasks. However, UAVs often need to complete autonomous navigation under complex three-

dimensional space constraints, random distribution of obstacles, no-fly zones and other restrictions to generate 

a safe, efficient, feasible three-dimensional track that meets various constraints, which is the key technology 

of autonomous flight of drones. 

The path planning method is divided into traditional solution algorithms and swarm intelligence algorithms. 

Traditional path planning algorithms, such as A*, Dijkstra, RRT, etc., have better planning effect in a two-
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dimensional environment. However, in a complex three-dimensional environment, it often faces problems such 

as low computing efficiency, slow convergence speed, and poor planning effect.[2] It is difficult to meet the 

needs of multiple goals such as path length, altitude constraints, flight safety and flight efficiency at the same 

time. Against this background, researchers began to explore intelligent optimization algorithms inspired by 

natural phenomena or biological behaviors [3], such as Grey Wolf Optimizer [4] (GWO), Ant Colony 

Optimization [5] (ACO) and Particle Swarm Optimization Algorithm [6] (PSO). This swarm intelligence 

algorithm realizes complex optimization problems through mutual collaboration and information exchange 

between a large number of simple individuals. It has the advantages of simple structure, few parameters and 

fast convergence speed, so it is widely used in three-dimensional UAV path planning. Domestic scholars have 

also proposed improved and more efficient group intelligence optimization algorithms: Qin Dongyan [7] et al. 

choose to use improved nonlinear convergence factors, which improves the robustness of the gray wolf 

optimization algorithm; Chen Mingqiang [8] et al. integrated the idea of greedy algorithm into the target bias 

strategy, which reduced the invalid search for sampling points in the RRT* algorithm; Shen Chaoping [9] et 

al. introduced elite ant colony update strategies into the ant colony algorithm to enhance the exploration ability 

of subsequent ant colonies; Liu Wenqiang [10] et al. used the population switching strategy, and the individual 

behavior of the same numbered beetles was no longer fixed, which improved the ability of global exploration 

and local mining of the algorithm. 

The gray wolf optimization algorithm is an intelligent optimization algorithm proposed by Mirjalili [4] in 

2014. It is inspired by the social hierarchy structure and collaborative hunting behavior of gray wolves in 

nature [11]. Because of its simple structure, few parameters and strong global search ability, it has gradually 

become a research hotspot and is widely used in various fields. Wang Shuqin [12] et al. combined the 

advantages of global convergence of the gray wolf optimization algorithm to apply it to the optimization of 

parameters in long-term and short-term memory networks; Bao Xinyu [13] et al. applied the gray wolf 

algorithm to optimize the parameters of the PID controller to find the optimal solution in the wolf population 

in the search space to optimize the control of the system. It can be seen that GWO has the advantages of fast 

convergence speed and high optimization accuracy. However, GWO also has problems such as prone to falling 

into local optima, uneven distribution of search areas, and low accuracy of optimal solutions. Based on these 

problems, scholars have carried out a lot of research on the basis of traditional GWO. Wang Qi [14] et al. 

designed a multi-dimensional collaboratively optimized IGWO algorithm. In the search for the optimal 

solution, the accuracy of the improvement solution in the algorithm was effectively improved through the 

differential evolution variation strategy; Wang Haiqun [15] et al. proposed a hybrid gray wolf optimization 

algorithm CLGWO, which improves the linear convergence factor in the search process and introduces 

nonlinearity to expand the global search range of the population. 

This paper proposes a Multi-Strategy Chaotic Enhanced Grey Wolf Optimizer (MSCEGWO), which uses 

tent-logistic hybrid mapping, nonlinear update parameters and golden sine strategy to improve its performance. 

The main work includes: using Tent–Logistic chaotic mapping to generate more random initial populations in 

the population initialization stage to expand the search scope of the algorithm, using nonlinear functions to 

update algorithm parameters in the exploitation stage to expand the global exploration ability of the algorithm; 

Finally, use the golden sine strategy to prevent the algorithm from falling into the local optima. And the 

improved MSCEGWO is based on the CEC2005 test set of 10 benchmark functions to evaluate the 

performance of MSCEGWO and compare and analyze it with the GOA, DBO, GWO, PSO and SSA algorithms 

to prove the effectiveness and superiority of the improved algorithm. Finally, taking the DEM map of a certain 

area as an example, the three-dimensional path planning simulation results of the improved algorithm and other 

five group intelligent algorithms are given to prove the superiority of the algorithm in actual engineering 

problems. 

2. Mixed-Integer Programming Model for Three-Dimensional UAV Trajectory Planning 

2.1 Problem Description 

3D UAV path planning refers to the process of planning a safe, feasible, low-cost, and optimal continuous 

flight trajectory from a starting point to a target point within a 3D spatial environment, while comprehensively 

considering environmental constraints, the UAV's own flight constraints, performance limitations, and 
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trajectory length. This paper simplifies threat regions in the real-world environment into cylinders and 

considers obstacle avoidance between the UAV and the cylinders. 

2.2 Coordinate System Transformation 

Taking into account the performance constraints of the UAV, this paper employs a spherical coordinate 

system to constrain the UAV's yaw angle 𝜙 and pitch angle 𝜓. In the spherical coordinate system (𝜌, 𝜓, 𝜑), 𝜌 

represents the distance of the flight segment, 𝜓 represents the pitch angle, and 𝜙 represents the deflection angle. 

Given a trajectory consisting of 𝑛 waypoints, once the waypoint coordinates 𝛺 in the spherical coordinate 

system are obtained, they are converted to the Cartesian coordinate system to yield coordinates 𝑃 =
(𝑝1, 𝑝2,∙∙∙, 𝑝𝑛), where the 𝑖-th waypoint is 𝑝𝑖 = (𝑥𝑖 , 𝑦𝑖 , 𝑧𝑖). The update method in the Cartesian coordinate 

system is as follows: 

{
𝑥𝑖 = 𝑥𝑖−1 + 𝜌𝑖 sin𝜓𝑖 cos 𝜑𝑖
𝑦𝑖 = 𝑦𝑖−1 + 𝜌𝑖 sin𝜓𝑖 cos 𝜑𝑖

𝑧𝑖 = 𝑧𝑖−1 + 𝜌𝑖 cos𝜑𝑖

(1) 

Since the resulting data consists of trajectory segments connecting multiple waypoints, B-spline curves are 

employed to smooth the trajectory and generate a smooth trajectory curve. The formula for the B-spline curve 

is as follows: 

𝐵(𝑢) = ∑ 𝐷𝑖𝑁𝑖,3(𝑣)

𝑚−𝑛−2

𝑖=0

, 𝑣 ∈ [𝑣𝑛, 𝑣𝑚−𝑛−1] (2) 

In the formula, m is the number of nodes 𝑣; the values of 𝑣𝑖 range over {𝑧0, 𝑧1,∙∙∙ 𝑧𝑚−1} with 𝑥0 ≤ 𝑥1 ≤∙∙∙
𝑥𝑚−1; 𝐷𝑖 represents the control points, with a total of m-n-1 control points; and 𝑁𝑖,𝑛 denotes the B-spline basis 

function of degree n, as shown in the following formula: 

𝑁𝑖,1 = {
1, 𝑣𝑖 ≤ 𝑣 ≤ 𝑣𝑖+1

0, 𝑜𝑡ℎ𝑒𝑟𝑠
(3) 

𝑁𝑖,𝑛(𝑣) =
𝑣 − 𝑣𝑖
𝑣𝑖+𝑛 − 𝑣𝑖

𝑁𝑖,𝑛−1(𝑣) +
𝑣𝑖+𝑛+1 − 𝑣𝑖
𝑣𝑖+𝑛+1 − 𝑣𝑖+1

𝑁𝑖+1,𝑛−1(𝑣) (4) 

2.3 Objective Function 

2.3.1 Total Trajectory Cost Function 

For the problem of 3D trajectory planning for UAVs, it is necessary to consider constraints related to the 

UAV's own performance as well as those associated with mission execution. Therefore, based on actual flight 

conditions, this paper establishes a UAV trajectory planning model by comprehensively considering cost 

functions such as trajectory length, flight altitude, path smoothness, and threat region cost. The total trajectory 

cost function F is shown below: 

𝐹 = 𝜔1 ⋅ 𝑓1 + 𝜔2 ⋅ 𝑓2 + 𝜔3 ⋅ 𝑓3 +𝜔4 ⋅ 𝑓4 (5) 

∑𝜔𝑖

4

𝑖

= 1 (6) 

Where 𝐹 is the total cost of the trajectory, 𝑓1 represents the trajectory length cost, and 𝑓2 represents the 

flight altitude cost; 𝑓3 represents the cost associated with trajectory smoothness, and 𝑓4 represents the cost 

associated with threat region cost; 𝜔𝑖  denotes the weighting coefficient for each cost function, and these 

weights can be dynamically adjusted based on the requirements of the flight mission and the flight environment. 

2.3.2 Trajectory Length Cost Function 

Trajectory path length is one of the key metrics for evaluating UAV path planning. A shorter trajectory 

reduces fuel consumption and operational costs, thereby enhancing economic efficiency. The formula is as 

follows: 
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𝑓1 = ∑𝐿𝑖

𝑛−1

𝑖

(7) 

𝐿𝑖 = √(𝑥𝑖+1 − 𝑥𝑖)
2 + (𝑦𝑖+1 − 𝑦𝑖)

2 + (𝑧𝑖+1 − 𝑧𝑖)
2 (8) 

Where 𝐿𝑖  is the length of the i-th trajectory segment, and (𝑥𝑖  , 𝑦𝑖  , 𝑧𝑖  )  are the coordinates of the 𝑖 -th 

trajectory point 𝑃𝑖. 

2.3.3 Trajectory Altitude Cost Function 

During flight, the altitude of the UAV is typically constrained between a minimum and a maximum value, 

denoted as ℎ𝑚𝑖𝑛 and ℎ𝑚𝑎𝑥, respectively. The formula is as follows: 

𝑓2 =∑𝐻𝑖

𝑛

𝑖

(9) 

𝐻𝑖 = {
|ℎ𝑖 −

ℎmax − ℎmin
2

| , ℎmin ⩽ ℎ𝑖 ⩽ ℎmax

∞, 𝑜𝑡ℎ𝑒𝑟𝑠
(10) 

In the formula, ℎ𝑖 is the flight altitude relative to the ground; ℎmin is the minimum required flight altitude 

for the UAV, and ℎmax is the maximum required flight altitude for the UAV. 

2.3.4 Trajectory Smoothness Cost Function 

Frequent path changes and altitude shifts can affect the safety and efficiency of drone flight. To ensure a 

smooth trajectory, yaw and pitch angles also need to be considered. The horizontal projection of the path 

segment from waypoint 𝑃𝑖  to 𝑃𝑖+1 can be represented by the vector 𝑘𝑖 = (𝑋𝑖+1 − 𝑋𝑖 , 𝑌𝑖+1 − 𝑌𝑖). Let 𝜙𝑚𝑎𝑥 

denote the maximum deflection angle and 𝜓𝑚𝑎𝑥 the maximum pitch angle. The calculations for the deflection 

and pitch angles, along with the cost function 𝑓3 for path smoothness, are as follows: 

𝑓3 = 𝑎1∑𝜙𝑖

𝑛−1

𝑖=1

+ 𝑎2∑𝜑𝑖

𝑛−1

𝑖=1

(11) 

𝜙 = {
arccos (

𝑘𝑖
𝑇𝑘𝑖+1

|𝑘𝑖||𝑘𝑖+1|
) , 𝜙 < 𝜙max

𝜙max, 𝑜𝑡ℎ𝑒𝑟𝑠

(12) 

𝜑 =

{
 
 

 
 
arctan

(

 
|𝑍𝑖 + 1 − 𝑍𝑖|

√(𝑋𝑖+1 − 𝑋𝑖)
2 +√(𝑌𝑖+1 − 𝑌𝑖)

2
)

 ,𝜑 < 𝜑max

𝜑max, 𝑜𝑡ℎ𝑒𝑟𝑠

(13) 

In the formula, 𝑎1 and 𝑎2 are the penalty coefficients for the deflection angle and pitch angle, respectively; 

𝑋𝑖, 𝑌𝑖, and 𝑍𝑖 correspond to the x-, y-, and z-coordinates of the trajectory point in the Cartesian coordinate 

system, respectively. 

2.3.5 Threat Region Cost Function 

Trajectory planning also requires guiding the UAV to bypass obstacle zones within the 3D environment to 

ensure safe flight; the threat cost function is as follows: 

𝑓4 = ∑∑𝑇𝑘

𝐾

𝑘=1

𝑛−1

𝑖=1

(𝑙𝑖) (14) 
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𝑇𝑘(𝑙𝑖) = {

0, 𝑑𝑘 > 𝑆 + 𝐷 + 𝑅𝑘
𝑆 + 𝐷 + 𝑅𝑘 − 𝑑𝑘 , 𝐷 + 𝑅𝑘 < 𝑑𝑘 ≤ 𝑆 + 𝐷 + 𝑅𝑘
∞, 𝑑𝑘 ≤ 𝐷 + 𝑅𝑘

(15) 

In the formula, 𝐶𝑘 is the coordinate of the threat center, 𝑅𝑘 is the radius of the threat's central zone, and 𝐷 

and 𝑆 represent the lateral dimensions of the collision zone and the danger zone, respectively; for a given 

trajectory 𝑙, the distance to the threat center 𝐶𝑘 is 𝑑𝑘, as shown in Figure 1. 

Figure 1: Navigation Threat Map 

 

3. Multi-Strategy Chaos-Enhanced Grey Wolf Optimizer 

3.1 Grey Wolf Optimizer 

GWO performs global optimization by simulating the social structure and hunting behavior of grey wolves. 

It offers advantages such as a clear hierarchical structure, ease of implementation, and strong generalization 

capabilities. Currently applied in fields like scheduling and industry, it stands as a representative example of 

swarm intelligence algorithms. In the GWO algorithm, grey wolves are categorized into a hierarchy comprising 

𝛼, 𝛽, 𝛿, and 𝜔 wolves; each rank has clearly defined roles, and they collaborate to carry out hunting tasks. 

Among them, the 𝛼 wolf is the leader of the population and is responsible for leading hunting tasks; in the 

algorithm, this is represented by the solution yielding the best result and the optimal fitness value. The 𝛽 wolf 

assists the 𝛼 wolf in decision-making, playing a supporting role within the pack; in the algorithm, this is 

reflected in the solution being suboptimal. The 𝛿 wolf follows the decisions of the 𝛼 and 𝛽 wolves and carries 

out specific actions; The 𝜔 wolf represents the remaining grey wolves in the population; they strictly obey the 

commands of the top three and follow them during hunting operations, possessing the lowest fitness value in 

the algorithm. 

In the optimization algorithm, the prey's position corresponds to the global optimum of the optimization 

problem, while the 𝛼, 𝛽 and 𝛿 wolves represent the best, second-best, and third-best solutions found so far, 

serving as benchmarks for locating the prey. The Grey Wolf Optimizer consists of two phases: encircling and 

hunting. 

Encirclement phase. The gradual approach to and encirclement of the prey are achieved through the 

following formula. 

𝐷 = |C ⋅ Xp(t) − X(t)| (16) 

X(𝑡 + 1) = 𝑋𝑃(𝑡 + 1) − 𝐴 ⋅ 𝐷 (17) 

𝐴 = 2𝑎 ⋅ 𝑟1 − 𝑎 (18) 

𝐶 = 2 ⋅ 𝑟2 (19) 

In the equation, 𝑡  is the current iteration number; 𝑋𝑃(𝑡) is the position vector of the prey at the 𝑡-th 

generation, corresponding to a candidate optimal solution for the optimization problem; X(𝑡) is the position 

vector of a grey wolf individual at generation 𝑡; D is the distance between the grey wolf individual and the 

prey. A and C are coefficients; coefficient A controls the movement direction of the grey wolves, while 

coefficient C controls the influence weight of the target wolf. 𝑎 is the convergence factor that controls the 
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algorithm's global search and local exploitation, decreasing linearly from 2 to 0 as the number of iterations 

increases; 𝑟1 and 𝑟2 are random numbers between 0 and 1. 

The pursuit phase. Other grey wolves in the population estimate the prey's location based on the positions 

of the 𝛼, 𝛽 and 𝛿 wolves; they move toward these three leaders, calculate their respective distances from them, 

and update their own positions. The formulas are as follows. 

{

𝐷𝛼 =｜C1 · Xα − X｜

𝐷𝛽 =｜C2 ⋅ Xβ − X｜

𝐷𝛿 =｜C3 ⋅ Xδ − X｜

(20) 

{

𝑋1 = 𝑋𝛼 − 𝐴1 ⋅ 𝐷𝛼
𝑋2 = 𝑋𝛽 − 𝐴2 ⋅ 𝐷𝛽
𝑋3 = 𝑋𝛿 − 𝐴3 ⋅ 𝐷𝛿

(21) 

𝑋(𝑡 + 1) =
𝑋1 + 𝑋2 + 𝑋3

3
(22) 

In the equation, 𝑋𝛼, 𝑋𝛽 and 𝑋𝛿 are the position vectors of the 𝛼, 𝛽 and 𝛿 wolves, respectively; 𝐷𝛼, 𝐷𝛽 and 

𝐷𝛿  are the distances between the individual gray wolf and the 𝛼, 𝛽 and 𝛿 wolves, respectively; 𝑋1, 𝑋2 and 𝑋3 

are the candidate positions of the individual gray wolf after moving towards the 𝛼, 𝛽  and 𝛿  wolves; and 

𝑋(𝑡 + 1) is the final position of the individual gray wolf at generation 𝑡 + 1. 

3.2 Improvement Strategies 

In view of the shortcomings of GWO such as uneven distribution of search areas, low algorithm 

convergence accuracy, and easy falling into local optimality, GWO is integrated with chaotic map, nonlinear 

parameters, golden sine strategy, etc. The specific process is as follows: 

3.2.1 Tent–Logistic Hybrid Chaotic Map 

To address the limitations of the Grey Wolf Optimizer (GWO)—specifically, the inability of its initial-

stage random search to fully explore the solution space and the uneven distribution of the search range—a 

hybrid Tent-Logistic map is introduced. This modification enhances the randomness of the exploration step 

size in each iteration, thereby increasing the probability of finding the global optimum and accelerating the 

algorithm's convergence speed. 

The Logistic chaotic map is a representative model in chaotic dynamics. Logistic chaotic sequences exhibit 

strong global ergodicity; incorporating the Logistic chaotic map into the Grey Wolf Optimizer enhances spatial 

search capabilities and improves search accuracy. Its mathematical expression is: 

𝑋𝑘+1 = 𝜇 ⋅ 𝑋𝑘 ⋅ (1 − 𝑋𝑘) (23) 

In the equation, 𝑋𝑘 and 𝑋𝑘+1 are the position vectors of the grey wolf at times 𝑘 and 𝑘 + 1, respectively, 

and 𝜇 is a control parameter ranging from 0 to 4; when 𝜇 = 4, the Logistic map is in a completely chaotic state.  

Compared to the Logistic map, the Tent map features a uniform probability density and power spectral 

density, ideal correlation properties, and rapid convergence. Combining the Tent chaotic map with the Grey 

Wolf Optimizer algorithm can accelerate the algorithm's convergence speed and improve its search efficiency; 

the expression is as follows: 

𝑋𝑘+1 = {
2𝑋𝑘 ,     0 ≤ 𝑋𝑘 ≤ 0.5

2(1 − 𝑋𝑘),   0.5 < 𝑋𝑘 ≤ 1
(24) 

Where 𝑋𝑘 and 𝑋𝑘+1 are the position vectors of the grey wolf at times 𝑘 and 𝑘 + 1, respectively. 

3.2.2 Nonlinear Parameter Update 

The original GWO algorithm employs a linearly decreasing control parameter 𝑎, but this approach fails to 

meet the algorithm's requirements for solving complex problems. Therefore, this paper proposes a nonlinear 

control parameter strategy capable of meeting the requirements for global exploration and local exploitation, 

as formulated below: 
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𝑎𝑚 = 𝑎 [1 − (
𝑒
𝑡
𝑇𝑚 − 1

𝑒 − 1
)

𝑘

] (25) 

In the formula, 𝑎 is the initial value of the convergence factor, and 𝑘 is an adjustment parameter, typically 

ranging from 0 to 6. 

3.2.3 Golden Sine Strategy 

To address the drawback of the GWO population easily falling into local optima during the exploitation 

phase, the Golden Sine strategy is employed to perturb the positions of the grey wolves, thereby facilitating 

the algorithm's search for better positions. The position update formula for the Grey Wolf Optimizer based on 

the golden sine strategy is as follows: 

 𝑋𝑖
′ = 𝑋𝑖|sin(𝑟1)| + 𝑟2sin(𝑟2)|𝑐1𝐵 − 𝑐2𝑋𝑖| (26) 

In the formula, 𝑟1 and 𝑟2 are random numbers taking values in the ranges [0,2] and [0,] respectively, 

representing the movement distance and direction of the next-generation individual; 𝑐1  and 𝑐2  are golden 

section parameters used to reduce the search space and guide individuals to converge toward the optimal value; 

and 𝐵 is the position of the optimal individual. The golden section parameters 𝑐1 and 𝑐2 are set using Equations 

(27) and (28). 

𝑐1 = 𝑎 × (1 − 𝜇) + 𝑏 × 𝜇 (27) 

𝑐2 = 𝑎 × 𝜇 + 𝑏 × (1 − 𝜇) (28) 

In the formula, 𝑎 is set to −𝜋, 𝑏 to 𝜋, and 𝜇 is the golden ratio, approximately equal to 0.618. 

4. Algorithm Performance Evaluation and Analysis 

To evaluate the performance of the improved algorithm, the MSCEGWO proposed in this paper was 

compared against the standard GWO, Dung Beetle Optimizer (DBO), Hiking Optimization Algorithm (HOA), 

Particle Swarm Optimization (PSO), and Sparrow Search Algorithm (SSA) using benchmark functions; for all 

algorithms, the population size was set to 50 and the number of iterations to 500. The simulation environment 

utilized the Windows 11 64-bit operating system with 16 GB of RAM, and MATLAB R2021b served as the 

simulation software. 

4.1 Benchmark Functions and Parameter Settings 

Twelve benchmark functions were selected for the experiment; their dimensions, domains, and optimal 

values are listed in Table 1. In the table, F1 through F5 are unimodal test functions primarily used to evaluate 

the solution accuracy of the algorithms, while F6 through F12 are multimodal functions primarily used to 

assess the algorithms' ability to escape local optima. The improved MSCEGWO algorithm is compared with 

other intelligent optimization algorithms using test functions, with their optimal values, standard deviations, 

and mean values calculated. The first metric serves to verify the algorithm's exploration capability, while the 

latter two assess its convergence accuracy and stability. To avoid the randomness associated with a single trial 

and to enhance the persuasiveness of the experiments, the different algorithms were independently run 30 

times on these test functions, and the final results were obtained by averaging the outcomes. 

4.2 Comparison of Benchmark Function Results 

The comparative experimental results of different algorithms are shown in Table 2. Overall, the 

MSCEGWO algorithm is superior to or equal to other algorithms in the three aspects of optimal value, mean 

value and standard deviation of 11 test functions. 

Specifically, in the single-peak function, the optimal value and mean value of MSCEGWO's solution from 

F1 to F3 are 0, indicating that the nonlinear parameter update strategy of the algorithm can more accurately 

seek a better solution in the later stage, which greatly improves the solution accuracy of the algorithm. 

Although the sparrow search algorithm (SSA) can also converge to the theoretical optimal value of 0 in the 
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test functions F1 and F2, its average and standard deviation are not 0, indicating that the stability of SSA is not 

as good as that of MSCEGWO. 

In multimodal functions, compared with most algorithms, the optimal value of MSCEGWO can reach the 

best. For complex multi-peak test functions such as test functions F9 to F11, the theoretical optimum is also 

achieved, which reflects that the application of golden sinusoidal strategy in algorithms greatly improves the 

solution stability of the algorithm in complex situations and the ability to avoid local optima. 

Table 1: Test Functions 

Function Category No. Function Dimension Search 

Range 

Optimal 

Value 

 F1 Shifted Schwefel’s Problem 1.2 30 [-10,10] 0 

 F2 Shifted Rotated High Conditioned Elliptic 

Function 

30 [-100,100] 0 

Unimodal 

Benchmark Functions 

F3 Shifted Schwefel’s Problem 1.2 with Noise 

in Fitness 

30 [-100,100] 0 

 F4 Shifted Rotated Griewank’s Function 

without Bounds 

30 [-1.28,1.28] 0 

 F5 Rotated Hybrid Composition Function 

with the Global Optimum on the Bounds 

4 [0,10] -10.4029 

 F6 Shifed and Rotated Bent Cigar Function 20 [-100,100] 0 

 F7 Hybrid Function 1(N=3) 20 [-100,100] 0 

 F8 Hybrid Function 3(N=5) 20 [-100,100] 0 

Multimodal 

Benchmark Functions 

F9 Composition Function 2(N=4) 20 [-100,100] 0 

 F10 Composition Function 3(N=5) 20 [-100,100] 0 

 F11 Storn’s Chebyshev Polynomial Fitting 

Problem 

9 [-

8192,8192] 

1 

 F12 Inverse Hilbert Matrix Problem 16 [-

6384,6384] 

1 

Table 2: Comparison of MSCEGWO and classical optimization algorithms for finding the best 

Benchmark 

Function 

Statistic MSCEGWO GOA DBO GWO PSO SSA 

 Best Value 0.00E+00 1.48E-15 1.11E-85 5.11E-42 4.60E-08 0.00E+00 

F1 Standard 

Deviation (Std.) 

0.00E+00 1.40E-14 1.29E-47 6.75E-40 2.08E-07 5.86E-67 

 Mean 0.00E+00 1.44E-14 2.36E-48 4.31E-40 2.66E-07 1.07E-67 

 Best Value 0.00E+00 5.66E-27 1.96E-165 2.07E-38 2.86E-05 0.00E+00 

F2 Standard 

Deviation (Std.) 

0.00E+00 2.18E-24 2.46E-90 1.24E-31 3.76E-04 1.74E-91 

 Mean 0.00E+00 1.19E-24 5.51E-91 3.83E-32 3.53E-04 3.18E-92 

 Best Value 0.00E+00 6.86E-16 1.31E-81 9.27E-25 4.71E-05 7.73E-194 

F3 Standard 

Deviation (Std.) 

0.00E+00 1.65E-14 6.40E-54 1.82E-22 3.56E-04 3.76E-61 

 Mean 0.00E+00 1.87E-14 1.67E-54 1.65E-22 4.56E-04 6.86E-62 

 Best Value 1.43E-06 8.00E-06 8.70E-05 1.88E-05 3.98E-04 1.38E-05 

F4 Standard 

Deviation (Std.) 

2.48E-05 1.86E-04 9.41E-04 2.27E-04 1.13E-03 3.17E-04 

 Mean 3.00E-05 2.82E-04 1.40E-03 3.42E-04 2.10E-03 4.32E-04 

 Best Value -1.04E+01 -1.04E+01 -1.04E+01 -1.04E+01 -1.04E+01 -1.04E+01 

F5 Standard 

Deviation (Std.) 

7.63E-02 1.16E+00 2.78E+00 6.81E-04 3.52E+00 2.01E+00 
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Benchmark 

Function 

Statistic MSCEGWO GOA DBO GWO PSO SSA 

 Mean -1.03E+01 -9.09E+00 -6.88E+00 -1.04E+01 -7.44E+00 -9.52E+00 

 Best Value 0.00E+00 3.98E-24 7.63E-160 2.37E-41 8.32E+00 0.00E+00 

F6 Standard 

Deviation (Std.) 

0.00E+00 1.19E-20 4.53E-114 1.06E-37 1.87E+03 3.27E-109 

 Mean 0.00E+00 6.97E-21 8.27E-115 8.15E-38 4.19E+02 5.97E-110 

 Best Value 0.00E+00 5.88E-20 5.42E-150 2.16E-21 2.41E+01 0.00E+00 

F7 Standard 

Deviation (Std.) 

0.00E+00 7.41E-18 4.71E+01 6.07E+00 1.31E+04 5.50E-19 

 Mean 0.00E+00 5.53E-18 1.31E+01 2.92E+00 2.80E+03 1.00E-19 

 Best Value -2.22E-16 3.89E-06 1.49E-30 1.38E-02 2.06E+00 -2.22E-16 

F8 Standard 

Deviation (Std.) 

1.13E-16 1.19E-04 4.56E+01 9.33E-01 2.49E+02 1.36E-07 

 Mean -1.18E-16 1.12E-04 1.12E+01 5.12E-01 2.60E+02 2.48E-08 

 Best Value 0.00E+00 8.88E-15 3.12E-168 1.78E-14 7.49E-03 0.00E+00 

F9 Standard 

Deviation (Std.) 

0.00E+00 1.31E-13 3.85E-78 8.39E-15 1.16E-02 3.87E-88 

 Mean 0.00E+00 1.60E-13 7.03E-79 2.43E-14 2.22E-02 9.33E-89 

 Best Value 0.00E+00 4.07E-04 9.21E-06 7.83E-03 4.93E+01 0.00E+00 

F10 Standard 

Deviation (Std.) 

0.00E+00 2.96E+01 4.21E+01 1.88E+01 1.29E+01 1.80E-15 

 Mean 0.00E+00 5.40E+00 4.84E+01 7.02E+01 5.97E+01 4.74E-16 

 Best Value 1.00E+00 1.00E+00 1.00E+00 1.00E+00 3.65E+03 1.00E+00 

F11 Standard 

Deviation (Std.) 

0.00E+00 1.12E-08 3.93E+05 4.38E+04 2.64E+05 0.00E+00 

 Mean 1.00E+00 1.00E+00 2.01E+05 1.73E+04 3.06E+05 1.00E+00 

 Best Value 4.28E+00 4.61E+00 4.22E+00 2.55E+01 1.45E+02 4.21E+00 

F12 Standard 

Deviation (Std.) 

2.97E-01 1.06E+00 7.88E+03 2.69E+02 1.07E+02 1.38E-01 

 Mean 4.81E+00 5.14E+00 4.85E+02 4.28E+02 3.64E+02 4.28E+00 

4.3 Analysis of Convergence Curves and Boxplots 

The convergence curve of 12 test functions solved by different algorithms is shown in Figure 2. The 

convergence curve of MSCEGWO is smoother and the convergence curve has a steeper slope. In most test 

functions, the first 300 iterations have reached the optimal value, which indicates that MSCEGWO has the 

fastest convergence speed. 

In addition, the box plot of each algorithm to box plots of different algorithms on the benchmark functions 

is shown in Figure 3. It can be seen that the average and standard deviation of MSCEGWO is relatively small, 

reflecting the good optimization performance and stability of the algorithm. 
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Figure 2: Comparison chart of convergence of functions 

   
Convergence Curve of F1 Convergence Curve of F2 Convergence Curve of F3 

   
Convergence Curve of F4 Convergence Curve of F5 Convergence Curve of F6 

   
Convergence Curve of F7 Convergence Curve of F8 Convergence Curve of F9 

   
Convergence Curve of F10 Convergence Curve of F11 Convergence Curve of F12 
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Figure 3: Algorithm box plot 

 

4.4 Wilcoxon Rank-Sum Test 

This paper uses the Wilcoxon rank-sum test and the p-value to verify whether the improved MSCEGWO is 

significantly different from the other five algorithms. Significant differences show that the improvement strategy of 

the algorithm is effective and can significantly improve the solution accuracy and speed of the algorithm. 

If p < 0.05, there is a significant difference between the two algorithms. N/A means that the performance of the 

two algorithms is equivalent and optimal. "+/=/−" indicates that MSCEGWO is "better than/comparable to/worse 

than" to other algorithms in terms of performance. It can be seen from Table 3 that most of the p values of MSGOA 

in F1-F12 are less than 0.05 and are “+”, indicating that MSCEGWO has better performance than other five 

algorithms. Among them, MSCEGWO and DBO have the same performance in global optimization in F5, and both 

achieve the theoretical optimum; MSCEGWO has significant differences from all test functions of GWO, which 

shows that the improvement strategy is very important for algorithm improvement. 

Table 3: p value of Wilcoxon rank-sum test 

Benchmark Function GOA DBO GWO PSO SSA 

F1 1.21E-12 1.21E-12 1.21E-12 1.21E-12 1.66E-11 

F2 1.21E-12 1.21E-12 1.21E-12 1.21E-12 6.25E-10 

F3 1.21E-12 1.21E-12 1.21E-12 1.21E-12 1.21E-12 

F4 2.92E-09 3.02E-11 1.78E-10 3.02E-11 1.07E-09 

F5 1.56E-08 N/A 4.98E-11 N/A 6.36E-06 

F6 1.21E-12 1.21E-12 1.21E-12 1.21E-12 6.25E-10 

F7 1.21E-12 1.21E-12 1.21E-12 1.21E-12 1.93E-10 

F8 2.21E-11 2.21E-11 2.21E-11 2.21E-11 6.55E-04 

F9 3.01E-11 3.02E-11 1.45E-11 3.02E-11 1.06E-07 

F10 3.02E-11 3.02E-11 3.02E-11 3.02E-11 8.48E-09 

F11 4.57E-12 6.24E-10 1.21E-12 1.21E-12 N/A 

F12 N/A 1.24E-05 1.44E-11 1.44E-11 1.86E-10 

+/=/- 11/1/0 11/1/0 12/0/0 11/1/0 11/1/0 

5. Simulation Experiments for Three-Dimensional UAV Trajectory Planning 

Taking a DEM with a spatial resolution of 30 m for a specific area as an example, the obstacle parameters are 

listed in Table 4, and a 3D visualization of the environment is shown in Figure 4; the environment contains six static 

obstacles. The coordinates of the task's start and end points are (200, 100, 150) and (800, 800, 150), respectively. In 

addition, the weights for the four cost objective functions are set to 100, 80, 120, and 50, respectively, while the 

penalty coefficients a and b for the horizontal steering angle and vertical pitch angle are both set to 50. 
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The MSCEGWO proposed in this paper and five other swarm intelligence algorithms were applied to solve 

the UAV 3D path planning model; The experimental results are shown in Figure 6 and Table 5. The 

convergence curves of each algorithm to solve the UAV track is shown in Figure 7. It can be seen from this: 

(1) MSCEGWO can accelerate the convergence speed of the algorithm by using tent-logistic hybrid mapping 

to initialize the population, and the average number of iterations is less than that of the original gray wolf 

optimization algorithm. (2) MSCEGWO uses nonlinear functions to update algorithm parameters in the 

exploration stage to expand the global optimization ability of the algorithm. The planned path improved by 

MSCEGWO is smoother and can find a better path in the middle of the obstacle. (3) MSCEGWO finally uses 

the golden sinusoidal strategy to prevent the algorithm from falling into local optima, which is improves the 

solution accuracy. The total path cost of the path generated by MSCEGWO is the lowest, indicating that the 

path it generates is the best. The average total cost value is reduced by 12.49% compared with the original 

algorithm. 

Table 4: Environmental Constraint Parameters 

No. Coordinates Radius Type 

1 [400,500,0] 50 Static Obstacle 

2 [600,200,0] 40 Static Obstacle 

3 [500,350,0] 50 Static Obstacle 

4 [350,200,0] 40 Static Obstacle 

5 [700,550,0] 40 Static Obstacle 

6 [650,750,0] 50 Static Obstacle 

Table 5: Performance comparison of different algorithms for UAV trajectory planning 

Algorithm 

Average 

Number of 

Iterations 

Average 

Total 

Cost 

Percentage of 

Total Cost of 

MSCEGWO (%) 

Trajectory 

Length Cost 

Threat 

Region 

Cost 

Altitude 

Cost 

Smoothness 

Cost 

MSCEGWO 46 9187 100 3674 1837 1610 2066 

GOA 39 10529 87.3 4211 2105 1837 2376 

DBO 22 9568 96.0 3827 1913 1382 2446 

GWO 53 10498 87.5 4199 2099 1633 2567 

PSO 66 10195 90.1 4078 2039 1786 2292 

SSA 67 11408 80.5 4563 2281 1683 2881 

Figure 4: 3D visualization of the optimal flight path Figure 5: Top View of UAV Path Planning 

  

Figure 6: Side View of UAV Path Planning Figure 7: Front View of UAV Path Planning 
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Figure 8: Iterative curve of different algorithms for 

solving UAV tracks 

 

 

 

6. Conclusions 

In response to the problems that the classic gray wolf optimization algorithm is easy to fall into local optima, 

low solution accuracy and slow convergence speed in the process of drone three-dimensional path planning, 

this paper proposes a multi-strategy chaos-enhanced gray wolf optimization algorithm. Compare this improved 

algorithm with other five mainstream swarm intelligence algorithms in the standard test function, and give the 

three-dimensional path planning simulation results of this improved algorithm and other five algorithms. 

Verify the effectiveness of MSCEGWO's improvement strategy from multiple angles. Research shows that: 

(1) The MSCEGWO in this paper uses tent-logistic hybrid mapping to generate diverse initial populations, 

the nonlinear function update algorithm parameters to expand the global exploration ability of the algorithm, 

and the golden sinusoidal strategy to prevent the algorithm from falling into local optimization. Compared 

with other group intelligence algorithms, MSCEGWO has better convergence accuracy and speed. 

(2) MSCEGWO can achieve better results in real engineering problems. In the three-dimensional path 

planning problem of unmanned aerial vehicles, the planned path of MSCEGWO is better than the planned path 

of other algorithms, and the average path cost is reduced by 12.49% compared with the original algorithm. The 

path generated by MSCEGWO is conducive to ensuring the safety of unmanned aerial vehicle flight, 

improving the efficiency of unmanned aerial vehicle flight, and increasing economic benefits. 

The shortcomings of this article include: (1) It does not involve the path planning of multiple drones; (2) 

The real-time path planning of the drone and the impact of dynamic obstacles are not taken into account. (3) 

The relationship between the UAV's own structure and the track is not considered. These are our future 

research directions. 
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         X  i ′ =   X  i  | sin  (   r 1 ) | +   r 2 sin  (   r 2 )  |   c 1 B −   c 2   X  i | # ( 26 )
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       c 1 = a ×  ( 1 − 𝜇 ) + b × 𝜇 # ( 27 )


       c 2 = a × 𝜇 + b ×  ( 1 − 𝜇 ) # ( 28 )


       c 2 = a × 𝜇 + b ×  ( 1 − 𝜇 ) # ( 28 )
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