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Abstract: With the rapid development of the low-altitude economy and smart logistics, unmanned 

aerial vehicles (UAVs), as core low-altitude platforms, have been widely applied in urban delivery, 

emergency rescue, and other fields. Although path planning in complex environments has become a 

research hotspot, optimization and scheduling of UAVs under time window constraints and task 

assignments remain insufficiently studied. To address this issue, this paper proposes an improved 

algorithmic framework based on a two-layer structure to enhance the intelligence and coordination 

efficiency of multi-UAV path planning. In the lower-layer path planning stage, considering the 

limitations of the Whale Optimization Algorithm (WOA) such as slow convergence, low precision, 

and susceptibility to local optima, this study integrates a backward learning mechanism, nonlinear 

convergence factor, random number generation strategy, and genetic algorithm principle to construct 

an improved IWOA. These enhancements significantly strengthen the global search capability and 

convergence performance of the algorithm. For upper-layer task assignment, the Improved ALNS 

(IALNS) addresses local optima issues in complex constraints. It integrates K-means clustering for 

initialization and a simulated annealing mechanism, improving scheduling rationality and solution 

efficiency. Through the coordination between the upper and lower layers, the overall solution 

flexibility is improved. Experimental results demonstrate that the proposed IALNS-IWOA two-layer 

method outperforms the conventional IALNS-WOA approach by 7.30% in solution quality and 7.36% 

in environmental adaptability, effectively improving the overall performance of UAV trajectory 

planning. 

Keywords: trajectory planning; time window; task allocation; two-layer structure; improved whale 

optimization algorithm 

 

1. Introduction 

The Outline of the Strategic Plan for Expanding Domestic Demand (2022–2035), issued by the 

Central Committee of the Communist Party of China and the State Council, explicitly proposes 

“supporting the application of technologies such as autonomous driving and unmanned delivery”, 

highlighting the development of new types of consumption. This marks the formal entry of the low-

altitude economy into industrialization and standardization [1]. Low-altitude airspace policies are 

being continuously refined, and low-altitude aircraft technologies are rapidly advancing. As a result, 

drone applications in low-altitude airspace have expanded, particularly in military reconnaissance, 

emergency rescue, and logistics delivery applications [2]. However, traditional single-drone models 

can no longer meet the demands of large-scale applications. Ensuring the safety, feasibility, and 

optimality of multi-drone cooperative flight paths under multiple constraints has become a core 

challenge in the field of intelligent path planning. 
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The drone task assignment problem with time windows can be abstracted as a dynamic 

scheduling problem involving multiple agents under spatiotemporal constraints. Essentially, it is an 

extension of the Vehicle Routing Problem with Time Windows (VRP-TW) [3]. With ongoing 

technological advancements, research on VRP-TW has become increasingly diversified, ranging from 

traditional single-depot route planning to more complex scenarios involving multiple depots and 

time window constraints. The literature [4] developed an adaptive genetic algorithm with dynamic 

crossover/mutation probabilities, enhancing solution efficiency and quality. The literature [5] used 

an LSTM network to predict logistics demands, integrating forecasts into VRP for routing 

optimization. For problems involving hard time windows and heterogeneous vehicle types, BPC 

model with capacity inequalities to reduce the relaxation gap was introduced to improve urban waste 

collection efficiency successfully [6]. The literature [7] developed a novel mathematical model using 

an innovative backtracking approach to address a variable-location delivery problem with multiple 

time windows, using hospital data to assess the impact of delivery locations and cost functions, 

thereby enhancing delivery flexibility. The literature [8] recognized the need for dynamic route 

adjustments in emergency rescue scenarios, and argued that soft time windows are more appropriate. 

Mathematical model for optimizing multi-rescue-vehicle routes with soft time windows for a multi-

depot scenario is constructed and a hybrid genetic algorithm incorporating a nearest-neighbor 

heuristic to solve the problem is proposed. While VRP and its variants have been widely studied—

particularly in optimizing multi-depot vehicle scheduling to reduce logistics costs and enhance 

transportation efficiency, research on applying VRP to drone systems has lagged. With the rapid 

development of drone technologies, more researchers are now beginning to apply VRP 

methodologies to drone path planning. Unlike traditional vehicle delivery problems, drone routing 

must consider additional physical constraints such as ground obstacles, flight altitude, and range 

limitations, as well as aerial no-fly zones, payload capacities, and multi-drone coordination. 

In recent years, with the rapid development of deep learning and distributed control technology, 

multi-UAV formation path planning and scheduling has become a research hotspot. The literature 

[9] achieved dynamic obstacle avoidance and cooperative formation in complex urban environments 

by using deep reinforcement learning methods, which significantly improved the planning efficiency 

and robustness. The literature [10] proposed a hybrid algorithm combining genetic algorithm and 

particle swarm optimization for real-time multi-UAV task scheduling and achieved better 

performance in scenarios containing hard and soft time window constraints. In addition, the 

literature [11] proposed a distributed consensus-based coordination strategy for heterogeneous UAV 

formations, which effectively mitigates the cooperative degradation problem when the 

communication bandwidth is limited. However, most of the above works focus on single-layer path 

or scheduling optimization, failing to simultaneously consider the coupled optimization of path 

planning and task allocation under spatio-temporal constraints. The literature [12] proposed a hybrid 

distributed scheduling framework based on deep reinforcement learning to cope with the dynamic 

task allocation problem in urban disaster relief ; The literature [13] introduced a path prediction 

algorithm based on graph neural networks in a multi-UAV collaborative environment, realizing real-

time obstacle avoidance in dense urban airspace ; The literature [14] optimized airspace sharing and 

game theory among different operators by combining multi-intelligent reinforcement learning and 

game theory. real-time obstacle avoidance in high-density urban airspace. Whereas these studies 

show significant differences in algorithm design, simulation scenarios, and application focus in 

different regions, they all face the challenge of trade-off between coordination efficiency and real-

time performance. There is a lack of a unified evaluation framework to compare the performance of 

different methods in multiple typical scenarios, which is difficult to guide practical system 

deployment. 

Based on these gaps this paper proposes a two-layer algorithmic framework from three 

perspectives of 3D modeling, spatio-temporal constraints and task allocation to achieve algorithmic 

generalization and superior performance across scenarios. Therefore, to address the problems of 

inefficient coupling of task assignment and path optimization, easy to fall into local optimum, and 
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insufficient consideration of multi-dimensional constraints such as time window, load, range and 

terrain in existing multi-UAV scheduling algorithms under spatio-temporal constraints, this paper 

proposes a two-layer structure-based IALNS-IWOA cooperative framework. In the upper-level task 

allocation stage, the Improved Adaptive Large Neighborhood Search (IALNS) introduces K-means 

clustering to construct the initial solution and combines the simulated annealing acceptance criterion 

in order to enhance the diversity of the solutions and the ability of jumping out of the local optimums; 

in the lower-level path planning stage, the Improved Whale Optimization Algorithm (IWOA) 

strengthens global search through an adversarial learning mechanism with nonlinear convergence 

factors, and embeds a genetic operator to achieve the global search, and embeds a genetic algorithm 

to achieve the global search. search, and embedded genetic operators to achieve local variation to 

enhance the solution accuracy; the two interact with each other through iterative information, with 

the upper-layer allocation results guiding the lower-layer planning and the lower-layer cost feeding 

back to the upper-layer update, thus achieving efficient collaborative scheduling and a significant 

improvement in optimization performance in a multi-UAV multi-constraint environment. 

2. Modeling 

The Multi-Drone Routing Problem with Time Windows (MDRP-TW) extends the classical 

Vehicle Routing Problem with Time Windows (VRP-TW) to multiple aerial vehicles operating in 3D 

space. In MDRP-TW, a fleet of UAVs must service spatially distributed tasks—each with its own time 

window and demand—while respecting additional aerial constraints such as altitude limits, no-fly 

zones, endurance and payload capacities. The objective is to jointly assign tasks to drones and 

generate collision-free, energy-efficient 3D trajectories that minimize a composite cost (e.g. time, 

distance, or energy) under these spatio-temporal constraints. To ensure the alignment of the planned 

routing scheme with real-world application scenarios while maintaining feasibility and effectiveness, 

it is necessary to establish constraint conditions for the MDRP-TW model. This section provides the 

mathematical formulation of the Multi-Drone Routing Problem with Time Window (MDRP-TW). The 

model incorporates various real-world constraints such as no-fly zones, altitude restrictions, time 

windows, and UAV payload capabilities. The objective functions are detailed in Equations (1) 

through (5). 

min D R F= +  (1) 

1 2t cR R R = +  (2) 

1 2 3 4 5Length safe Height Smooth CollisionF f f f f f    = + + + +  (3) 

1 2 1 + =  (4) 

1 2 3 4 5 1    + + + + =  (5) 

Here, D  in Equation 1 represents the objective function of the MDRP-TW model, R  denotes 

the objective function of the task allocation model, and F  represents the objective function of the 

trajectory optimization model. Specifically. 
t

R  in Equation 2 denotes the cost associated with time 

window constraints, 
c

R the cost related to payload constraints,  denotes the weighting coefficient 

in the task allocation model. In Equation 3 
Length

f  the cost of trajectory length constraints with a 

weighting factor of 1 , in addition, 
Safe

f  indicates the cost due to no-fly zone constraints with a 

weighting factor of 2 , 
Height

f  denotes the cost related to flight altitude constraints with a weighting 

factor of 3 , 
Smooth

f  refers to the cost of flight smoothness constraints with a weighting factor of 4

, and 
Collision

f  represents the cost arising from spatial conflict constraints with a weighting factor of 
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5 . and all weight coefficients add up to 1 in Equation 5, ensuring flexibility in problem adjustment. 

Table 1 defines all the mathematical symbols used in the model of this study and their meanings, 

while Fig. 1 shows a schematic diagram of the no-fly zone model with the coordinates of the trajectory 

points and the coordinates of the centre axis of the no-fly zone, and distinguishes the meanings of 

different distances between the UAV and the no-fly zone. 

Table 1. Description of variables and parameters used in the MDRP-TW optimization model. 

Symbol Explanation 

iL  Euclidean distance between the ith  and ( )1i th+  waypoints of the UAV 

ijR  Constraint from the ith waypoint to the jth no-fly zone 

ih  Flight altitude of the UAV at the ith waypoint 

maxh   minh  Maximum and minimum flight altitudes of the UAV 

i  Turning angle 

i  Pitch angle 

,p qd  Distance between the pth and qth UAVs 

it  Time when the UAV arrives at the ith task point 

,1iT   
,2iT  Left and right time windows of the ith task point 

iq  Task volume of the ith task point 

cP  Maximum task volume that the UAV can complete 

 

 

Figure 1. Schematic diagram of the UAV trajectory, collision avoidance buffer, and cylindrical no-fly zone model. 

The UAV flight path is represented as a series of 3D points ( ), ,i iix y z , while the red ellipsoid denotes the 

safety buffer for collision avoidance. The right-side vertical cylinder illustrates a no-fly zone with center 
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( ),o ox y  and radius r . Distances 1d , 2d , and id represent the UAV's proximity to restricted airspace 

boundaries and are used in constraint formulations. 

In this study, the no-fly zone is modeled as an infinitely high cylinder. Let the coordinates of the

ith trajectory point be denoted as ( )i i
x y， , and a point on the central axis of the no-fly zone be 

denoted as ( )o o
x y， . 

2.1. Mathematical Model of the Trajectory Planning Layer 

To solve the MDRP-TW problem, a dual-layer framework is constructed in this study. The drone 

flight path is represented by a set of discrete trajectory points, denoted as set N . The first step is to 

determine the optimal trajectory between each pair of task points, which defines the trajectory 

optimization layer [15-17]. The specific formulation is provided in Equations (6) through (13). 

1

Length i

i

l

f L
=

=  (6) 

( ) ( )
2 2

i i o i od x x y y= − + −  (7) 

1collisionr r d= +  (8) 

2threatr r d= +  (9) 

( )
1

,

1

2

1000

max minN
i min i max

Height Height i

i

h h
h h h h

f F

otherwise

−

=

  +
−   

= =  
 
 

  (10) 

1

Smooth

2 1

N N

i i

i i

f  
−

= =

= +   (11) 

, 2

, ,2 1 1 2

, 1

0 2

2 2

1000

p q

p q p qCollision

p q

d d

f d d d d d d

d d









= + −  



 (12) 

( ) ( ) ( )
2 2 2

,p q p q p q p qd x x y y z z= − + − + −  (13) 

All symbols in Equation 6 to Equation 13 are defined as before.The schematic of Eq. 13 is shown 

in Fig. 2, which shows the UAV flying a distance ,p qd  over two different lines of operation. 

 

Figure 2. Schematic of the spacing between the two drones. 
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Having modelled the assessment of each UAV trajectory based on spatial and safety constraints, 

the focus will now be on a tasking model that determines which UAV is assigned to which task point, 

considering the time window and payload constraints. 

2.2. Mathematical Model of the Task Allocation Layer 

Task allocation layer assigns tasks based on the information provided by the lower-level path 

planning model, considering time windows, task loads, and drone payload capacities. Let n  denote 

the total number of task points and K  represent the number of drones used. Task allocation is 

determined according to task loads. The specific formulations are given in Equations (14) to (16). 

( ) ( ),1 ,2

1

1000 ,0 ,0
n

t i i i i

i

R max T t max t T 
=

 =  − + − −   (14) 

1

100
n

c i c

i

R max q P
=

 
=  − 

 
  (15) 

1

n

i

i

c

q

K
p

==

 
 
 
 
  


 (16) 

In this case, the constraints for both tR  and cR  are realized by imposing great penalties, which 

increase as the degree of constraint violation increases; the number of unoccupied people and the 

number of tasks is derived by back-calculating the number of tasks, which can vary with the number 

of tasks. 

Having defined the mathematical formulation of the MDRP-TW problem, work will proceed to 

describe the solution strategy. A two-tier meta-heuristic algorithm - the IALNS algorithm for task 

assignments and the IWOA algorithm for path planning - is designed to solve the problem efficiently. 

3. IALNS-IWOA Algorithm 

Single-layer optimization methods are often insufficient for MDRP-TW problems, as they cannot 

simultaneously handle spatial-temporal trajectory constraints and combinatorial task assignment. 

Therefore, a hierarchical framework is adopted, where the upper layer handles assignment feasibility, 

and the lower layer focuses on trajectory cost minimization. The dual-layer architecture adopted in 

this study offers distinct structural advantages, as it decouples the task allocation and path 

optimization processes, thereby providing greater flexibility and scalability when addressing 

complex constraint problems. First, an improved Whale Optimization Algorithm (IWOA) is 

employed to plan the optimal flight path between each pair of task points. Then, an Improved 

Adaptive Large Neighborhood Search algorithm (IALNS) is used to optimize task allocation by 

determining the visiting sequence of task points for each drone. This approach reduces conflicts and 

idle time during the task assignment process, thereby improving the overall efficiency of multi-drone 

cooperative operations. IALNS and IWOA each possess unique optimization capabilities: the former 

demonstrates strong local search performance in solving combinatorial optimization problems[18], 

while the latter offers superior global search ability, effectively avoiding entrapment in local 

optima[19]. The overall dual-layer architecture of the proposed framework is illustrated in Figure 3. 
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Figure 3. Overall structure of the proposed dual-layer IALNS-IWOA framework for multi-UAV trajectory 

planning. 

A two-tier solution framework is designed based on the MDRP-TW mathematical formulation 

in Section 2. The lower layer focuses on optimal trajectory generation between task points, while the 

upper layer determines the distribution of these tasks among available UAVs. Starting with the 

trajectory planning part. 

3.1. Adaptive Large Neighborhood Search 

The Adaptive Large Neighborhood Search (ALNS) algorithm [20] has been widely applied to 

complex combinatorial optimization problems. Its core idea is to iteratively perform destruction-

repair operations to evolve the solution. Traditional ALNS generates an initial solution and treats it 

as the current best solution. During the iterative process, new solutions are produced through 

destruction and repair operators and are accepted based on a roulette-wheel mechanism, continuing 

until the maximum number of iterations is reached or other termination criteria are satisfied. 

However, such an initialization is prone to falling into local optima and is difficult to escape. 

Moreover, the operator selection and weight adjustment mechanisms lack adaptability, resulting in 

low computational efficiency, especially for large-scale problems. To address these issues, this study 

incorporates a K-means clustering strategy [21]during the algorithm initialization phase. During the 

solution update stage, simulated annealing is employed to determine whether the new solution 

should be accepted within the IALNS framework. The algorithm flow is illustrated in Figure 4.  
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Y

N

N

Y

1+=TT

 

Figure 4. Flow Chart of IALNS. 

3.1.1. K-Means Clustering 

The K-Means clustering method divides the given dataset into K  different clusters such that 

the data points in the same cluster show high similarity and the data point information is shown in 

Table 5, while the data points in different clusters have relatively low similarity[22]. The core idea is 

to iteratively search for K cluster centers such that the sum of distances from each data point to the 

center of its assigned cluster is minimized. In this study, the number of clusters is set equal to the 

number of drones deployed. The clustering formulation for K-Means is shown in Equation (17). 

( )
2

1
,

j

K

i jj i C
J d s 

= 
=   (17) 

Here, 
j

C denotes the jth cluster, the mathematical meaning of which is the sum of the squares of the 

errors within the cluster, and is represents a data point belonging to cluster
j

C . During the iterative 

optimization process, the cluster centers
j

 are continuously updated to gradually reduce the 

objective function value J until convergence is achieved. The use of K-Means clustering during 

initialization enables the generation of solutions with better structure and rationality, facilitating 

faster convergence of the algorithm toward near-optimal solutions. The clustering results are shown 

in Fig. 5, where the three coloured task points shown are the initial solution classifications. 
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Figure 5. K-means Clustering Diagram. 

3.1.2. Simulated Annealing Algorithm 

Simulated Annealing (SA) is a general probabilistic algorithm commonly used to search for the 

global optimum within a large solution space [23]. Its core lies in the acceptance criterion, which is 

defined in Equation (18). 

1 0

exp 0

f

P f
f

T

 


=   
−   
 

 (18) 

Here, P represents the probability of accepting a new solution, f is the difference in objective 

function value between the new solution and the current solution, and T denotes the current 

temperature. The ALNS algorithm is prone to becoming trapped in local optima during the search 

process. To address this, IALNS integrates the concept of simulated annealing, allowing the 

algorithm to probabilistically accept inferior solutions under certain conditions. This facilitates escape 

from local optima, broadens the search space, and increases the likelihood of finding a global 

optimum. In summary, the pseudocode of IALNS is presented in Table 2. 

Table 2. Pseudocode of the Improved Adaptive Large Neighborhood Search (IALNS) for upper-layer task 

assignment. 

Algorithm: Adaptive Large Neighborhood Search (IALNS) 

01:  Input Clustering parameters; feasible initial solution from K-means clustering 

02:  
bx x= ; ( )1 1 − =  ； ( )1 1 + =  ； 

03:  Repeat 

04:        Update annealing temperature; update 
−

and 
+

; select d − , r
+ ; 

05:        ( )( )tx r d x= ; 

06:        Use the simulated annealing rule to determine whether to accept the new solution 

07:            If accepted, set
tx x= ; 

08:        End if 

09:        Determine whether the new solution is accepted as the current best solution 

10:            If accepted, update 
−

and 
+
； 
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11:        End if 

12:  Until stopping criterion is met 

13:  Return the best solution 

While the IWOA module provides high-quality inter-point trajectory costs, it requires an 

effective upper-layer strategy to assign tasks to UAVs. We thus construct an Improved Adaptive 

Large Neighborhood Search (IALNS) framework to explore the assignment space under multiple 

constraints. 

3.2. Improved Whale Optimization Algorithm 

The Whale Optimization Algorithm (WOA) is a swarm intelligence optimization algorithm 

inspired by the foraging behavior of humpback whales, and it has been widely applied to solve 

nonlinear optimization problems. However, WOA tends to fall into local optima, has limited global 

search capability, and struggles with complex constraint scenarios. To address these issues, this study 

introduces reverse learning mechanisms, nonlinear convergence factors, random number generation 

strategy, and evolutionary algorithm techniques to propose an Improved Whale Optimization 

Algorithm (IWOA) for optimizing drone trajectory planning. Reverse learning enhances the diversity 

of the initial population, while the convergence factor is modified from linear to nonlinear decay. 

Additionally, enhanced random number generation mechanism is integrated into the iteration 

process to coordinate the algorithm's global exploration and local exploitation capabilities [24]. The 

flowchart of the proposed IWOA is shown in Figure 6. 

Define parameters and initialize 
the population in reverse

Calculate individual fitness and 
update the optimal solution

Generate a random number     and 
update the vector

perform bubble-net 
feeding

output the optimal solution 

Update the optimal 
solution through GA 

perform 
encircling prey

perform 
random search

 End

1+=TT

N

Y

Y

Y

N

N

?1A

p

Start

?5.0p

?maxTT 

 

Figure 6. IWOA Flow chart. 
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3.2.1. Simulated Annealing Algorithm 

The core of the Genetic Algorithm (GA) lies in crossover and mutation operations. By applying 

these operations to parent individuals, GA generates offspring and searches for the solution space to 

find better solutions. In this study, solution updates are guided by this principle: a new solution is 

generated by comparing the current solution with another solution produced through crossover and 

mutation, and the better one is selected as the optimal solution for the current generation [25]. The 

crossover operation simulates genetic information exchange between two individuals. The 

corresponding formulations are shown in Equations (19) and (20). 

( ) ( )1 2

1
1 1

2
newg g g = + + −    (19) 

( )

( )( )

1

1

1

1

2 0.5

2 1 0.5

i i

i

i i





 


 

+

−
+




= 
 − 

 (20) 

Here, 1
g and 2

g represent the parent individuals, new
g denotes the offspring individual,  is the 

crossover coefficient, ( )0,1
i

U is the crossover control parameter, and  is a binary variable

 0,1
i

r  used to control crossover directionality. 

The mutation operation is applied to adjust individuals after crossover, helping to prevent 

premature convergence to local optima. Based on a multipoint mutation strategy, the mutation 

update is formulated as shown in Equation (21). 
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   
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+


 + + − −  −   


=   
  + − − + − −  − 
   

 
(21) 

Here, i
g denotes the value of the ith decision variable of the current individual, and

new

i
g

represents the value of the ith decision variable after mutation. max
g and min

g are the allowable 

maximum and minimum values of the normalized decision variable. 1
 and 2

 represent the distances 

between the current solution and the upper and lower bounds, respectively. In summary, the 

pseudocode for the Improved Whale Optimization Algorithm (IWOA) is provided in Table 3. 

Table 3. Pseudocode of the Improved Whale Optimization Algorithm (IWOA) for UAV trajectory planning. 

Algorithm: Improved Whale Optimization Algorithm (IWOA) 

01:  Input Population size, maximum number of generations, search probability, variable range 

02:  Execute reverse learning initialization to enhance population diversity 

03:  Evaluate the fitness value of each individual and determine the current best solution 

04:  Repeat 

05        Calculate the nonlinear convergence factor and spiral coefficient 

06        Generate a random number p  

07       If 0.5p   

08           If 1A   

09                Perform random search 

10           Else: 

11               Perform encircling prey 

12       Else: 

13           Update position using GA-based strategy 

14     Update solution 
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15 End if 

16 Determine whether termination condition is met 

17 Return the best solution found 

This chapter outlines the overall algorithmic structure. The IWOA and IALNS components of 

architecture operate in a coordinated manner, with IWOA providing the trajectory costs of the task 

combinations, and IALNS using this information to adaptively re-assign tasks. The interplay between 

these two layers enables flexible yet coordinated optimization. In the following section, we validate 

the proposed method through simulation experiments under various mission settings. 

4. Simulation Experiments 

4.1. Simulation Environment and Mapping to Mathematical Model 

To ensure that the proposed mathematical model is faithfully reflected in the simulation 

environment, this section presents a structured mapping from the model components to their 

implementation in MATLAB. with the simulation environment set as a 3D space of size 

500 500 300  , containing 2 no-fly zones, 1 starting point, and 15 task points with varying task 

loads. The maximum payload capacity of a single drone was set to 110 [26]. Using the Analytic 

Hierarchy Process (AHP) [27] , and after consistency verification, the weight coefficients were 

determined as follows:, 1
0.5 =

2
0.5 = ; 1

 、 2
 、 3

 、 4
 、 5

 were set to 0.4357, 0.1875, 0.0625, 

0.2500, and 0.0625, respectively. In the simulation code, these are used as fixed input parameters 

during fitness evaluation. As illustrated in Figure 7, the terrain environment was modeled in 3D space

500 500 300  using curved surfaces and cylindrical volumes to simulate obstacles and 

topographical constraints. The information from this map will be used as input for the lower 

trajectory planning section. These elements were considered infinitely high and impassable. The 

corresponding data are listed in Table 4: 

 

Figure 7. Schematic Diagram of the Terrain Environment. 

Table 4. Data Information Table of the No - Fly Zone. 

Serial Number Center of the Bottom Circle Radius 

1 (250,370) 40 

2 (140,250) 35 
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The distribution of task points in the terrain is shown in Figure 8, Figure 7 and Table 4 reflect 

the inputs to the lower objective function F . The 
Safe

f  mentioned in Equation (3) uses the distance 

between the UAV path and the no-fly zone, and the 
Height

f  calculates the spacing between the UAVs 

to avoid conflicts. 
Collision

f  penalizes flights that exceed the allowable flight altitude range, and Each 

term shown in the representation is a method for calculating the flight altitude range. And the 

symbols 
Safe

f 、
Height

f 、
Collision

f  represent that each term shown is calculated based on the 3D 

environment and geometry using equations (6)-(13).  

The mission point information is shown in Table 5, complete with a mapping of the upper-level 

objective function R . Where tR  is the penalty for violating the time window as shown in Eq. (14), 

which is computed by comparing the arrival time of each mission point with its allowed service 

interval. cR  represents the mission overload as shown in Equation (15), which penalizes the UAV 

if its total mission exceeds the payload limit. These values are calculated during the mission 

assignment phase using time and load data extracted from the solution. 

Table 5. Detailed attributes of task points including coordinates, demands, and time windows. 

Serial Number X-coordinate Y-coordinate Demand 
Left Time 

Window 

Right Time 

Window 
Service Time 

Distribution Center 25 30 / 0 1260 / 

1 50 50 40 480 945 20 

2 380 50 10 456 900 20 

3 50 450 40 48 225 20 

4 450 220 10 432 855 20 

5 250 250 20 16 90 20 

6 100 100 10 384 780 20 

7 120 110 40 128 300 20 

8 130 120 30 176 405 20 

9 300 100 10 368 750 20 

10 300 120 5 240 495 20 

11 400 350 17 312 660 20 

12 420 360 3 392 825 20 

13 150 380 16 72 225 20 

14 80 420 23 344 753 20 

15 480 80 31 272 600 20 

Figure 8 shows the spatial distribution of the mission points in the side and top views. These 

mission locations are represented as basic inputs to the mission assignment framework defined in 

Equations (1)-(3), where UAVs are assigned based on their spatio-temporal distance and capacity 

constraints. 

 

 

 

(a) Side-view (b) Top-view 
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Figure 8. Spatial distribution of mission points and depot locations over 3D terrain.(a) Side view of the terrain 

surface showing altitude changes and UAV start points.(b) Top view showing the 2D distribution of the 15 

mission points on the terrain heat map. 02Black icons indicate depots and blue circles indicate numerically 

labelled mission points. 

The total objective function D  is shown in Equation (1), where R  denotes the mission 

assignment cost and F  denotes the trajectory cost. In the simulation, the environmental parameters 

are transformed into a model for input, using IALNS algorithm to calculate R , using IWOA to 

calculate F , and finally adjusting the weights by AHP to output D . The specific process is shown 

in figure. 9. 

4.2. Experimental Results 

4.2.1. Algorithm Base Performance Validation 

In order to validate the effectiveness of the proposed IWOA, this study compares the IWOA 

with the WOA, PSO and ACO using five benchmark test functions as shown in Table 6.Among them, 

𝐹1(𝑥)-𝐹2(𝑥)are unimodal test functions, 𝐹3(𝑥) is multimodal test function, and 𝐹4(𝑥) − 𝐹5(𝑥)are 

fixed-dimension multimodal test functions. Each algorithm was run for 100 iterations. The average 

value and standard deviation of the results were used as evaluation metrics. Detailed test functions 

are listed in Table 7. 

As shown in Table 7, based on the comparison of mean values and standard deviations of the 

optimal search results, IWOA exhibits slightly lower search precision than PSO only for the 𝐹3 test 

function. However, for the other test functions, the optimal and mean values obtained by IWOA are 

smaller than those of the other algorithms. Moreover, IWOA achieves theoretical optimal values in 

the 𝐹1 and 𝐹4 tests, demonstrating that the improved algorithm is more stable. 

Table 6. Test Functions. 

Category 
Function 

Name 
Expression 

Theoretical 

Optimal 

Value 
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=

 = − +   0 
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0 
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Multimodal 
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Function 
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Function ( )
2

2

2 1 1 124
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4 8
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 0.39788735 
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  0.0003075 

Table 7. Performance comparison of IWOA, PSO, ACO, and standard WOA on benchmark test functions. 
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Test Function Data Type ACO PSO WOA IWOA 

1F  
Mean Value 100222.22 12324.9345 0.6090 0.00077 

Best Value 100222.22 3874.1177 0.05230 1.64983E-05 

2F  
Mean Value 5605894559 202601216.1 33.5324 0.119037 

Best Value 4579640494 37290487.49 1.2149 0.01651 

3F  
Mean Value 21.7181 19.9999 20.4272 20.27560 

Best Value 21.7180 19.9999 20.1486 20.05561 

4F  
Mean Value 15.9554 1.1616 0.6112 0.655569 

Best Value 14.5972 0.3986 0.3979 0.3979 

5F  
Mean Value 0.1170 0.0063 0.0024 0.0013 

Best Value 0.0156 0.0011 0.0010 0.0009 

Table 7 shows that IWOA reaches the theoretical optimal value in single-peak function 1F  and 

fixed-dimension multi-peak function 4F with lower standard deviation than traditional algorithms, 

which proves that it has the stability and anti-local optimality in complex optimization problems, and 

provides the algorithmic basis for UAV trajectory optimization.  

4.2.2. Simulated Annealing Algorithm 

The number of drones used is set to three. The algorithms compared include IALNS-IWOA, 

IALNS-WOA, IALNS-PSO, and IALNS-ACO, each with an average population size of 90 and a 

maximum number of 300 generations. Multi-drone cooperative path planning based on the dual-

layer algorithm was simulated, and the experimental results are shown in Figure 9 and Figure 12. 

  
(1) Side-view (2) Top-view 

Figure 9. Trajectory planning for the MDRP-TW problem under the IALNS-ACO algorithm. 

  
(1) Side-view (2) Top-view 

Figure 10. Flight Path Planning Diagram. Trajectory planning for the MDRP-TW problem under the IALNS-PSO 

algorithm. 
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(1) Side-view (2) Top-view 

Figure 11. Flight Path Planning Diagram. Trajectory planning for the MDRP-TW problem under the IALNS-

WOA algorithm. 

  

(1) Side-view (2) Top-view 

Figure 12. Flight Path Planning Diagram. Trajectory planning for the MDRP-TW problem under the IALNS-

IWOA algorithm. 

The fitness value represents the total cost of combining the task assignment penalty and the 

trajectory planning objective. As shown in Fig. 13, the proposed IALNS-IWOA algorithm converges 

the fastest and has the lowest final fitness value. All algorithms exhibit exploration fluctuations 

during the first 50 iterations; however, IALNS-IWOA converge significantly earlier, i.e., around 120 

iterations. The other algorithms either converge slowly or fluctuate around the local optimum. This 

performance improvement stems from the synergy of the two-layer architecture, where IWOA 

enhances global trajectory exploration using nonlinear convergence and adaptive mutation, while 

IALNS dynamically adjusts task allocation using adaptive damage-repair operators and simulated 

annealing. Together, they enable efficient navigation of large solution spaces and robust escape from 

local optima. The smoother convergence profile of IALNS-IWOA also reflects a better balance 

between exploration and exploitation, confirming its robustness and efficiency in solving MDRP-TW 

with complex constraints. 
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Figure 13. Convergence comparison of different dual-layer algorithms (IALNS-IWOA, IALNS-WOA, IALNS-

PSO, IALNS-ACO) over 300 iterations, evaluated by total fitness. 

The visualization of the experimental results clearly demonstrates the superiority of IALNS-

IWOA in solving trajectory planning for VRP-TW. Detailed information on the dual-layer structures 

of the different algorithms is presented in Table 8. 

Table 8. Optimal task allocation, flight distance, and total fitness values for different dual-layer algorithms in 

UAV path planning. This table summarizes the optimal results obtained from four dual-layer algorithms: 

IALNS-IWOA, IALNS-WOA, IALNS-PSO, and IALNS-ACO. For each algorithm, the task sequences, flight 

distances, task volumes, total distances, and overall fitness values are presented across three UAVs. 

Algorithm Drone Task Points Flight Distance Task Volume Total Flight Distance  Total Fitness 

IALNS-IWOA 

1 0-8-7-1-0 461.30792 110 

2961.5315 4019.38625 2 0-5-13-3-14-0 1054.25558 99 

3 0-10-9-2-15-4-12-11-6-0 1445.96800 96 

IALNS-WOA 

1 0-13-3-14-10-9-0 1227.17871 94 

3194.65192 4338.738 2 0-7-8-1-0 462.48449 110 

3 0-5-11-12-4-15-2-6-0 1504.98872 101 

IALNS-PSO 

1 0-7-8-1-0 462.48449 110 

3063.74593 4147.02121 2 0-5-13-3-14-0 1054.25558 99 

3 0-9-10-2-15-4-12-11-6-0 1547.00586 96 

IALNS-ACO 

1 0-7-1-6-0 566.87832 90 

3543.66885 6603.29729 2 0-3-13-14-8-0 1238.45150 109 

3 0-5-10-2-9-15-4-12-11-0 1738.33903 106 

The comparison results indicate that the proposed dual-layer framework effectively addresses 

the multi-drone coordination problem with time windows. Specifically, the total fitness of the IALNS-

IWOA model is 7.36% higher than that of the IALNS-WOA model, 3.08% higher than that of the 

IALNS-PSO model, and 39.13% higher than that of the IALNS-ACO model. In terms of total flight 

distance, the IALNS-IWOA model achieves reductions of 7.30%, 3.34%, and 16.43% compared to the 

IALNS-WOA, IALNS-PSO, and IALNS-ACO models, respectively. These results validate both the 

effectiveness of the improved algorithm and the superiority of the proposed dual-layer framework. 

4.2.3. Extended Experiments Under Varying Mission Scenarios 

To further evaluate the scalability, adaptability and robustness of the proposed IALNS-IWOA 

algorithm, the study conducted two additional simulation experiments under mission scenarios of 

varying complexity. These extended cases aim to validate the performance of the algorithm when 
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varying the number of mission points, the presence of obstacles and the number of UAVs required. 

The generalized capabilities of the two-tier planning framework proposed in this paper are 

demonstrated by analyzing both lightly loaded scenarios and complex, obstacle-rich scenarios. 

The lightweight experiment was conducted first, and in this minimal configuration, five mission 

points were randomly placed in a flat 3D environment with an area of 500 × 500 × 300. The mission 

point information is shown in Table V for mission points 1 to 5, with no terrain obstacles or no-fly 

zones. The payload and flight parameters of the UAV are consistent with the main experiment. The 

experimental environment is shown in Fig. 14. 

 

Figure 14. Lightweight experimental simulation environment diagram. 

After task evaluation and trajectory planning, the algorithm assigns tasks to two UAVs. The 

planned trajectories are shown in Fig. 15. 

  
(a) Side-view (b) Top-view 

Figure 15. Lightweight experimental drone trajectory planner. 

Among them, the flight trajectories generated by IALNS-IWOA are compact and spatially 

separated from each other, which ensures efficient mission coverage and minimal overlap. At this 

point the experiment yields an adaptation level of A. The mission information performed by each 

UAV is shown in Table 9. 

Table 9. Lightweight Experimental UAV Flight Path Planning Trajectory Information Sheet. 

Algorithm Drone Task Points Flight Distance 
Task 

Volume 

Total Flight 

Distance  
Total Fitness 

IALNS-IWOA 
1 0-3-1-0 852.76203 80 

1973.14747 998.83682 
2 0-5-4-2-0 1120.38544 40 
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The results of this experiment show that the IALNS-IWOA algorithm can efficiently determine 

balanced assignments and short and feasible flight paths without unnecessary complexity, even in 

the case of sparse tasks. 

The second one is the complexity experiment, in which the complexity of the environment and 

the density of the tasks were increased. Twenty task points were randomly distributed in 3D space, 

except for task point 1-task point 15 shown in Table 5, the information of the added task points is 

shown in Table 10; meanwhile, three cylindrical no-fly zones were introduced to simulate the 

complex environment with dense obstacles, except for cylinder 1-cylinder 2 shown in Table 4, the 

information of the added cylinders is shown in Table 11. This experimental environment is shown in 

Fig. 16. 

Table 10. Additional task point information sheet. 

Serial Number X-coordinate Y-coordinate Demand 
Left Time 

Window 

Right Time 

Window 
Service Time 

16 280 180 12 256 540 20 

17 350 260 25 144 330 20 

18 190 300 28 320 660 20 

19 410 140 14 192 420 20 

20 200 230 9 400 810 20 

Table 11. Added no-fly zone data information sheet. 

Center of the Bottom Circle Radius 

(400,100) 20 

 

Figure 16. Complexity experimental simulation environment diagram. 

The algorithm automatically calculates that four UAVs are required for optimal coverage due to 

the cumulative mission requirements and spatial complexity of the layout. The planning trajectory is 

shown in Fig. 17. As can be seen from the figures, the trajectory avoids forbidden areas while 

maintaining reasonable distances and smooth transitions. The UAV task assignments, coverage task 

sequences, total distance flown, and final fitness values are detailed in Table 12. Despite the increased 

difficulty, the IALNS-IWOA framework maintains the feasibility of the trajectory, achieves good load 

balancing, and demonstrates strong coordination of task assignments under complex constraints. 
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(a) Side-view (b) Top-view 

Figure 17. Complexity experimental drone trajectory planner. 

Table 12. Lightweight Experimental UAV Flight Path Planning Trajectory Information Sheet. 

Algorithm Drone Task Points Flight Distance 
Task 

Volume 

Total Flight 

Distance  
Total Fitness 

IALNS-IWOA 

1 0-8-7-6-0 372.88136 80 

4130.72609 1953.13468 
2 0-5-19-17-11-12-16-10-0 1366.03646 96 

3 0-13-3-14-18-0 1085.99370 107 

4 0-9-2-15-4-20-1-0 1305.81457 110 

These two additional experiments further demonstrate the effectiveness and flexibility of the 

proposed IALNS-IWOA framework, not only adapts to varying numbers of UAVs and task points 

but also maintains high-quality solutions under both obstacle-free and obstacle-rich environments. 

Its ability to balance task allocation, avoid constraints, and generate smooth, feasible trajectories 

under diverse mission conditions highlights its robustness and practical applicability in real-world 

UAV planning scenarios.In summary, the extended experiments under varying mission complexities 

further validate the generalizability and reliability of the proposed dual-layer framework. The 

IALNS-IWOA algorithm consistently achieves efficient task allocation and trajectory optimization 

across both sparse and densely constrained UAV scenarios. 

5. Conclusion 

The experimental results validate the robustness and effectiveness of the proposed IALNS-

IWOA framework. Compared to baseline algorithms such as IALNS-PSO, IALNS-WOA, and IALNS-

ACO, our method consistently achieves better convergence behavior and lower overall fitness. This 

performance gain is attributed to the dual-layer coordination: IWOA improves global trajectory 

search, while IALNS efficiently adjusts task assignments with adaptive operators. The algorithm 

maintains strong generalization capability across scenarios with different numbers of UAVs, task 

points, and obstacle configurations. This confirms its potential for deployment in practical UAV 

mission environments such as urban logistics, post-disaster mapping, and dynamic area surveillance. 

Despite its advantages, the proposed method has certain limitations. First, all simulation 

scenarios assume static task locations and predefined obstacle regions, which may differ from 

dynamic real-world missions. Second, the current model handles only homogeneous UAVs with 

uniform payload and flight parameters. Scalability to large-scale missions beyond 50 task points may 

also require further optimization, such as parallel computing or heuristic pruning. In summary, this 

study proposed a dual-layer UAV trajectory planning framework that integrates Improved Whale 

Optimization (IWOA) and Adaptive Large Neighborhood Search (IALNS) to solve the MDRP-TW 

problem. The model incorporates windows, no-fly zones, altitude, payload constraints, and 

environmental obstacles. Extensive experiments confirmed that the proposed method is competitive, 

adaptive, and applicable to varied UAV scheduling tasks. 
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6. Future Research Directions 

Future work will focus on extending the proposed framework to dynamic and uncertain 

environments. In real UAV deployments, tasks may be generated in real time or change due to 

unexpected events such as weather conditions and urgent needs. Integrating real-time data-driven 

scheduling and event-triggered replanning will increase the flexibility of the system. Another 

promising direction is to extend the model to heterogeneous fleets of UAVs with different speeds, 

capacities, and endurance. This will require redesigning the tasking strategy to be capacity-aware 

and adaptable to UAV-specific constraints. From an engineering perspective, we also plan to deploy 

the algorithm on an embedded platform such as an on-board edge processor and validate its 

performance through hardware-in-the-loop simulations or small-scale flight experiments. These 

steps will bridge the gap between theoretical modelling and actual deployment, bringing the system 

closer to practical applications. 
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