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Unmanned Aerial Vehicles are gaining importance in logistics, since they can be easily and 
promptly deployed. Many logistics companies are now actively testing drone-based delivery 
solutions, hoping to make drones a regular tool in their delivery systems. In the near future, 
the logistics drone sector is expected to grow very quickly. However, path planning remains 
a critical challenge in Unmanned Aerial Vehicles logistics applications, as it must account 
for obstacle avoidance, path smoothness, and real-time responsiveness in complex 
environments. To achieve better global optimization performance and convergence 
reliability, a new hybrid algorithm PSO_GOOSE is proposed by combining Particle Swarm 
Optimization with the Goose algorithm in this study. Moreover, the Cauchy mutation is 
adopted to enhance the exploration ability, and the Greedy strategy is applied to speed up 
convergence.  

Flight trajectory is represented and modelled as a spline-interpolated trajectory controlled 
by discrete waypoints in a two-dimensional grid environment. Through extensive simulation, 
the performance of the new algorithm is evaluated and compared with Particle Swarm 
Optimization, Ant Colony Optimization and A* algorithms. Five evaluation metrics are used: 
Best Cost, Path Length, Constraint Violation, Smoothness, and Runtime. The experiments 
show that the novel hybrid algorithm outperforms the baseline methods in key metrics, 
offering superior path feasibility, quality, and efficiency. Additionally, an ablation study 
confirms the individual contributions of Cauchy mutation and the greedy strategy to the 
overall algorithmic performance. The convergence behaviour and path visualizations further 
validate the robustness and adaptability of the proposed approach for logistics applications. 
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1  Introduction 

The swift progress, in the use of Unmanned Aerial Vehicles (UAVs) particularly in logistics 

and deliveries fields has led to a pressing need for improved and dependable path planning 

techniques that are more advanced and efficient in complex settings where UAVs must 

navigate autonomously while ensuring obstacle avoidance and optimizing their operations 

efficiency is key to success. Therefore, this research proposes an algorithm using a 

combination of optimization methods to elevate the planning abilities, for UAV logistical 

tasks. 

1.1  Background and Motivation 

Unmanned Aerial Vehicles (UAVs), commonly referred to as drones, are being considered 

more and more to be used for logistics and delivery services. The increasing dominance of 

retail and e-commerce has sparked interest, in UAVs-based logistics which pledge delivery 

efficiency and cost savings particularly for last-mile distribution [1]. Using UAVs in 

logistics can dramatically reduce the time needed to deliver packages due to UAVs can fly 

directly to the destination, which is useful in locations that are hard to reach for ground 

transportation. Compared to some conventional delivery methods, UAVs are cheaper, 

resulting in cost reductions not just for the businesses that use UAVs but also for the 

customers who purchase the things they deliver. Most UAVs can be powered by using 

renewable energy sources such as solar panels, which has positive benefits for the 

environment. Therefore, many companies like Amazon, DHL and SF Express have tested 

drone delivery programs, showcasing the potential of UAVs to completely transform supply 

chains.  

Yet fully realising this potential will not be without challenges. Path planning is also one of 

the core challenges in the deployment of the UAVs, as one of the applications which can be 

implemented to enable the UAVs deployed autonomously navigate from one position to the 

other in a safe manner with the avoidance to the obstacles. Efficient path planning is critical 

to the success of missions and the operational safety and is a key driver of UAV delivery 

efficiency and reliability. 
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Path planning for UAVs logistics is inherently complex. Unlike ground vehicles, UAVs 

operate in three-dimensional space with obstacles that can include buildings, terrain, and no-

fly zones [2]. UAVs must chart a safe and efficient route within this complex environment, 

while meeting multiple requirements. Typical objectives include minimizing travel distance 

or time, minimizing energy consumption, and minimizing potential risks. At the same time, 

UAVs must obey various constraints: it cannot collide with static obstacles or other aircraft, 

it must respect no-fly zones (restricted airspaces), and it should maintain a safe clearance 

from the ground or obstacles for flight safety [3]. Another challenge is that many UAVs 

logistics scenarios involve dynamic environments. In urban settings, for instance, drones 

may encounter moving obstacles (such as birds or other drones) or last-minute no-fly 

advisories, requiring the path plan to adapt on the fly. Thus, the path planning system often 

needs to operate in (or near) real-time, continuously revising the route as new information 

comes in [4]. 

The main UAVs path planning algorithms currently used are shown in  Figure 1. Recently, 

combining algorithms or embedding multiple strategies in one framework has emerged as a 

trend to achieve more robust performance [5]. By hybridizing algorithms, one can leverage 

the strengths of each to compensate for the weaknesses of others. In the context of UAVs 

planning, a hybrid approach might use one technique to broadly explore the environment for 

promising routes, and another to fine-tune the best candidates for optimality and constraint 

satisfaction. This hybrid philosophy is the foundation of the approach proposed in this study. 

When all the above is considered, there is clearly a requirement for a planning algorithm that 

can face the challenges present in this new, complex problem in the field of logistics for 

UAV better than any single existing approach. 

 
Figure 1: Main drone path planning algorithms 
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1.2  Research Objective and Structure 

This study aims to develop an optimized path planning algorithm for UAVs logistics 

applications. The main research tasks are as follows: 

i To review and analyze existing UAVs path planning algorithms and identify their 

limitations, particularly regarding their efficiency and adaptability in complex 

environments. 

ii To propose a novel hybrid optimization algorithm and implementing the proposed 

algorithm within a grid-based UAVs simulation environment. 

iii Conducting a series of comparative experiments to evaluate its effectiveness across key 

metrics. 

This study will first review the previous work, detail the development of the approach of this 

study, and demonstrate how it is more efficient, effective and flexible than existing path 

planning methods. The outcome of this study is expected to promote development in UAVs 

path planning and bring UAVs logistics a step closer to safe and effective deployment in the 

real world. 
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2  Related Work 

In recent years, the UAV logistics is continuously developed rapidly, along with the research 

on the advanced path planning algorithms. Among these methods, metaheuristic algorithms 

have shown to have a lot of potential, given the flexibility, robustness and handling of 

complex optimization landscapes. In this section, the study reviews the most related past 

studies on metaheuristic-based UAV path planning and present their limitations. This thesis 

focuses on the Particle Swarm Optimization (PSO) algorithm, recently introduced Goose 

Optimization Algorithm and the role of Cauchy mutation and Greedy strategies in enhancing 

the performance of algorithm for UAV path planning. 

2.1  Metaheuristic Algorithms in UAV Path Planning 

Path planning for UAVs is a critical mission to have high quality flight paths so that it can 

safely and efficiently reach from its starting point to the desired final point in the hard and 

dynamic surroundings. 

The optimal flight path is typically one that is shortest in distance, avoids obstacles 

successfully, and meets the operational constraints of the mission [6]. Previous studies have 

explored various strategies and approaches include classical algorithms, heuristic methods 

and machine learning-based models to enhance the performance of UAV for path planning 

[7]. Among these methods, metaheuristic algorithms have shown effectiveness in addressing 

crucial issues. Their population-based search mechanisms enable efficient exploration of 

high-dimensional solution spaces. Multiple candidate paths can be evaluated and evolved in 

parallel. Consequently, this study focuses on the use of metaheuristic algorithms for path 

optimization of UAVs. 

Several notable metaheuristic algorithms have been employed in the recent years towards 

UAV path planning, include Particle Swarm Optimization (PSO), Genetic Algorithms (GA) 

and Ant Colony Optimization (ACO), all of which have become quite popular now among 

researchers alike and have gained widespread adoption. Metaheuristics are inspired by 

simple animal behaviors and natural physical processes natural physical phenomena, and 
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intuitive rules. Such algorithms attempt to solve an optimization problem as best they can 

by examining many candidate solutions. 

Metaheuristic algorithms provide global optimization capabilities, preventing the occurrence 

of local minima and effectively dealing with nonlinear cost surfaces that traditional planners 

often fail to resolve. Metaheuristics have thus been broadly adopted to solve various real-

world optimization problems through continuous innovation and adaptation. One key 

advantage of metaheuristic algorithms lies in their generality and flexibility as they do not 

heavily rely on domain-specific knowledge and can be easily applied to a diverse set of 

problems, without significant alterations to the algorithms themselves—the majority of these 

algorithms also are derivative-free, simplifying their application process. They begin with a 

group of solutions generated randomly and stochastically enhance them, often reaching high-

quality solutions without derivative. In comparison, to traditional methods of solving 

problems with certainty, the inherent randomness of metaheuristics makes them less likely 

to be trapped in local optima, thus improving solution robustness [8]. 

Though metaheuristic algorithms have their advantages and strengths to offer, they also 

encounter limitations that need to be addressed for optimal performance and results. One 

significant challenge faced by these algorithms is how to balance the exploration and 

exploitation. A heavy focus on local search may cause premature convergence to suboptimal 

solutions, meanwhile the excessive exploration may inhibit convergence to a high-quality 

solution. In addition, although these algorithms have been successful in practice, their 

theoretical properties, including the convergence rate and computational complexity, have 

not been well-understood and represent ongoing research areas [9]. 

To cope with these drawbacks, many hybrid and improved versions of metaheuristic 

algorithms have been recently studied. These methods use some complementary approaches 

or embed some problem-specific heuristics to enhance the performance. Fueled by the above 

challenges and potential, the study intends to improve the metaheuristic algorithms in order 

to obtain more efficient solution for UAV path planning problem, and develops an effective 

hybridization and adaptation strategies, specially designed for the domain-specific demands 

of the UAVs systems. 
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2.2  Particle Swarm Optimization 

Particle Swarm Optimization (PSO) technique was originally presented by Kennedy and 

Eberhart in 1995 [10]. It is a population-based stochastic optimization algorithm and is 

motivated by the social behaviours of bird flocks and fish schools. In PSO, each candidate 

solution is represented as a particle within a population [11]. Each of which has a position 

to indicate a potential solution and a velocity that governs its movement, within its search 

space. Particles update their velocities and positions at each iteration of the process by 

referencing the best solution they have found themselves (referred to as personal best) and 

considering the best solution found by the entire swarm (known as global best). In this way, 

cooperative search can thus be conducted to determine an optimal solution as far as possible.  

Since its inception, numerous PSO variants have been proposed to better the convergence 

traits and avoid premature stagnation. A fundamental improvement was the introduction of 

the inertia weight in the velocity update rule [12]. By adjusting this weight appropriately and 

correctly, PSO can maintain a trade-off between exploration and exploitation at global and 

local scales; larger inertia weights support global search, while smaller weights encourage 

convergence within local regions. One common approach is to begin with a higher inertia 

weight and then gradually decrease it (linearly or non-linearly) over time to strike a balance, 

between broad initial search and fine-grained final convergence. 

Another improvement is the application of the constriction factor [13]. Choosing this factor 

properly, the magnitude of particle velocities can be suppressed thus avoiding run-away and 

oscillatory responses. Empirical studies have shown that, compared to fixed inertia weight 

strategies, constriction factor methods often lead to better solution quality. In practice, 

modern PSO implementations typically incorporate either an inertia weight, a constriction 

factor, or a combination of both to enhance convergence stability and overall performance. 

PSO is very suitable for effective exploration of complex search spaces and can easily adapt 

to many types of optimization landscapes. It also has good robustness for initial condition 

and has strong adaptability for changes of the objective function (in dynamic environment 

or uncertain environment and so on). These properties make the PSO ideally-suited to UAV 

path planning since the search space is typically high-dimensional and obstacle-constrained. 

PSO has been widely applied in several studies to generate feasible and optimal UAV flight 

paths. 
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In typical UAVs path planning applications, each particle in the PSO population may 

represent a candidate flight route, with a fitness function used to evaluate the path’s 

feasibility and quality. The population-based search mechanism enables the simultaneous 

evaluation of multiple paths, increasing the likelihood of discovering near-optimal solutions 

in complex terrains or threat-filled environments. Compared with classical deterministic 

planners, PSO-based methods have demonstrated the ability to generate shorter and safer 

paths, primarily due to their stochastic exploration and exploitation strategies. Furthermore, 

because each particle in the swarm explores the solution space based on both its individual 

and collective experiences—without relying on traditional evolutionary operators—PSO 

tends to converge more quickly and consistently than many other metaheuristic algorithms 

[14].  

However, standard PSO methods are not without limitations when applied to UAVs path 

planning. A well-known drawback is the tendency of the swarm to prematurely converge to 

suboptimal solutions if population diversity is not adequately maintained. This may result in 

inefficient or unnecessarily long paths that fail to represent the true global optimum. Such 

premature convergence is considered a pervasive challenge in PSO-based path planning, 

especially when the algorithm settles on a “local” best path despite the existence of superior 

global alternatives. Moreover, the inherent randomness of PSO may lead to solution 

variability, sometimes referred to as poor stability—where one run produces an excellent 

path, and another yields a significantly inferior one. Another challenge in UAVs path 

planning is ensuring the smoothness and feasibility of the resulting paths, which standard 

PSO does not explicitly enforce. 

Combining strategies with PSO variants have been proposed by many researchers, 

modifying and adapting them for UAV path planning to tackle these challenges. These 

improvements commonly involve the merging of PSO with other optimization methods or 

the introduction of problem specific heuristics in order to avoid early convergence and boost 

the robustness. The following sections will explore such hybrid PSO frameworks. 

2.3  Goose Algorithm 

The Goose Optimization Algorithm (GOOSE) is a nature-inspired metaheuristic algorithm 

developed by Hamad and Rashid in 2024 [15]. It emulates how geese defend and search for 
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food in their habitats to strike an effective balance between global exploration and local 

exploitation. The GOOSE algorithm draws inspiration from the collective behaviours 

observed in geese while they rest and look for food.  In the wild, geese tend to often rest 

together in flocks, where one goose stands on one leg—sometimes clutching a small stone 

with the other foot—and serves as a sentinel for the group. The underlying principle is that 

if the sentinel dozes off, the stone will fall, waking it up and ensuring continued alertness. 

When any threat or disturbance is detected, the sentinel emits loud calls to warn the rest of 

the flock. This guarding and alerting behaviour acts as a natural defensive mechanism and 

forms the conceptual foundation of the GOOSE algorithm’s search strategy. 

While the GOOSE algorithm is a development in the field, it has already demonstrated 

competitive performance on both classical benchmarks and engineering problems. In the 

study by Hamad and Rashid, the GOOSE algorithm was validated using a collection of 19 

classical benchmark functions, which are commonly employed to evaluate the efficiency of 

metaheuristic methods, as well as modern test suites [15]. Across these tests, GOOSE 

outperformed or matched several well-established algorithms, often yielding better optimal 

solutions or achieving faster convergence rates. The algorithm has been particularly noted 

for its rapid convergence and high precision when solving complex functions. 

An interesting property of GOOSE is its ability to maintain the population diversity while 

exploring the whole search space for global optima. This balance is the reason GOOSE 

exhibits strong search ability and fast convergence towards high-quality solutions without 

falling into premature stagnation. 

This study demonstrates GOOSE as well suited to the problems related to path planning of 

UAV missions.  The algorithm is inherently designed to balance intensive local exploitation 

and broad global exploration, a feature that is crucial for optimizing flight routes and 

navigation across diverse environments with obstacles. In dense scenes when there are 

several obstructions, the "sentinel goose" mechanism allows the algorithm to explore 

candidate paths, and its random wake-up mechanism supports escape from local traps by 

exploring alternative routes. 

Another important feature of GOOSE in the UAV path planning context is the fast 

convergence property which is attractive in time-oriented problems such as mission 

replanning or immediate obstacle avoidance The advantage of GOOSE in finding higher 
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quality paths in less iterations is particularly important in time-constrained uses. 

Furthermore, its strong solution quality means that the final flight paths are close to near–

optimal with respect to the objectives such as short travel distance or avoiding risk. 

In summary, the innovative mechanisms of the GOOSE algorithm align closely with the 

demands of UAVs path planning. Although current literature directly applying GOOSE to 

UAVs remains limited due to its recent emergence, its theoretical advantages suggest it could 

outperform or enhance existing swarm-based planners. By maintaining diversity and 

conducting focused local searches around promising paths, GOOSE holds strong potential 

for generating high-quality, multi-objective compliant UAVs trajectories. 

2.4  Cauchy Mutation and Greedy Strategy in Path Planning 

The study observes that standard PSO is prone to premature convergence to local optima, 

particularly in cases where the particles lose diversity or when the global best solution 

stabilizes early in the search process. Such situations occur when particles converge too 

quickly and exhibit little positional change, making it unlikely for them to explore more 

promising regions of the search space. To address this challenge, studies recently have 

improved metaheuristic algorithms for the path planning of UAV by incorporating mutation 

mechanisms and greedy heuristics. These strategies are proposed to enhance the exploration 

ability, speed up the convergence, and mitigate stagnation in the path planning under 

complex conditions. 

Mutation-based improvements randomly perturb candidate solution to maintain the diversity 

and to avoid stagnation. There are different mutation operators, and the Cauchy mutation is 

proved to be a useful operator to improve the global exploration capability [16]. Cauchy 

mutation introduces a stochastic perturbation on particle’s position, by which they are more 

likely to escape from local optima and can find better solutions in search space. The 

occasional large jumps are allowed by Cauchy distribution for particles from getting 

stagnated and maintaining population diversity [17]. This injected randomness helps the 

swarm in exploring unexplored position in the space of the solution which helps to avoid 

falling into local minima and keeps the swarm exploring global optima during iterations [18]. 

A Cauchy mutation is integrated into the proposed hybrid PSO+GOOSE algorithm to 
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improve the global exploration of the hybrid algorithm in order to avoid the risk of premature 

convergence. 

Meanwhile, greedy strategies have been incorporated into metaheuristic algorithms for better 

exploitation and faster convergence. A notable one is the LGPSO algorithm introduced by 

Cheng and et al. [19], which combines an enhanced Lévy-flight PSO with a greedy 

evaluation step that immediately tests and accepts favorable position updates. They showed 

through experimental comparisons that the tradeoff of Lévy-flight-based exploration and 

greedy selection contributes to the utilization of PSO in terms of search ability and 

convergence rate, and in turn enables more efficient trajectories for the UAV.  In general, by 

greedily accepting the most promising moves at each iteration—or by locally refining each 

candidate path—the algorithm reduces search overhead and accelerates the swarm’s 

trajectory toward high-quality regions of the solution space. 

Several hybrid PSO-based planners with some random disturbance schemes are capable of 

generating shorter and safer flight paths than traditional planners, with avoiding the pitfalls 

of local optima. Furthermore, the incorporation of greedy strategies has enhanced the 

convergence toward efficient solution, and the algorithms found solutions of good quality in 

fewer iterations as compared with pure metaheuristic methods. 

Using mutation operators and greedy decision mechanisms adding to the metaheuristic 

algorithms for UAV path planning is found to significantly enhance the performance. These 

hybrid methods enhance the search process by incorporating both stochastic exploration and 

problem-specific heuristics, leading to more optimal flight paths and faster convergence and 

more robustness to escape from local traps in complex airspace. In this work, the Cauchy 

mutation and Greedy strategy are incorporated in the hybrid PSO+GOOSE framework for 

faster convergence and higher quality path. 

2.5  Toward a Hybrid PSO-GOOSE Framework 

In this thesis, the metaheuristic algorithms applied in the UAV path planning have been 

reviewed. It has showed that the metaheuristic algorithms have an advantage over classical 

deterministic algorithms in addressing nonlinear optimization problems and multi-constraint 

issues. In examining the PSO algorithm, it is observed that the standard PSO has limitations 
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such as premature convergence and poor exploration capability in high-dimensional search 

spaces. To address these limitations, the study reviewed existing hybrid PSO frameworks 

and noted that integration with GOOSE, a recently proposed group intelligence algorithm, 

can provide better global coordination and improve robustness in convergence performance. 

Based on this, the present work proposes a hybrid PSO+GOOSE algorithm that was 

consisted of the swarm intelligence characteristics, and novel mechanisms inspired by goose 

behavior to void local optima more effectively and achieve faster convergence toward 

optimal task routes. Additionally, this work also highlights the advantages of Cauchy 

mutation in expanding the search space and the greedy strategy in accelerating convergence. 

Combining these methods, the study proposes the PSO+Goose+Gauchy+Greedy 

(PSO_GOOSE) algorithm to pursue the better convergence, high-quality path generation 

and robust performance in complex grid-based UAV path planning scenarios. 

The novelty of this approach lies in both the algorithmic combination and its specific 

application:  

i. This is the first work to hybridize PSO with the GOOSE algorithm for any application 

– and this study applies it to the problem of UAV path planning.  

ii. The integration of Cauchy mutation within a PSO-based framework is an innovative 

feature to maintain exploration momentum. 

iii. The addition of greedy strategy.  

By combining these strategies, the proposed method aims to achieve better optimality and 

reliability than conventional planners. The novel hybrid PSO_GOOSE with Cauchy 

mutation and Greedy strategy is a novel and comprehensive solution to the UAV logistics 

path planning problem. 
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3  Methods 

This section describes the modelling approach and algorithmic design about when 

considering UAV logistics path planning problems. The path and environment 

representations are formulated and described. Also, it describes the standard PSO algorithm 

and then the GOOSE algorithm and subsequently the proposed hybrid framework. Extra 

mechanisms of Cauchy mutation and Greedy strategy are embedded to further enhance the 

performance. The overall steps are also depicted as a flowchart at the end of this section. 

Finally, in order to evaluate the performance of each algorithm, five evaluation metrics are 

fully descried. 

3.1  UAV path planning modelling 

This chapter outlines the modelling foundations for UAV path planning adopted in this study. 

It includes the environment setup, the path representation using control points of UAV flight 

paths, and the formulation of the objective function used to evaluate path quality. 

3.1.1  Environment Representation 

In this study, a two-dimensional logistics environment is modelled. The grid method is a 

traditional environmental modelling method that has been widely studied and applied [20]. 

The environment is represented by M× N grid map, where each grid cell corresponds to a 

discrete spatial unit. In this experimental setup, both dimensions are set to M = N = 20. The 

map is defined as a binary matrix 𝐺 ∈ {0,1}!×#. 𝐺$,& = 0 represents the cell in the i-th row 

and 𝑗-th column is a passable area for drones. 𝐺$,& = 1 represents that  the cell in the i-th row 

and 𝑗-th column is an obstacle and the drone cannot pass through. 

Obstacle distribution is randomly generated. Specifically, the obstacle regions are designated 

through: 

the number of obstacle ≈ 𝑟'() ⋅ 𝑀 ⋅ 𝑁 (1) 
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where  𝑟*+,  denotes the obstacle density ratio. In this study, 𝑟*+, = 0.2 , implying that 

roughly 20% of the total grid cells are occupied by obstacles. 

To ensure consistency across experiments, the start and target positions are fixed at 

(𝑥), 𝑦)) = (0,0) and (𝑥- , 𝑦-) = (𝑀 − 1,𝑁 − 1). Both positions are explicitly constrained to 

be located in free space (i.e., non-obstacle cells) throughout all trials. The model 

representation is shown in Figure 2. 

 
Figure 2: 2D environmental grid representation 

In Figure 2, the coordinate system is created with the origin located at the bottom-left corner. 

Black cells represent obstacles (non-traversable areas), while white cells denote free space 

that the UAV can safely traverse. The green dot in the bottom-left corner indicates the start 

position, and the red mark in the top-right corner represents the fixed goal position. 
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3.1.2  Path Representation and Control Point 

In this study, the UAVs flight path is modelled using a combination of control points and 

cubic spline interpolation. The adoption of cubic spline interpolation serves to transform a 

discrete sequence of control points into a continuous and smooth curve [21]. The objective 

is to identify a best path between a start point and a goal by iteratively adjusting the positions 

of intermediate control points. The optimal control points are determined such that the 

resulting interpolated path minimizes the overall cost, which considers path length, obstacle 

avoidance, and smoothness. 

The path is defined by a sequence of discrete points consisting of the start point, a set of 

intermediate control points, and the goal point: 

𝒫 = {𝑃., 𝑃/, … , 𝑃0} (2) 

where 𝑃/,…, 𝑃. are control points that serve as the optimization variables during the search 

process. 

In order to ensure smooth and feasible curves, the cubic spline interpolation is applied over 

the sequence P, resulting in a continuous and differentiable path function. The interpolated 

curve is then uniformly sampled to produce a set of path points, which are subsequently. 

Figure 3 is a schematic diagram of a path. 
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Figure 3: Path representation 

3.1.3  Objective Function and Constraint 

The standard objective function is purposely defined in order to drive the optimization 

toward producing feasible, efficient, and smooth UAV flight paths. It incorporates not only 

the path length, but also a penalty term for violating obstacles. Too more accurately reflect 

the practical requirements of UAVs path planning, the objective function is a further 

enhanced by introducing a curvature-based smoothness penalty. This term aims to reduce 

abrupt changes in direction and improve the overall continuity of the path. This enhanced 

fitness function promotes the optimizer to generate not just feasible and short paths, but also 

smooth paths and thus more suitable for flight with real-world UAVs, where sharp turns may 

compromise stability and increase energy consumption. During each iteration, the fitness 

value of a particle is calculated as: 
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𝑓(𝑥$) = 𝐿$ ⋅ (1 + 𝛽 ⋅ 𝑉$) + 𝛾 ⋅ 𝑆$ (3) 

where 𝐿$ denotes the total length of the path generated by 𝒙$, 𝑉$ ∈ [0,1] is defined as the 

proportion of path points that cross the obstacle regions, 𝑆$ denotes the mean curvature of 

the path, 𝛽 and 𝛾 are a penalty coefficient. 

At initialization, particle positions are randomly generated within the predefined domain of 

the search space, and all velocity vectors are initialized to zero. The velocity of each particle 

is constrained within a predefined range: 

𝑣1234 = 𝛼 ⋅ K𝑥1234 − 𝑥12$0L (4) 

where 𝛼 = 0.2. 

After each iteration, boundary checks and clipping are applied to both velocity and position 

vectors to ensure that particles remain within the valid search space. 

3.2  PSO Algorithm Representation 

This study follows [22] to describe the particle swarm algorithm. In the path planning 

problem, assume that the dimension of the search space is 𝐷, the number of particles is 𝑆, 

the index set of particles is 𝐼 = {1,2,3,⋯ , 𝑆}. At the 𝑘 -th iteration, the position of the 𝑖 -th 

particle is 𝑋$
(6) = T𝑋$/

(6), 𝑋$8
(6), … , 𝑋$9

(6)U , and the velocity of the 𝑖 -th particle is 𝑉$
(6) =

T𝑉$/
(6), 𝑉$8

(6), … , 𝑉$9
(6)U. The optimal position of the 𝑖 -th particle is 𝒑$ = arg𝑚𝑖𝑛

6!:6
 𝑓 T𝒙$

;6!<U 

and the position of the global optimal particle is 𝒈 = arg 𝑚𝑖𝑛
$∈>,6!:6

 𝑓 T𝒙$
;6!<U.  The velocity and 

position of the particle are updated as: 

𝑣$1
(6?/) = 𝑤 ⋅ 𝑣$1

(6) + 𝑐/ ⋅ 𝑟/ ⋅ T𝑝$1 − 𝑥$1
(6)U + 𝑐8 ⋅ 𝑟8 ⋅ T𝑔1 − 𝑥$1

(6)U (5) 

𝑥$1
(6?/) = 𝑥$1

(6) + 𝑣$1
(6?/) (6) 

where w is the inertia weight; 𝑘 denotes the current iteration number; 𝑐/  is the cognitive 

learning coefficient; 𝑐8  is the social learning coefficient; 𝑟/, 𝑟8 ∼ 𝑈(0,1) are independent 

random variables uniformly distributed over the interval [0,1]. 

This study adopts an exponential decay strategy for the inertia weight w, which s inspired 

by the work of Yan et al. [23], and is formulated as 
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𝑤6 = 𝑤. ⋅ 𝜆6 (7) 

where 𝑤. is the initial inertia weight, 𝑤6 is the inertia weight at iteration 𝑘, and 𝜆 ∈ (0,1) is 

the decay coefficient. In this study, the decay factor is set to 𝜆 = wdamp = 0.98. 

3.3  Improved PSO Algorithm 

This thesis presents a multi-strategy hybrid optimization framework. The PSO algorithm and 

the GOOSE algorithm are integrated in the proposed algorithm with Cauchy mutation and 

Greedy strategy. This chapter describes the design approach, update rules and 

implementation details of each component in the framework. 

3.3.1  Goose Algorithm Representation 

The characteristics in Goose Algorithm are abstracted into a two-phase optimization 

framework: exploitation and exploration.  

In the exploitation phase, several individuals are designated as "alert geese" (guardians), 

emulating the behavior of geese that carry stones to avoid falling asleep. These individuals 

lead the optimization process by responding to the best-known solution, using the update 

rule: 

𝑥$
(-?/) = 𝑥$

(-) + 𝐹@A + 𝐷B$- ⋅ 𝑇C8 (8) 

where 𝐹@A denotes the estimated velocity of response; 𝐷B$- is the relative distance between 

the guardian goose and others; 𝑇C is the average reaction time required for sound propagation 

and activation. 

In the exploration phase, when geese awaken randomly—without being alerted by a 

guardian—the algorithm enters the exploration mode. Individuals update their positions 

using a Gaussian perturbation centered around the global best solution: 

𝑥$
(-?/) = 𝑟𝑎𝑛𝑑𝑛(1, 𝐷) ⋅ (𝑀D ⋅ 𝛼) + 𝑥$

(-) (9) 

where 𝑀D represents the sound propagation time; 𝛼 ∈ [2,0] is a time-decaying exploration 

parameter. 
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3.3.2  Hybrid Algorithm Framework 

To address the limitations of standard PSO in solving complex UAV path planning problems, 

this study proposes a new hybrid optimization framework that combines the PSO algorithm 

with the GOOSE algorithm (PSO+GOOSE). Specifically, for each particle and each 

dimension 𝑑 ∈ {1,2, … , 𝐷}, the velocity is updated using either the GOA rule or the standard 

PSO rule, based on a probability threshold 𝑝E ∈ [0,1]. With probability 𝑝E , the particle 

adopts the GOA-inspired velocity update: 

𝑣$1
(6?/) = 𝛼E ⋅ 𝑟 ⋅ T𝑔1

(6) − 𝑥$1
(6)U (10) 

where 𝛼E is a GOA migration factor, and 𝑟 ∼ 𝑈(0,1) is a uniform random number. 

If the GOA condition is not satisfied, the particle uses the standard PSO velocity update. 

Finally, the particle position is updated in a unified manner. 

3.3.3  Cauchy Mutation Representation 

In this study, for each particle, each dimension of the position vector is perturbed with 

probability 𝑝2 ∈ [0,1] using the following Cauchy mutation rule: 

𝑥$1
(6?/) ← 𝑥$1

(6?/) + 𝛿$1
(6) (11) 

where 𝛿$1
(6) ∼ Cauchy(0, 𝜎1)  represents a Cauchy-distributed perturbation term. 

Independent mutations are applied to the X and Y coordinates of each control point in the 

path: 

𝑥$,4
(6?/) ← 𝑥$,4

(6?/) + 𝛥4 (12) 

𝑥$,F
(6?/) ← 𝑥$,F

(6?/) + 𝛥F (13) 

where Δ4 ∼ Cauchy(0, 𝜎4)  and ΔF ∼ CauchyK0, 𝜎FL  are random perturbation values 

sampled from the Cauchy distribution.  

After mutation, a boundary check is applied to ensure that each particle remains within the 

valid search space:  

𝑥$1
(6?/) ← 𝑚𝑖𝑛 T𝑚𝑎𝑥T𝑥$1

(6?/), 𝑥2$0,1U, 𝑥234,1U (14) 
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3.3.4  Greedy Strategy Representation 

Finally, a greedy  strategy is integrated into the velocity update mechanism of the hybrid 

PSO-GOOSE framework to further accelerate convergence. In each iteration, for each 

particle 𝑖 and each dimension 𝑑 ∈ {1,2, … , 𝐷}, a random number 𝑢 ∼ 𝑈(0,1) is generated. 

If 𝑢 < 𝜖, the velocity is updated using a greedy rule, which directly drives the particle toward 

its personal best position: 

𝑣$1
(6?/) = 𝑝$1 − 𝑥$1

(6) (15) 

If the greedy strategy is not triggered (𝑢 ≥ 𝜖), a second probability 𝑟 ∼ 𝑈(0,1) is used to 

determine whether to apply the GOOSE-based update. If 𝑟 < 𝑝E, the velocity uses GOA 

update. If neither the greedy nor the GOA update is selected, the algorithm defaults to the 

standard PSO update rule. 

3.4  Algorithm Flowchart 

This study adopts a hybrid PSO_GOOSE framework that integrates Cauchy mutation and 

Greedy strategy, aiming to generate feasible, efficient, and smooth UAVs trajectories in 

complex and partially unknown environments. The algorithmic flowchart is illustrated in 

Figure 4. 
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Figure 4: Algorithm flowchart 

As illustrated in Figure 4, the proposed algorithm employs a multi-strategy decision process 

during each iteration. This integration allows the swarm to dynamically balance global 

search and local refinement, thereby improving solution diversity and avoiding premature 

convergence in complex environments. 

3.5  Evaluation Metrics 

To comprehensively evaluate the performance of the proposed algorithm, five quantitative 

evaluation metrics are employed in this study: Best Cost, Path Length, Violation, 
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Smoothness, and Runtime. These metrics collectively reflect the quality, feasibility, and 

computational efficiency of the generated UAV trajectories. 

i Best Cost - Best Cost is primary goal of the optimization in this study. It is calculated 

using the objective function mentioned above. The Best Cost corresponds to the 

minimum objective function values during the iterative optimization process. A lower 

Best Cost means the path is more reliable and efficient, which allows for better UAV 

path planning. 

ii Path Length - Path Length is a measurement of the total length of the generated 

trajectory between the starting point and the goal. It is the sum of the Euclidean distances 

between successive control points: 

𝐿 = �  
0G/

$H/

∥ 𝑃$?/ − 𝑃$ ∥ (16) 

Where 	𝑃$ 	is	the	i-th	control	point	on	the	trajectory.	

iii Violation - Violation quantifies the proportion of path points that fall within obstacle 

regions. It is defined as: 

𝑉 =
Number of obstacle points

Total number of path points
(17) 

A violation value of zero indicates that the UAV successfully avoids all obstacles, 

whereas higher values indicate greater collision risk and infeasibility. 

iv Smoothness - Smoothness assesses the continuity and curvature of the trajectory. A path 

with fewer abrupt turns and a more natural flow is considered smoother. The metric is 

calculated based on the mean curvature of the path derived from the interpolated control 

points: 

𝑆 =
1

𝑛 − 2
�  
0G/

$H8

|𝜅$| (18) 

Where 𝜅$ denotes the curvature at point i. 

v Runtime - Runtime refers to the computational time required for the algorithm to finish 

with one optimization run. It is measured in seconds and includes the duration from 

initialization to convergence. 
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4  Experiments 

This section presents the experimental setup, evaluation metrics, and a comprehensive 

analysis. Through comparative studies against established baselines, ablation experiments, 

convergence analysis, and path visualization to validate the effectiveness of the algorithm. 

These experiments aim to demonstrate the robustness, convergence performance, and 

practical applicability of the proposed method in UAV logistics path planning scenarios. 

4.1  Setup 

Implementation details. The hybrid framework PSO+GOOSE, the GOOSE algorithm is 

incorporated by embedding its migration mechanism into the global best position update 

process. For the purpose of enhancing the optimization performance, this study applies the 

Cauchy mutation and the Greedy strategy to the hybrid framework PSO+GOOSE. The 

number of independent runs for each algorithm variant is 500, which is tested under the same 

experimental conditions to ensure fairness and statistical reliability. The mean, standard 

deviation, maximum and minimum values over the 500 runs of the final results are 

presented and compared. 

Evaluation metrics. Five evaluation metrics, which are Best Cost, Path Length, Violation, 

and totals Smoothness and Runtime, are used to measure performance of all algorithms in 

this study. To effectively assess the performance of the proposed algorithm, two additional 

visualization techniques-path visualization and convergence curves, are presented. 

4.2  Algorithm Performance Evaluation 

A series of comparative experiments were conducted, to more fully verify the performance 

of the proposed PSO-GOOSE hybrid algorithm in terms of the effectiveness and stability.  

In addition, representative experiments were visualized through convergence curves and 

path plots to illustrate typical algorithmic behaviors. Statistical charts were employed to 

highlight performance differences among algorithms and individual components. 
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4.2.1  Comparison with Baseline Algorithms 

To evaluate the effectiveness and superiority of the proposed PSO_GOOSE algorithm, a 

comparative analysis was conducted against three representative algorithms: A* Search; Ant 

Colony Optimization (ACO), the standard PSO, PSO+GOOSE algorithm combining both 

Cauchy and Greedy strategies (PSO_GOOSE). The results are presented in Table 1. 

Table 1: Comparison of four algorithms 

Algorithm Best Cost Path Length Violation Smoothness Runtime 
(s) 

A* Search 113.2827 
±205.8871 

38.4617 
±4.2349 

0.0284 
±0.0788 

0.6806 
±0.3465 

0.0007 
±0.0002 

ACO 272.0971 
±94.3880 

47.3565 
±9.2399 

0.0493 
±0.0229 

2.5176 
±8.2404 

2.2029 
±0.04480 

PSO 138.7645 
±91.2627 

42.7312 
±8.5451 

0.0219 
±0.0186 

2.6402 
±7.0352 

1.6340 
±13.2356 

PSO_GOOSE 
(Final) 

64.3104 
±32.5820 

37.7319 
±7.1076 

0.0065 
±0.0076 

1.1926 
±0.7149 

0.6282 
±0.0043 

 

The proposed PSO_GOOSE algorithm achieves the lowest Best Cost, which means 

PSO_GOOSE algorithm can consistently find paths with the minimum total cost under 

complex grid constraints. This can be attributed to a synergistic effect of the global search 

strength of the GOOSE mechanism and the directed convergence behavior of PSO. 

Moreover, PSO_GOOSE reaches the smallest average of Path Length, which indicates that 

its paths are not only short but also spatially efficient. This enhancement is particularly 

critical for UAV logistics, in which the flight time and energy consumption directly relate 

to the delivery efficiency. In contrast, ACO has the longest average paths, whilst A* tends 

to produce shorter paths but with significantly higher cost variability, as reflected by its large 

standard deviation. In terms of constraint satisfaction, PSO_GOOSE records the lowest 

violation score. 

Although the performance of PSO_GOOSE in Path smoothness is not as low as A*, it 

represents a reasonable balance between smooth transitions and computational efficiency. 
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While A* is inherently fast due to its deterministic structure, it suffers from limitations in 

constraint satisfaction and adaptability. PSO_GOOSE achieves a favorable trade-off 

between execution time and solution quality. 

Across all five metrics, the final version of PSO_GOOSE demonstrates superior 

performance in terms of cost-effectiveness, path feasibility, smoothness, and runtime 

balance. It significantly outperforms ACO and PSO, which either produce suboptimal or 

infeasible routes, or suffer from long execution times. Compared to the deterministic A* 

Search, PSO_GOOSE offers more robust adaptability in constrained environments while 

achieving higher-quality results. These findings validate the hybrid framework's ability to 

integrate global coordination and convergence enhancements and underscore the 

effectiveness of combining PSO with biologically inspired strategies and adaptive heuristics 

for UAVs path planning. 

4.2.2  Ablation study 

In order to evaluate the individua and combined effects of the proposed optimization 

strategies, the ablation study is conducted based on the hybrid framework (PSO+GOOSE) 

under consistent experimental conditions. Five algorithmic variants were tested in Table 2: 

(1) standard PSO (PSO); (2) PSO with GOOSE algorithm (PSO+GOOSE); (3) 

PSO+GOOSE with Greedy Strategy (PSO+GOOSE+Greedy); (4) PSO+GOOSE with 

Cauchy Mutation (PSO+GOOSE+Cauthy); and (5) PSO+GOOSE algorithm combining 

both Cauchy and Greedy strategies (PSO_GOOSE). 

Table 2: Ablation study of algorithmic variants 

Algorithm Best Cost Path 
Length Violation Smoothness Runtime 

(s) 

PSO 138.7645  
±	91.2627 

42.7312 
±8.5451 

0.0219 
±0.0186 

2.6402 
±7.0352 

1.6340 
±13.2356 

PSO+GOOSE 133.3812  
±93.8735 

41.9171 
±8.0273 

0.0211 
±0.0201 

4.0243 
±13.6875 

1.0356 
±0.0117 

PSO+GOOSE+Greedy 121.9390 
±87.3014 

41.3971 
±8.7514 

0.0184 
±0.0172 

3.0847 
±9.0604 

1.0381 
±0.0191 
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Continue Table 3: Ablation study of algorithmic variant 

Algorithm Best Cost Path 
Length Violation Smoothness Runtime 

(s) 

PSO+GOOSE+Cauthy 116.8097 
±55.9806 

43.9179 
±8.3489 

0.0267 
±0.0226 

0.9020 
±0.5805 

0.6204 
±0.0080 

PSO_GOOSE 
(Final) 

64.3104 
±32.5820 

37.7319 
±7.1076 

0.0065 
±0.0076 

1.1926 
±0.7149 

0.6282 
±0.0043 

 

Among all variants, the proposed final PSO_GOOSE algorithm achieves the lowest best cost 

and shortest path length. The baseline (PSO) exhibits the poorest performance in nearly all 

metrics, with the highest best cost and violation rate, indicating a tendency toward premature 

convergence and producing infeasible solutions. The baseline PSO+GOOSE algorithm 

already shows marked improvement over standard PSO due to the global guidance of the 

GOOSE strategy. The integration of the GOOSE (PSO+GOOSE)strategy slightly decreases 

in some metrics but lead to a noticeable increase in smoothness. However, when Cauchy 

mutation is introduced, a further reduction in Best Cost and Violation is observed. This 

enhancement is attributed to the Cauchy mutation’s ability to maintain population diversity 

and escape local optima by introducing long-range perturbations. 

On the other hand, the greedy-enhanced version (PSO+GOOSE+Greedy) produces  better 

Violation. Nevertheless, the improvement in global cost is less pronounced without the 

mutation mechanism, indicating that the greedy strategy primarily contributes to exploitation 

rather than exploration. 

Notably, the PSO_GOOSE algorithm, which incorporates both Cauchy mutation and the 

greedy strategy, demonstrates the best balance between exploration and exploitation. It 

outperforms all other variants across most metrics, achieving the lowest cost and violation, 

as well as a notable improvement in runtime and smoothness. In particular, the hybrid 

strategy exhibits stable behavior across 500 independent runs, with minimal variation in 

Smoothness and runtime. This confirms the synergistic effect of combining global mutation 

with local refinement, effectively addressing the premature convergence and lack of 

diversity observed in standard PSO. 
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4.2.3  Convergence Curve Analysis 

In order to further validate the effectiveness and convergence behavior of the proposed 

hybrid algorithm and its components, the average convergence curves of all five algorithmic 

variants are illustrated in Figure 5. These curves are computed over 500 independent runs 

The shaded area represents ± one standard deviation. 

 
Figure 5: The average convergence curves of all five variants 

The PSO+GOOSE variant shows improved early convergence compared with the standard 

PSO but suffers from local stagnation in later iterations. This issue is alleviated by the 

enhanced exploration of the Cauchy mutation PSO+GOOSE+Cauchy, resulting in smoother 

convergence and lower variance. In contrast, the greedy-enhanced version 

PSO+GOOSE+Greedy accelerates early convergence significantly but performs worse in 

the long term due to reduced diversity. When both strategies are integrated in the final 

PSO_GOOSE algorithm, optimal convergence performance is achieved—exhibiting the 

fastest descent, lowest final cost, and smallest variance. 

These results reveal the complementary nature of the two strategies: the greedy strategy 

promotes rapid exploitation, while the Cauchy mutation enhances exploration and 

robustness. Their synergy enables the proposed method to achieve superior convergence 

speed, stability, and final solution quality. 
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4.3  Path Visualization Analysis 

To further qualitatively evaluate the effectiveness of the proposed hybrid PSO_GOOSE 

algorithm and its enhancement strategies, a representative 2D grid-based path planning 

scenario is selected for visual analysis. The same start and goal locations are used across all 

five algorithm variants to ensure fairness and consistency. The resulting paths are visualized 

as shown in Figure 6, where gray blocks represent static obstacles, and colored curves 

represent the paths generated by different algorithms. 

 
Figure 6: Path of five algorithm variants 

From the Figure 6, the standard PSO algorithm (red curve) tends to produce longer and less 

direct paths, often navigating with unnecessarily wide margins around obstacles. This is 

primarily due to its tendency to fall into local optima and limited capability in refining locally 

optimal segments. The resulting trajectories show evident detours and sharp turns, which 

may lead to increased energy consumption and unstable UAVs motion. 
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In contrast, the PSO+GOOSE algorithm yields more compact and obstacle-aware 

trajectories. The particle swarm is guided more effectively toward feasible regions, resulting 

in smoother and safer routes. However, some paths still exhibit minor inefficiencies due to 

limited local search accuracy. 

Upon further introducing the Cauchy mutation mechanism (blue curve), the paths often take 

more globally optimal routes by escaping early convergence traps. Remarkably, the 

clearance margins are higher with fewer sudden turns in complex areas near obstacles such 

as those around obstacles, suggesting the enhance robustness. 

In comparison, the PSO+GOOSE+Greedy algorithm (green curve) converges quickly to the 

desired area. Its route is tighter but sometimes it sacrifices adaptability in complex zones, 

occasionally resulting in close encounters with obstacles. 

Finally, the fully improved PSO_GOOSE algorithm combined Cauchy mutation and greedy 

strategy (purple curve) has the best characteristics on the path. It provides the best 

performance for the total path quality. It results in trajectory paths that are short and smooth, 

neither too close to the obstacles nor too curved. The approach features the global 

exploration and local exploitation and is characterized by the strong stability, efficient 

convergence and powerful searching capability. These results highlight the synergistic effect 

of the hybrid strategies. 
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5  Conclusion 

This thesis presented a new hybrid optimization algorithm, PSO_GOOSE, for addressing the 

UAVs logistics path planning problem in complex and constrained environments. The 

research was motivated by the growing demand for autonomous UAVs deployment in 

logistics operations, where path planning is critical for ensuring safe, efficient, and feasible 

routing. 

In the context of existing literature, the findings of this research align with prior studies that 

advocate for hybrid and bio-inspired optimization in UAVs path planning. However, this 

study is the first to propose and evaluate the integration of GOOSE into a PSO-based 

framework, thereby extending the theoretical toolkit available for swarm intelligence in 

robotics. From a practical perspective, this work contributes a scalable, adaptive, and 

efficient path planning method that can support real-time UAVs operations in logistics and 

similar applications. 

Limitations. The simulation environment is based on a 2D static grid; while suitable for 

testing core algorithmic behaviour, it simplifies real-world conditions. The algorithm does 

not currently consider 3D flight dynamics, time-dependent obstacles, or environmental 

uncertainty such as wind disturbances. 

Future work. First, the algorithm can be extended to support 3D path planning, 

incorporating UAVs kinematic constraints and altitude control. Second, adapting the 

PSO_GOOSE framework to dynamic environments with moving obstacles and online re-

planning would improve its applicability to real-time missions. 
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