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Abstract 
To address coverage blind spots and path redundancy in UAV complete cov-
erage path planning in complex three-dimensional environments, this paper 
constructs a multi-objective optimization model. The model targets coverage 
completeness, the number of nodes, and path length. We also address insuffi-
cient population diversity, an imbalance between exploration and exploita-
tion, and a tendency to fall into local optima during optimization. To do so, 
we propose an improved multi-strategy multi-objective dung beetle optimiza-
tion algorithm. This algorithm is termed the Improved Multi-Objective Dung 
Beetle Optimizer (IMODBO). It enhances population diversity using Latin hy-
percube sampling for initialization. It introduces dynamic parameters to bal-
ance exploration and exploitation. It also designs a sine-cosine perturbation 
strategy to improve local search capability. Results on the CEC2020 bench-
mark suite verify that the proposed algorithm delivers better convergence and 
solution distribution performance for most test functions, with only a few in-
dividual metrics of special Pareto front problems slightly inferior to those of 
partial comparison algorithms. Simulation on three-dimensional terrains shows 
that, with the same number of nodes, our algorithm increases the coverage 
rate from 74.6% to 87.2%. It also reduces the flight path length, thereby effec-
tively mitigating the coverage blind spot problem. This work provides tech-
nical support for complete 3D coverage operations by UAVs. 
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1. Introduction 

With the diversified of low-altitude application scenarios, unmanned aerial vehi-
cles (UAVs) are increasingly widely used in complex three-dimensional environ-
ments, such as personnel search, material delivery, and path planning in emer-
gency rescue operations. Particularly in unstructured and complex three-dimen-
sional environments, achieving efficient coverage of the target area is a core pre-
requisite for ensuring search success rates, delivery accuracy, and mission timeli-
ness [1]. Existing path planning schemes often suffer from coverage blind spots 
or path redundancy due to insufficient handling of the altitude dimension and 
spatial continuity. Therefore, developing an efficient complete coverage path plan-
ning algorithm suitable for complex three-dimensional environments is of great 
significance for supporting the national low-altitude economic development strat-
egy and improving emergency rescue efficiency. 

Compared with two-dimensional path planning problems in emergency sce-
narios, three-dimensional coverage path planning must simultaneously consider 
altitude changes, terrain undulations, and multiple conflicting optimization ob-
jectives, which increases the difficulty of solving the problem [2] [3]. To address 
this problem, existing research has made certain progress. Sharma and Voruganti 
[4] noted the complexity introduced by elevation changes and proposed the TA-
NSGA-II method, which achieves significant energy savings in real terrain by 
simultaneously optimizing travel distance, cumulative elevation change, and the 
number of turns. Wu et al. [5] proposed a coverage method based on visibility 
graphs for complex concave areas, which effectively reduces occluded blind spots, 
but this method still simplifies the three-dimensional space into multiple two-di-
mensional slices for processing, neglecting the continuity of the altitude dimen-
sion. 

To address the problem of complete coverage path planning for UAVs in com-
plex environments, existing research mainly falls into two major directions: im-
provements to classical path planning algorithms and optimization using heuris-
tic intelligent algorithms [6]. In the direction of classical algorithm improvements, 
algorithms such as A* [7], Dijkstra [8], and RRT [9] are widely used due to their 
strong solution stability and reliable paths. Regarding, RRT algorithm improve-
ments, Khuat et al. [10] proposed the MultiRRT algorithm, which extends RRT to 
multi-UAV cooperative scenarios. By introducing node reduction and Bezier in-
terpolation, this algorithm achieves cooperative path planning for multiple target 
points while satisfying dynamic and safety constraints. Furthermore, Sharma et 
al. [11] pointed out in their review study that although classical algorithms per-
form robustly in structured environments, they still have significant limitations 
when facing unknown dynamic threats, real-time responsiveness requirements, 
and energy constraints, which drive continuous exploration toward heuristic in-
telligent algorithms. 

In recent years, heuristic intelligent algorithms have emerged as a research 
hotspot for three-dimensional complete coverage path planning for emergency 
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rescue UAVs, thanks their strong global search capabilities and adaptability to 
multi-objective optimization. Among them, the Sparrow Search Algorithm (SSA) 
[12], Whale Optimization Algorithm (WOA) [13] [14], and Ant Colony Optimi-
zation (ACO) [15] have been widely applied. To address the limitations of two-
dimensional environments, researchers have begun exploring the application of 
SSA in three-dimensional spaces. For example, He and Wang [16] proposed an 
improved SSA algorithm by integrating good point set initialization and piecewise 
dynamic step size strategies, effectively enhancing the path planning performance 
of UAVs in complex three-dimensional environments. Yang et al. [17] extended 
the improved SSA to the field of three-dimensional UAV trajectory planning, in-
tegrating terrain elevation and threat zone modeling to achieve a Pareto optimal 
solution set under multiple constraints. In WOA applications, researchers have 
proposed various improvement strategies to enhance its performance in three-
dimensional path planning. For instance, Wang et al. [18] proposed an improved 
whale optimization algorithm (CSRD-WOA) by integrating cuckoo search and 
random difference strategies, which effectively improves global search capability 
and convergence accuracy in complex three-dimensional terrain environments, 
although its application scenario is limited to static, a priori known terrain. In 
ACO research, Shi et al. [19] proposed a hybrid strategy integrating simulated an-
nealing with ACO for complete coverage tasks of ground robots, thereby improv-
ing path completeness. 

In summary, existing research still has deficiencies in three-dimensional com-
plete coverage path planning. Traditional algorithms focus on optimizing single-
path performance and are poorly suited to coverage traversal tasks. Although heu-
ristic algorithms possess global search capabilities, their improvements primarily 
focus on heir own performance neglecting coverage completeness constraints, lead-
ing to paths with omissions or redundancies. To address these issues, this paper 
constructs a multi-objective collaborative optimization model that comprehen-
sively considers coverage completeness, path nodes, and path length, and proposes 
an improved multi-objective dung beetle optimization algorithm for complex three-
dimensional environments. This algorithm enhances global exploration and local 
exploitation to efficiently solve the multi-objective optimization model, thereby 
generating high-quality complete coverage flight paths. 

2. Model Formulation 

This paper considers a single UAV performing a complete coverage task in a 
known three-dimensional environment. To develop an efficiently optimizable 
mathematical model for the proposed algorithm, we make the following assump-
tions. First, the environment can be accurately modeled using a three-dimensional 
grid map [20]. Second, the UAV can hover at fixed points and adjust its flight 
altitude continuously to adapt to the terrain. Third, its onboard sensors have a 
fixed field of view and detection range, so coverage is determined by the UAV’s 
position and attitude. Fourth, the mission requires generating a flight trajectory 
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that fully covers all target areas by traversing a minimal number of path nodes and 
keeping the path short, while satisfying the UAV’s kinematic constraints. Building 
on these assumptions, we proceed to model the problem in detail. 

Based on the above assumptions, this section systematically constructs a multi-
objective optimization model for three-dimensional complete coverage path plan-
ning from three aspects: problem formulation, objective functions, and con-
straints. 

2.1. Problem Modeling 

The three-dimensional full-coverage path planning problem for unmanned aerial 
vehicles (UAVs) essentially consists of finding an optimal flight path P from the 
starting point startP  to the end point endP  in a pre-constructed three-dimen-
sional grid map. The path { }1 2, , , nP p p p=   is a sequence composed of a series 
of consecutive nodes, where 1p  is equivalent to startP , np  is equivalent to 

endP , and each node ip  corresponds to a coordinate ( ix , iy , iz ) in three-di-
mensional space. The core decision variable of the problem is the node sequence 

*P . 
To convert disordered scattered individuals into an ordered sequence of three-

dimensional nodes, a deterministic TSP decoding strategy without randomness is 
adopted. Taking the coordinate origin as the reference, the node with the shortest 
Euclidean distance is selected as the unified global starting point to eliminate re-
sult fluctuations caused by random starting positions. Taking the current node as 
the benchmark, the unvisited node with the minimum Euclidean distance is cho-
sen as the next waypoint in each iteration to generate a traversal index sequence. 
With the first point of the sequence as the start point and the last point as the end 
point, an ordered three-dimensional node path is constructed. 

2.2. Objective Functions 

Table 1. Definitions of key variables and regional concepts. 

Nomenclature Physical Meanings of Variables Simulation Values 

W , H  
Length and width of the square planar 

target area to be inspected by UAV 
10W H= =  

grid_step Discrete sampling step of terrain grid 0.5 

Grid_cover_unit Final effective coverage marker of grid 
1: Distance requirement 

satisfied with no occlusion;  
0: Inspection blind area 

R  
3D effective sensing radius of a single 

UAV point 
2 

totalV  Total terrain area of the entire target 
area 

Total surface area of grid cells 
in target zone 

coverV  Total terrain area covered by UAV 
under path P 

Total area of all grids with 
Grid_cover_unit = 1 covered by 

UAVs under the current 
inspection path 
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To address the three-dimensional full-coverage path planning problem for UAVs, 
this paper constructs a multi-objective comprehensive function with coverage 
rate, path nodes and path length as the core optimization objectives. The optimi-
zation process is designed to achieve efficient and complete coverage path plan-
ning for UAVs in the target area within three-dimensional space. Table 1 presents 
the definitions of key variables and regional concepts. 

2.2.1. Coverage Completeness 
Coverage completeness serves as a core indicator for measuring the completion 
rate of UAV emergency rescue missions, which is directly related to the omni-
directional and non-missing inspection of disaster-affected areas and the success 
rate of search and rescue. In this model, the monitoring area is discretized into a 
series of tiny curved grid cells. A grid cell is regarded as covered only if both of 
the following conditions are satisfied: 

1) Geometric reachability: The three-dimensional Euclidean distance between 
the center point of the grid cell and at least one UAV path node does not exceed 
the UAV sensing radius R. 

2) Unobstructed line of sight: There are no topographic obstacles between the 
grid cell and the corresponding UAV node. Then the coverage rate 1f  can be 
expressed as Equation (1). As the coverage metric, 1f  ranges from 0 to 1. A larger 
value indicates more complete regional coverage and better algorithm perfor-
mance. 

 1
cover

total

V
f

V
= .   (1) 

2.2.2. Path Nodes 
The number of nodes directly affects the complexity of UAV flight control, cov-
erage effectiveness, and the execution efficiency of rescue missions. The node dis-
tribution is strongly coupled with the coverage capability of the UAV. The effec-
tive radius of a node is set as r = 1, and the 2D projected coverage area of a single 
node is 2 3.14S r= π ≈ . Given that path P consists of n nodes, the objective func-
tion 2f  for minimizing path nodes can be expressed as Equation (2). 

 2f n= .   (2) 

However, in complex three-dimensional unstructured environments, the exist-
ence of terrain undulations and obstacles may result in 3D blind spots due to line-
of-sight obstruction even if a monitoring point lies within the theoretical sensing 
radius of the sensor, leading to failure of actual coverage. To systematically iden-
tify such blind spots, a blind area detection mechanism is introduced. Let the node 
coordinate be ( ), ,i i i ip x y z=  and the monitoring point coordinate be  

( ), ,j i i iq x y z= . The terrain surface is described by the function ( ),z f x y= . The 
criteria for blind area judgment are as follows: 

1) Generation of monitoring points via terrain grid sampling: The planar length 
and width of the simulation area satisfy 10W H= = . The discrete grid step size 
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is set to 0.5 for uniform grid division of the entire domain; Traverse the central 
coordinates ( ),j jx y  of all grids, substitute them into the terrain function 

( ),z f x y=  to calculate the surface elevation, and construct the 3D monitoring 
point ( ), ,j i i iq x y z= . 

2) Line-of-sight obstruction judgment: The target point is considered invisible 
if the line segment connecting the node and the monitoring point intersects the 
terrain surface. The parametric equation of the line segment is expressed as Equa-
tion (3). 

 i i i

j i j i j i

x x y y z z
x x y y z z
− − −

= =
− − −

.  (3) 

It is solved simultaneously with the terrain Equation (4), If the system of equa-
tions has a solution and the solution lies between the two points, an obstruction 
exists and the point is identified as a blind spot. 

 ( ),z f x y= .  (4) 

3) Midpoint Height Verification: To further verify the obstruction, the mid-

point M of the connecting line is calculated as , ,
2 2 2

i j i j i jx x y y z z
M

+ + +
= , and  

whether this midpoint is higher than the terrain surface is determined, as ex-
pressed in Equation (5). 

 ( ) 1 if ,
, 2 2 2

0 otherwise

i j i j i j

j j

x x y y z z
f

p qρ
 + + + 

≥  =   



.   (5) 

If 0ρ = , the midpoint is below the terrain, indicating terrain obstruction, and 
the target point belongs to a blind area. 

Through the above blind area detection mechanism, coverage blind spots caused 
by terrain obstruction can be identified and avoided in path planning, thereby 
improving the integrity and reliability of three-dimensional full coverage. 

2.2.3. Path Length 
In emergency scenarios, the UAV path length is directly related to the timeliness 
of rescue operations and resource efficiency. A shorter flight path can effectively 
conserve the UAV’s endurance and accelerate the response speed of search and 
rescue. Therefore, path length is an important indicators for evaluating path plan-
ning. The path length cost is expressed as Equation (6). 

 1
3 11

n
i iif p p−
+=

= −∑ .   (6) 

where ⋅  denotes the Euclidean distance. 

2.3. Flight Height Constraint 

During rescue missions, the UAV must maintain its flight height within a reason-
able range and avoid significant fluctuations to ensure flight safety and stability. 
The schematic diagram of UAV flight height is shown in Figure 1. 
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Figure 1. Schematic diagram of UAV flight height. 
 

Therefore, the flight altitude of the UAV is usually restricted and must be main-
tained between the minimum altitude minh  and the maximum altitude maxh . 
The formula for calculating flight altitude is expressed as Equation (7). 

 
max min

min max2
others

i i
i

h h
h h h h

H
 −

− ≤ ≤= 
∞

.  (7) 

To generate a high-quality full-coverage path, this paper constructs a compre-
hensive optimization objective that includes coverage rate, path nodes, and path 
length. The comprehensive objective function is formulated as a multi-objective 
minimization problem, as shown in Equation (8). 

{ }1 2 3min , , s.t. if f f H− .                      (8) 

3. Algorithm Design 

When solving the multi-objective 3D full-coverage path planning problem for 
UAVs, issues such as coverage blind spots, redundant paths, and poor terrain 
adaptability arise. The Dung Beetle Optimizer (DBO) has been widely applied in 
path planning problems due to its strong global search capability and good adapt-
ability to multi-objective optimization [21]-[23]. In this section, the DBO is im-
proved to address its limitations, including uneven population initialization, fixed 
parameters that cannot adapt to iterative requirements, and insufficient local 
search ability that easily leads to local optima. Furthermore, the improved algo-
rithm is extended to a multi-objective version to solve the 3D full-coverage path 
planning problem for UAVs. 

3.1. Dung Beetle Optimizer Algorithm 

The Dung Beetle Optimizer (DBO) is a global optimization algorithm inspired by 
the social behavior of dung beetles. In this algorithm, dung beetles are divided into 
four populations: roller beetles, breeding beetles, small beetles, and thief beetles. 
Each population updates its position according to specific behavioral rules, and 
finally outputs the current optimal solution and its fitness value. The updating 
mechanisms of each population are as follows: 

3.1.1. Roller Beetles 
In the natural environment, dung beetles can roll dung balls in a straight line by 
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means of celestial light sources. When there is no obstacle along the path, the po-
sition update of roller beetles can be expressed as Equations (9) and (10). 

 ( ) ( ) ( )1 1i i ix t x t k x t b xα+ = + ⋅ ⋅ − + ⋅∆ .   (9) 

 ( ) W
ix x t X∆ = − .   (10) 

where t denotes the current iteration number; ( )ix t  represents the position of 
the i-th dung beetle at the t-th iteration; ( ]0,0.2k ∈  stands for the deflection co-
efficient; ( )0,1b∈ ; { }1,1α ∈ − ; ∆x indicates the variation degree of light inten-
sity; and XW is the worst position in the current population. 

If an obstacle is encountered during the ball-rolling process, the dung beetle 
adjusts its forward direction through a dancing behavior and updates its position 
according to Equation (11). 

 ( ) ( ) ( ) ( ) ( )1 tan 1i i i ix t x t x t x tθ+ = + − − .   (11) 

where [ ]0,θ ∈ π , The position is not updated when 0θ = , 2π , or π . 

3.1.2. Breeding Beetles 
During the iteration of the Dung Beetle Optimizer, breeding beetles are responsi-
ble for guiding local search to achieve fine exploitation. To ensure the safety of 
offspring, female dung beetles select safe oviposition areas for their progeny. 
Equations (12) and (13) define the boundaries. 

 ( )( )* *max 1 ,Lb X R Lb⋅= − .   (12) 

 ( )( )* *min 1 ,Ub X R Ub⋅= + .   (13) 

where *X  denotes the current local optimal position; *Lb  and *Ub  corre-
spond to the lower and upper bounds of the oviposition area, respectively;  

( ) max1R t T= − , in which maxT  is the preset maximum number of iterations of 
the algorithm; Lb and Ub represent the lower and upper bounds of the optimiza-
tion problem, respectively. 

After the oviposition area is determined, each female breeding beetle produces 
only one egg per iteration, and the position update of its brood ball follows Equa-
tion (14). 

 ( ) ( )( ) ( )( )* * *
1 21i i iB t X b B t Lb b B t Ub+ = + − −⋅+⋅ .  (14) 

where 1b  and 2b  are independent random vectors with a dimension of 1×D, 
and D denotes the dimension of the problem. 

3.1.3. Small Beetles 
After maturation, small beetles leave the nest to forage. The boundaries of their 
optimal foraging area are defined as: 

 ( )( )max 1 ,b bLb X R Lb= −⋅ .   (15) 

 ( )( )min 1 ,b bUb X R Ub= −⋅ .   (16) 

where bX  denotes the global optimal position. 
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The position update formula for small beetles is given in Equation (17). 

 ( ) ( ) ( )( ) ( )( )1 21 b b
i i i ix t x t C x t Lb C x t Ub⋅ ⋅+ = + − + − .  (17) 

where 1C  is a random number following a normal distribution; 2C  is a random 
vector in the range of (0, 1); bLb  and bUb  represent the lower and upper bounds 
of the foraging area, respectively. 

3.1.4. Thief Beetles 
Some dung beetles obtain food by stealing dung balls from other individuals. As-
suming bX  is the current optimal food source, thief beetles tend to move 
around it. Their position update formula is presented in Equation (18). 

 ( ) ( ) ( )( )*1 b b
i i ix t X S g x t X x t X+ = + − + −⋅ ⋅ .   (18) 

where S is a fixed constant, and g is a 1 × D-dimensional random vector following 
a normal distribution. 

3.2. Improved Dung Beetle Optimizer Algorithm 
3.2.1. Improved Initialization Strategy 
The standard Dung Beetle Optimizer uses random initialization to generate the 
initial population, which may result in an uneven distribution of individuals in 
the search space and degrade the algorithm’s global exploration ability in the early 
stage. In this paper, the Latin Hypercube Sampling (LHS) strategy is introduced 
for population initialization to ensure that sample points are uniformly distrib-
uted across each dimension, thereby improving the global exploration efficiency 
of the algorithm at the early stage. The initialization formula is given in Equation 
(19). 

 ( )ij j ij j jP Lb LHS Ub Lb⋅= + − .  (19) 

where [ ]0,1ijLHS ∈  denotes uniformly distributed sampling points; jLb  is the 
lower bound of the j-th dimension; jUb  is the upper bound of the j-th dimen-
sion; and ijP  represents the value of the i-th individual in the j-th dimension of 
the initial population. 

3.2.2. Dynamic Parameter Adaptation 
In the standard Dung Beetle Optimizer, the position update of roller beetles is the 
critical component of global exploration. In the original position update formula 
for roller beetles, the step size coefficient b and deflection coefficient k are fixed 
values, which cannot adapt to the search requirements at different iteration stages. 
In this paper, a dynamic adaptive mechanism is introduced to adjust parameters 
adaptively during iterations, so as to balance global exploration and local exploi-
tation capabilities. The improved expressions are presented in Equations (20) and 
(21). 

 ( )
2

max

50.4 exp tb t
T

   = ⋅ −    
.  (20) 
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 ( )
max

0.5 0.1 tk t
T

= + ⋅ .  (21) 

where the step size coefficient uses a Gaussian decay strategy. It maintains a large 
value in the early iteration stage to enhance global exploration, and gradually de-
cays in the later stage to strengthen local exploitation. The deflection coefficient 
adopts a linear growth strategy to continuously improve the convergence accuracy 
of the algorithm. 

3.2.3. Sine-Cosine Hybrid Disturbance Strategy 
In the standard Dung Beetle Optimizer, the position update of small beetles only 
relies on normally distributed random numbers and boundary constraints, lack-
ing a local disturbance mechanism. Thus, the algorithm tends to fall into local 
optima in late iterations stage and fails to conduct fine search around the optimal 
solution. In this paper, a sine-cosine hybrid disturbance strategy is introduced. 
Because of its periodic fluctuation characteristics, this strategy enhances local ex-
ploitation and escape from local optima. The strategy adaptively selects disturb-
ance modes according to different algorithm iteration stages, and its formula is 
given in Equation (22). 

 ( )

( ) ( )

( ) ( )

( ) ( )

max
2 3

2 2 max max
3

2 3

sin
3

sin cos 2
2 3 3

cos others

T
a t r r t

r rt T T
a t r t

a t r r

δ

 ⋅ ⋅ <
 +=  ⋅ ⋅ ≤ ≤


⋅ ⋅

.  (22) 

where ( ) max2a t t T= −  denotes the decay factor, and 2r , 3r  are random num-
bers. In the early iteration stage, this strategy mainly adopts sine disturbance to 
enhance global exploration; in the middle stage, hybrid disturbance is used to bal-
ance exploration and exploitation; in the late stage, cosine disturbance is adopted 
to strengthen local fine search. The position update formula of small beetles after 
disturbance is given as follows: 

( ) ( ) ( )( ) ( )( ) ( ) ( )1 21 0.1b b b b
i i i ix t x t C x t Lb C x t Ub t Ub Lbδ+ = + ⋅ − + ⋅ − + ⋅ ⋅ − . (23) 

Aiming at the shortcomings of the standard Dung Beetle Optimizer applied in 
3D path planning, improvements are made from three aspects: population initial-
ization, parameter design and disturbance strategy. The LHS strategy improves 
population diversity and avoids aggregation of initial coverage nodes; dynamic 
adaptive parameters balance global exploration and local exploitation; the sine-
cosine disturbance enhances local search ability and the capability to escape from 
local coverage blind spots. The collaborative effect of the three improvements sig-
nificantly promotes the convergence speed, accuracy and robustness of the algo-
rithm in complex 3D space, and provides effective support for generating high-
quality full-coverage paths. 

3.3. Algorithm Flow 

At the initial stage of the algorithm, the population size and the maximum number 
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of iterations are set, and the population is initialized using the LHS strategy. Af-
terwards, the fitness value of each individual is calculated. It is judged whether the 
current iteration number reaches the preset maximum iterations. If not, the pop-
ulation is divided into four subpopulations: roller beetles, breeding beetles, small 
beetles and thief beetles. The dynamic parameters b and k are calculated. Then the 
positions of roller beetles, breeding beetles, small beetles (updated with sine-co-
sine disturbance) and thief beetles are updated in sequence according to their re-
spective position update formulas. After all subpopulation updates are completed, 
individuals are merged to form a new generation population. The individual fit-
ness values are recalculated, the iteration number is increased by 1, and the above 
process is repeated. If the current iteration reaches the maximum number of iter-
ations, the loop terminates, and the final Pareto-optimal solution set is output. 
The flow chart of the IMODBO algorithm is shown in Figure 2. 
 

 

Figure 2. Flow chart of the IMODBO algorithm. 

4. Experiments 
4.1. Experimental Setup 

To test the comprehensive performance of the IMODBO algorithm, the CEC2020 
test suite is adopted in this study. This test suite contains 24 standard test func-
tions that effectively simulate the challenges of nonlinearity, multimodality and 
complex spatial structures in practical optimization problems. Multi-environ-
ment evaluation can systematically verify IMODBO’s core capabilities for main-
taining population diversity, avoiding premature convergence, and balancing 
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global exploration and local exploitation. It is especially suitable for verifying 
IMODBO’s robustness in solving multimodal and multi-constraint problems in 
complex 3D path planning. 

To comprehensively evaluate the proposed IMODBO algorithm, comparative 
experiments are conducted against six multi-objective optimization algorithms, in-
cluding three classical algorithms: Non-dominated Sorting Genetic Algorithm II 
(NSGA-II) [24], Multi-objective Evolutionary Algorithm Based on Decomposition 
(MOEA/D) [25], Multi-objective Whale Optimization Algorithm (MOWOA) [26], 
and three state-of-the-art algorithms in recent years: Multi-objective Sparrow Search 
Algorithm (MOSSA) [27], Multi-objective Grey Wolf Optimizer (MOGWO) [28], 
and Multi-objective Dung Beetle Optimizer (MODBO) [29]. For controlled-vari-
able comparisons, all comparative experiments in this study are conducted within 
a unified hardware and software environment. The detailed experimental plat-
form configuration is as follows: Windows 11 (64-bit) operating system, Intel 
Core i5-13490F processor, and algorithms implemented in MATLAB 2022b. 
Meanwhile, systematic parameter tuning and verification are performed on the 
key parameters of all compared algorithms to minimize deviations caused by pa-
rameter configurations. The final parameter settings are listed in Table 2. Under 
the unified experimental environment and optimized parameter settings, the per-
formance results of all compared algorithms are comparable, which avoids poten-
tial interference from differences in systems and configurations. 

 
Table 2. Parameter settings of seven compared algorithms. 

Algorithm Parameter Settings 

NSGAII 0.8cP = , 0.1cP =  

MOEA/D 100sizearchive = , 0.1T = , 0.01rn = , 0.9δ = , 30η =  

MOWOA No parameter setting 

MOSSA 2 0.8R = , 0.1SD = , 0.2PD =  

MOGWO 10nGrid = , 0.1α = , 10β = , 2γ =  

MODBO 0.2K = , 0.2b = , and 0.25S =  

IMODBO 0.2K = , 0.2b = , and 0.25S =  

4.2. Experimental Metrics 

To verify the optimization performance of the proposed algorithm and conduct a 
fair comparison with the selected compared algorithms, two metrics, namely In-
verted Generational Distance (IGD) and Purity-Spread Performance (PSP), are 
adopted in this paper to quantitatively evaluate the quality of Pareto front solution 
sets generated by each algorithm from multiple dimensions. 

4.2.1. IGD 
The IGD metric measures the convergence and uniformity of the approximate 
Pareto front obtained by the algorithm relative to the true Pareto front. A smaller 
IGD value indicates that the solution set obtained by the algorithm is closer to the 
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true Pareto front and is distributed more uniformly along the front. Its calculation 
formula is given in Equation (24): 

 ( ) ( )**
*

,
IGD , v P d v A

P A
P

∈= ∑ .   (24) 

where *P  is the uniformly sampled point set on the true Pareto front, A is the 
approximate solution set obtained by the algorithm, and ( ),d v A  denotes the 
Euclidean distance from point v to the nearest point in solution set A. 

4.2.2. PSP 
PSP is a comprehensive metric for evaluating the solution set quality of multi-
objective optimization algorithms, accounting for both purity and spread. PSP is 
defined as the ratio of Coverage Rate (CR) to decision-space inverted generational 
distance (IGDx). Its calculation formula is given in Equation (25): 

 ( ) ( )
( )

CR
PSP

IGDx
A

A
A

= .   (25) 

where CR measures the proportion of true Pareto optimal solutions obtained by 
the algorithm, reflecting the purity of the solution set. A larger CR value indicates 
more true optimal solutions acquired by the algorithm and more complete path 
coverage. IGD“x” measures the proximity between the algorithm’s solution set 
and the true Pareto optimal solution set in the decision space. A smaller IGD“x” 
value means that the paths generated by the algorithm are geometrically closer to 
the theoretically optimal paths in physical space, corresponding to a better PSP 
performance. 

4.3. Experimental Results 

In this experiment, to ensure the fairness and statistical reliability of the results, 
each algorithm is independently run 10 times on each test problem with 500 itera-
tions. Table 3 and Table 4 respectively report the mean and variance of IGD and 
PSP metrics for IMODBO and six compared algorithms on the CEC2020 test suite. 

 
Table 3. IGD values obtained by IMODBO and other compared algorithms. 

function  NSGAII MOEA/D MOWOA MOSSA MOGWO MODBO IMODBO 

MMF1 
Mean 2.82E−03 4.19E−03 1.62E−02 2.24E−03 9.74E−03 2.49E−03 2.30E−03 

SD 7.08E−05 1.30E−04 7.02E−04 6.64E−05 3.81E−03 6.96E−05 1.03E−04 

MMF2 
Mean 7.45E−03 3.77E−03 1.05E−01 5.70E−03 4.14E−02 1.06E−02 8.69E−03 

SD 5.24E−03 3.37E−05 4.12E−02 7.29E−04 2.89E−02 1.75E−03 7.08E−04 

MMF4 
Mean 2.65E−03 3.81E−03 9.73E−03 2.39E−03 9.89E−03 2.29E−03 2.19E−03 

SD 1.56E−04 1.75E−05 1.40E−03 1.33E−04 2.27E−03 1.60E−04 1.47E−04 

MMF5 
Mean 3.94E−03 4.04E−03 1.45E−02 2.22E−03 1.87E−03 2.43E−03 2.28E−03 

SD 4.10E−03 7.99E−05 2.05E−03 6.95E−05 9.25E−05 8.71E−05 4.09E−05 
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MMF7 
Mean 2.61E−03 3.88E−03 1.08E−02 2.32E−03 3.72E−03 2.27E−03 2.25E−03 

SD 8.26E−05 6.83E−05 8.64E−04 6.29E−05 3.91E−04 6.72E−05 5.98E−05 

MMF8 
Mean 2.58E−03 4.21E−03 2.45E−02 2.31E−03 2.78E−03 2.58E−03 2.50E−03 

SD 1.11E−04 3.63E−06 4.99E−03 8.23E−05 4.57E−03 8.58E−05 6.58E−05 

MMF10 
Mean 2.09E−01 2.56E−01 2.62E−01 8.66E−02 3.65E−02 6.69E−02 5.07E−02 

SD 1.10E−01 1.13E−01 4.07E−02 2.26E−02 5.53E−03 9.16E−03 8.56E−03 

MMF11 
Mean 2.13E−02 7.76E−02 7.57E−02 9.61E−03 1.06E−02 9.73E−03 9.44E−03 

SD 1.40E−03 1.16E−04 1.16E−02 5.08E−04 8.78E−04 3.98E−04 5.42E−04 

MMF12 
Mean 9.98E−03 6.72E−03 5.93E−02 5.59E−03 2.85E−03 3.78E−03 3.05E−03 

SD 1.19E−02 5.76E−04 1.92E−02 1.04E−03 3.59E−04 6.66E−04 3.49E−04 

MMF13 
Mean 2.76E−02 4.64E−01 1.24E−01 1.58E−02 1.66E−02 1.40E−02 1.20E−02 

SD 1.42E−03 9.92E−04 2.70E−02 2.64E−03 1.72E−03 8.55E−04 3.41E−04 

MMF14 
Mean 1.34E−01 2.48E−01 1.58E−01 1.02E−01 1.03E−01 9.12E−02 9.19E−02 

SD 6.06E−03 1.64E−02 9.03E−03 4.23E−03 1.83E−02 2.71E−03 2.20E−03 

MMF15 
Mean 1.99E−01 2.95E−01 1.95E−01 1.10E−01 9.47E−02 9.26E−02 9.20E−02 

SD 2.45E−02 1.99E−02 1.97E−02 4.70E−03 1.41E−02 2.70E−03 2.10E−03 

MMF1_e 
Mean 2.38E−02 5.85E−02 8.61E−02 3.11E−03 9.14E−03 6.05E−03 5.77E−03 

SD 2.50E−02 2.16E−02 3.04E−02 2.79E−04 2.43E−03 4.63E−04 5.14E−04 

MMF14_a 
Mean 1.44E−01 2.34E−01 1.45E−01 1.07E−01 1.36E−01 9.71E−02 9.62E−02 

SD 9.50E−03 1.74E−02 9.78E−03 6.24E−03 3.49E−02 5.94E−03 3.81E−03 

MMF15_a 
Mean 2.29E−01 2.90E−01 1.88E−01 1.15E−01 1.17E−01 9.85E−02 9.57E−02 

SD 1.52E−02 1.88E−02 1.64E−02 7.31E−03 2.56E−02 2.73E−03 1.64E−03 

MMF10_l 
Mean 2.82E−01 2.20E−01 2.22E−01 2.29E−01 2.22E−01 2.32E−01 2.13E−01 

SD 2.72E−02 1.34E−02 5.01E−02 1.13E−02 7.34E−03 9.03E−03 5.08E−03 

MMF11_l 
Mean 9.50E−02 1.69E−01 1.28E−01 9.30E−02 9.59E−02 9.43E−02 9.30E−02 

SD 2.89E−04 1.08E−04 1.45E−02 4.04E−04 1.18E−03 1.22E−03 1.79E−04 

MMF12_l 
Mean 8.59E−02 9.09E−02 1.25E−01 8.87E−02 8.56E−02 8.50E−02 8.48E−02 

SD 1.46E−04 5.24E−04 1.35E−02 3.06E−03 4.24E−04 9.28E−04 9.75E−04 

MMF13_l 
Mean 1.49E−01 6.26E−01 1.97E−01 1.39E−01 1.53E−01 1.51E−01 1.47E−01 

SD 8.81E−04 7.41E−04 1.28E−02 1.17E−02 3.82E−03 3.93E−03 1.04E−03 

MMF15_l1 
Mean 2.27E−01 2.66E−01 2.34E−01 1.87E−01 2.08E−01 1.87E−01 1.90E−01 

SD 8.01E−03 1.73E−02 1.14E−02 2.94E−03 1.74E−02 2.89E−03 4.55E−03 

MMF15_a_l 
Mean 2.32E−01 2.79E−01 2.28E−01 2.00E−01 1.97E−01 1.90E−01 1.89E−01 

SD 8.54E−03 2.02E−02 9.40E−03 5.25E−03 1.79E−02 3.20E−03 3.00E−03 

MMF16_l1 
Mean 1.91E−01 2.81E−01 2.21E−01 1.65E−01 1.75E−01 1.62E−01 1.62E−01 

SD 6.99E−03 1.76E−02 8.99E−03 3.25E−03 1.89E−02 1.54E−03 3.03E−03 

MMF16_l2 
Mean 2.66E−01 2.69E−01 2.61E−01 2.88E−01 2.61E−01 2.33E−01 2.32E−01 

SD 1.48E−02 1.40E−02 1.23E−02 5.64E−03 1.77E−02 4.98E−03 4.42E−03 

MMF16_l3 
Mean 2.23E−01 2.83E−01 2.42E−01 1.97E−01 2.13E−01 1.97E−01 1.98E−01 

SD 9.82E−03 1.53E−02 8.63E−03 4.09E−03 1.68E−02 2.61E−03 4.55E−03 
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Table 4. PSP values obtained by IMODBO and other compared algorithms. 

Function  NSGAII MOEA/D MOWOA MOSSA MOGWO MODBO IMODBO 

MMF1 
Mean 9.14E+00 6.81E+00 7.85E+00 1.15E+01 8.38E+00 1.89E+01 1.85E+01 

SD 1.39E+00 2.28E+00 1.09E+00 2.79E+00 1.36E+00 9.10E−01 7.66E−01 

MMF2 
Mean 1.35E+01 9.44E+00 1.21E+01 2.40E+01 6.34E+00 2.06E+01 2.92E+01 

SD 7.64E+00 4.15E+00 4.38E+00 1.73E+01 3.87E+00 4.32E+00 3.87E+00 

MMF4 
Mean 7.23E+00 3.66E+00 1.19E+01 1.53E+01 9.70E+00 2.04E+01 2.42E+01 

SD 1.70E+00 1.27E+00 1.45E+00 3.52E+00 1.96E+00 1.44E+00 1.81E+00 

MMF5 
Mean 4.93E+00 3.24E+00 5.14E+00 8.55E+00 4.52E+00 1.01E+01 2.00E+01 

SD 6.75E−01 7.71E−01 5.12E−01 1.15E+00 9.80E−01 9.19E−01 4.61E−01 

MMF7 
Mean 1.35E+01 6.99E+00 1.36E+01 2.84E+01 1.38E+01 2.87E+01 7.11E+01 

SD 2.83E+00 3.75E+00 2.16E+00 4.41E+00 2.25E+00 3.00E+00 1.65E+00 

MMF8 
Mean 7.09E−01 5.99E−01 2.58E+00 1.01E+00 9.50E−01 4.58E+00 7.18E+00 

SD 3.25E−01 3.08E−01 4.91E−01 7.96E−01 5.47E−01 1.77E+00 1.72E+00 

MMF10 
Mean 2.63E+01 6.63E+01 1.54E+01 3.52E+01 5.51E+01 4.42E+01 4.55E+01 

SD 6.70E+01 1.35E+02 9.66E+00 9.02E+00 1.11E+01 9.27E+00 8.49E+00 

MMF11 
Mean 1.73E+02 2.60E+02 3.21E+01 2.45E+02 5.49E+01 1.62E+02 1.52E+02 

SD 1.72E+01 2.93E+00 1.03E+01 6.77E+00 7.42E+00 1.16E+01 1.08E+01 

MMF12 
Mean 3.48E+02 3.89E+02 3.89E+01 4.17E+02 3.74E+01 2.83E+02 3.13E+02 

SD 1.58E+02 1.51E+01 3.15E+01 6.01E+01 1.24E+01 3.79E+01 6.92E+00 

MMF13 
Mean 9.97E+00 1.27E+01 8.16E+00 2.36E+01 1.20E+01 2.64E+01 2.69E+01 

SD 2.44E+00 2.98E+00 1.36E+00 2.57E+00 4.01E+00 3.09E+00 1.49E+00 

MMF14 
Mean 7.80E+00 7.96E+00 9.04E+00 9.40E+00 6.91E+00 1.38E+01 1.43E+01 

SD 7.97E−01 4.70E−01 5.82E−01 9.28E−01 1.70E+00 7.04E−01 4.66E−01 

MMF15 
Mean 9.59E+00 8.29E+00 1.05E+01 1.72E+01 1.40E+01 2.01E+01 2.17E+01 

SD 1.21E+00 6.20E−01 1.32E+00 1.12E+00 1.13E+00 4.97E−01 6.31E−01 

MMF1_e 
Mean 3.27E−01 2.18E+00 1.76E+00 9.18E−01 2.09E−01 2.89E+00 3.18E+00 

SD 4.24E−01 2.34E−01 7.35E−01 5.10E−01 7.85E−01 7.61E−01 1.51E−01 

MMF14_a 
Mean 5.94E+00 7.51E+00 7.80E+00 8.07E+00 5.62E+00 9.63E+00 1.07E+01 

SD 6.80E−01 1.45E−01 4.50E−01 6.52E−01 1.95E+00 1.28E+00 7.82E−01 

MMF15_a 
Mean 6.60E+00 7.77E+00 9.31E+00 1.42E+01 8.70E+00 1.62E+01 1.68E+01 

SD 6.63E−01 4.49E−01 9.73E−01 1.52E+00 1.68E+00 4.49E−01 3.97E−01 

MMF10_l 
Mean 2.84E+00 3.89E−01 2.91E+00 1.02E+00 3.95E+00 3.08E+00 1.48E+01 

SD 3.33E+00 3.54E−01 4.70E+00 2.41E+00 6.03E−01 8.98E−01 1.07E+00 

MMF11_l 
Mean 3.68E−01 1.30E−01 3.42E+00 6.01E−01 3.60E+00 3.28E+00 9.04E+00 

SD 1.01E−01 5.15E−02 3.94E+00 3.38E−02 3.52E−01 6.57E−01 7.09E−01 
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MMF12_l 
Mean 2.47E−01 7.59E−02 1.33E+01 8.23E−01 3.22E+00 3.42E+00 3.63E+00 

SD 6.36E−02 8.37E−02 5.37E+00 1.63E−01 3.24E−01 4.99E−01 8.16E−01 

MMF13_l 
Mean 1.25E+00 1.48E+00 4.31E+00 1.76E+00 2.32E+00 2.41E+00 2.56E+00 

SD 2.74E−01 1.99E−01 7.32E−01 5.27E−02 2.26E−01 1.36E−01 1.31E−01 

MMF15_l1 
Mean 3.07E+00 4.54E+00 6.45E+00 5.47E+00 4.16E+00 4.72E+00 8.10E+00 

SD 1.38E+00 1.15E+00 7.30E−01 5.02E−01 1.05E+00 6.96E−01 4.69E−01 

MMF15_a_l 
Mean 3.28E+00 4.88E+00 6.45E+00 5.04E+00 5.49E+00 4.59E+00 7.35E+00 

SD 4.11E−01 4.37E−01 7.59E−01 2.68E−01 1.58E+00 6.32E−01 1.73E−01 

MMF16_l1 
Mean 4.19E+00 6.29E+00 6.79E+00 6.49E+00 5.41E+00 6.60E+00 7.95E+00 

SD 8.75E−01 2.30E−01 5.28E−01 3.02E−01 1.08E+00 4.59E−01 6.46E−01 

MMF16_l2 
Mean 1.94E+00 7.90E+00 5.58E+00 4.43E+00 2.95E+00 3.52E+00 3.27E+00 

SD 1.09E+00 7.60E−01 8.92E−01 7.89E−01 6.94E−01 8.31E−01 6.19E−01 

MMF16_l3 
Mean 3.18E+00 4.84E+00 5.81E+00 5.39E+00 4.07E+00 5.15E+00 7.78E+00 

SD 5.37E−01 2.83E−01 8.03E−01 3.14E−01 1.39E+00 3.52E−01 6.00E−01 

 
Table 3 shows that IMODBO exhibits better convergence performance and dis-

tribution characteristics across most test functions. Its average IGD values on 
MMF1, MMF8, and MMF16_l3 are close to the optimal average IGD values. On 
MMF10, MMF12, MMF14, and MMF1_e, the average IGD values of IMODBO 
are better than those of all compared algorithms except MOGWO. Due to the 
complex characteristics of these functions, such as strong multimodality, discon-
tinuity, or structural transformation, MOGWO demonstrates stronger global 
multimodal search capability and greater adaptability to complex structures 
through its distributed leadership mechanism based on social hierarchy. 

The results in Table 4 show that IMODBO outperforms the compared algo-
rithms on most test functions. However, on problems with linear Pareto sets such 
as MMF10, MMF11, and MMF12, the average PSP value of IMODBO is slightly 
lower than that of MOEA/D. This is because the decomposition strategy of 
MOEA/D systematically searches along predefined directions to efficiently obtain 
uniformly distributed solution sets, whereas IMODBO relies on group competi-
tion and random disturbances, lacking a directional guidance mechanism for lin-
ear structures. Its diversity strategy, in contrast, reduces search efficiency and the 
quality of the solution set distribution in such problems, leading to insufficient 
performance on the PSP metric. IMODBO ranks second only to MOWOA on 
MMF12_l and MMF13_l, mainly because these two types of functions have highly 
asymmetric, skewed Pareto fronts that place extremely high demands on the al-
gorithm’s exploration capability in sparse regions. MOWOA can more effectively 
cover these sparse regions through its strong global search mechanism, which 
combines spiral updates and random walks. Although IMODBO introduces a 
sine-cosine disturbance to enhance diversity, its exploration efficiency in sparse 
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regions is insufficient in this scenario, leading to poor performance. In summary, 
the IGD and PSP values of IMODBO are superior to or comparable to those of 
other compared algorithms on most test functions. Although there is room for 
improvement in some optimization scenarios with specific structural characteris-
tics, overall, it is suitable for most multi-objective optimization needs in complex 
3D path planning and can provide reliable support for efficient full-coverage op-
erations of UAVs. 

The algorithm’s performance can be further verified through visual analysis of 
convergence curves. Figures 3-6, respectively, show the PS (Population Spread) 
or PF (Pareto Front) of the IMODBO algorithm and the comparison algorithms 
for the MMF1, MMF8, MMF15, and MMF14_a test functions. The PS graph re-
flects the dynamic distribution state of the population during the optimization 
process, while the PF graph reflects the convergence and distribution characteris-
tics of the Pareto front obtained by the algorithm in the objective space. Figure 3 
shows that on the MMF1 test function, the PF convergence curve of IMODBO 
converges to the global optimal region faster than other algorithms and maintains 
good population diversity. Figure 4 presents the PFs of each algorithm on the 
MMF15 test function, where the PF curves perform well in both convergence and 
coverage, especially being closer to the true front in the objective space and exhib-
iting a wider distribution. Figure 5 shows the PS of each algorithm on MMF8; 
solutions generated by IMODBO exhibit a wider coverage range and a more com-
plete structure, thereby effectively avoiding local optima. Figure 6 presents the PS 
of the IMODBO algorithm on the MMF14_a test function, and its solution set still 
effectively approaches the true front with more complete coverage, even in a com-
plex multi-modal environment. 

 

 

Figure 3. PF of compared algorithms on MMF1. 
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Figure 4. PF of compared algorithms on MMF15. 
 

 
Figure 5. PS of compared algorithms on MMF8. 
 

 
Figure 6. PS of compared algorithms on MMF14_a. 
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5. Simulation Test of the Improved Algorithm 

To verify the effectiveness of the proposed IMODBO algorithm in 3D coverage 
path planning, simulation comparisons between the traditional MODBO and 
IMODBO algorithm are conducted under conditions. The experiment quantita-
tively evaluates the quality of flight paths generated by the two algorithms from 
three core metrics: coverage rate, number of nodes, and path length. 

5.1. Model Establishment 

To verify the effectiveness of the proposed algorithm in complex 3D environ-
ments, a simulation scenario with unstructured undulating characteristics is con-
structed in this experiment, as shown in Figure 7. Its surface presents typical sad-
dle-shaped features: the central area is relatively flat, while the terrain height 
changes significantly and nonlinearly when extending to the surrounding areas, 
forming multiple local peaks and valleys. This terrain model can effectively simu-
late complex, non-flat landforms such as hills and valleys in the real world, posing 
severe challenges for UAV path planning and coverage. 

The monitoring area is set as a square plane with a side length of 10. The terrain 
height of this area is generated by a continuous and differentiable binary function, as 
shown in Equation (26). Under this terrain condition, the UAV needs to avoid ter-
rain obstacles while achieving complete coverage of the target area, so as to effectively 
test the adaptability and robustness of the algorithm in complex environments. 

 ( ) ( ) ( ), sin cosz x y y x= ⋅ .  (26) 
 

 

Figure 7. 3D diagram of the terrain model. 

5.2. Complete Parameter Settings for Simulation 

1) Mission Area and Grid Resolution 
The planar inspection area is a square with [ ]0,10x∈  and [ ]0,10y∈  and 

the grid resolution is set to 0.5. The terrain elevation function is defined as  
( ) ( ) ( ), sin cosz x y y x= ⋅ ., which generates terrain with continuously varying ele-
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vation across the whole domain. 
2) UAV Spatial Constraints 
The flight altitude constraint is min  1h = − , max 1h = . The z-coordinate of all 

UAV waypoints is strictly restricted within [ ]1,1− ; solutions exceeding this range 
are regarded as infeasible. 

3) Start and End Point Rules 
Taking ( )0,0,0  as the reference point, the node closest to the origin is selected 

as the starting point, without manually fixed start and end coordinates. 
4) Algorithm Population and Termination Criterion 
The population size 50pN = , and the maximum iteration number max 500T = . 

The algorithm terminates once the iteration count reaches 500 and outputs the 
final Pareto solution set, with no early convergence stopping condition. 

5.3. Algorithm Performance 

To eliminate the randomness of single simulation results and suppress numerical 
fluctuations caused by random initialization, five independent repeated experi-
ments were conducted for both MODBO and the proposed IMODBO algorithm 
under identical terrain and simulation parameter settings. The mean values and 
standard deviations of coverage rate, path length, and path node number were 
statistically calculated based on the five groups of experimental data to quantita-
tively evaluate the stability of algorithm performance. The statistical results are 
illustrated in Table 5. 

 
Table 5. Quantitative comparison between IMODBO and MODBO. 

algorithm 
Mean 

coverage rate 
Standard deviation 

of coverage rate 
Mean path 

length 
Standard deviation 

of path length 
Mean number of 

path nodes 
Standard deviation of the 

number of path nodes 

MODBO 72.84 1.4876 72.1694 2.3748 41.8 2.1679 

IMODBO 86.80 0.3670 71.6046 1.1020 41.2 1.9235 

 
Statistical results show that the IMODBO achieves an average coverage rate of 

86.80% in repeated experiments, which is 13.96 percentage points higher than that 
of the MODBO. Furthermore, the standard deviations of coverage rate and path 
length of the IMODBO are significantly lower than those of the original MODBO. 
This indicates that the proposed improved algorithm effectively suppresses the re-
sult fluctuations caused by random initialization and delivers more stable perfor-
mance. Benefiting from multi-objective collaborative optimization, the IMODBO 
yields a shorter average flight path in multiple trials and effectively eliminates route 
redundancy. The average number of path nodes of the IMODBO is 41.2, compared 
with 41.8 for the MODBO. The improved algorithm simplifies redundant nodes 
during path planning and completes full-domain search and rescue tasks with fewer 
nodes. Moreover, the node standard deviation of the IMODBO is 1.9235, which is 
lower than the MODBO’s value of 2.1679. This verifies that the node numbers 
solved by the improved algorithm present smaller fluctuations, and the scale of route 
nodes generated in each planning is more stable and consistent. 
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Multiple mutually non-dominated Pareto optimal solutions were obtained after 
the iterative optimization of the IMODBO algorithm. To satisfy the engineering 
requirements of UAV post-disaster emergency full-coverage search and rescue, a 
weighted evaluation criterion was adopted to determine the unique executable 
path. Firstly, min-max normalization was performed on three minimization ob-
jectives to eliminate dimensional differences. According to the mission character-
istics prioritizing full-area search and rescue, the weights were set as ( 1 0.6w = , 

2 0.2w = , 3 0.2w = ) to construct a comprehensive evaluation function. The com-
prehensive scores of all non-dominated solutions were calculated, and the solu-
tion with the minimum score was selected as the optimal 3D full-coverage path of 
the UAV for simulation and comparison. The optimal schemes obtained by 
screening are presented in Table 6. 

Figures 8-11 show the UAV path planning simulation results of the two algo-
rithms under the corresponding model. Among them, Figure 8 and Figure 9 are 
side views, and Figure 10 and Figure 11 are top views. 

 

 

Figure 8. Side-view simulation result of MODBO in the model. 
 

 

Figure 9. Side-view simulation result of IMODBO in the model. 
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From the side views in Figure 8 and Figure 9, the path generated by the 
IMODBO algorithm fits the terrain undulation well. The UAV’s flight altitude is 
adaptively adjusted to terrain changes, effectively ensuring coverage performance 
while avoiding the risk of collision with the ground. In contrast, the path planned 
by MODBO presents abrupt altitude changes in some areas, which may cause po-
tential safety hazards in actual flight. 

 

 

Figure 10. Top-view simulation result of MODBO in the model. 
 

 

Figure 11. Top-view simulation result of IMODBO in the model. 
 

It can be observed from the top views in Figure 10 and Figure 11 that the nodes 
of the path planned by IMODBO are distributed more uniformly and reasonably 
with appropriate spacing, which can construct a network structure with better 
coverage efficiency. In contrast, the node distribution of MODBO presents obvi-
ous aggregation. Nodes are excessively dense in some areas while relatively sparse 
in others, resulting in reduced overall coverage efficiency. 
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Table 6. Quantitative comparison of optimal schemes. 

algorithm coverage rate node path length 

MODBO 74.6% 40 71.1091 

IMODBO 87.2% 40 70.7435 

 
To demonstrate the effectiveness of the proposed algorithm in simulation ex-

periments, the IMODBO algorithm is compared with the original MODBO algo-
rithm. Table 6 shows that the IMODBO algorithm achieves significant advantages 
in 3D full-coverage path planning. Specifically, IMODBO significantly improves 
the coverage to 87.2%, which is 12.6% higher than MODBO’s 74.6%. This indi-
cates that its deployment strategy can more effectively cover complex 3D terrains. 
The total path length planned by IMODBO is 70.7435, which is shorter than 
MODBO’s 71.1091. It improves coverage quality while reducing path length. With 
the same number of nodes, IMODBO significantly increases the coverage rate and 
shortens the flight path length. 

6. Conclusions 

To address coverage blind areas and path redundancy in UAV full-coverage path 
planning in complex 3D environments, this paper constructs a multi-objective 
collaborative optimization model that integrates coverage integrity, the number 
of path nodes, and path length, and proposes the IMODBO algorithm to effi-
ciently solve the model. To address the shortcomings of the standard Dung Beetle 
Optimization (DBO) algorithm in handling such high-dimensional and complex 
problems, this paper systematically enhances the global exploration capability, lo-
cal exploitation accuracy, and robustness of the algorithm in escaping local optima 
by introducing the Latin Hypercube Sampling (LHS) initialization strategy, dy-
namic adaptive parameter adjustment mechanism, and sine-cosine hybrid dis-
turbance strategy. 

Experimental results show that the proposed IMODBO algorithm exhibits su-
perior comprehensive performance on the standard multi-objective test set. In the 
simulation verification for the 3D full-coverage path planning task, compared 
with the original MODBO algorithm, IMODBO significantly increases the cover-
age rate from 74.6% to 87.2% while maintaining the same number of nodes, and 
simultaneously shortens the total flight path length. This fully demonstrates that 
the method proposed in this paper can effectively overcome the coverage blind 
spot problem caused by insufficient handling of the height dimension in existing 
studies, and provides a practical technical solution for UAVs to perform efficient, 
complete autonomous operation tasks in unstructured 3D scenarios. 

Future research work will focus on extending the algorithm to dynamic obstacle 
environments to enhance its real-time adaptability in real emergency scenarios, 
and on exploring the multi-UAV collaborative coverage mechanism to further 
improve the operation efficiency in large-scale areas. 
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