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ABSTRACT 

This paper presents an integrated framework for energy-aware path planning of a 

quadcopter unmanned aerial vehicle (UAV). The ultimate objective is to generate a trajectory 

that simultaneously satisfies path-length constraints, collision avoidance, and mission goals 

while accounting for vehicle energy consumption. The path-planning objectives are combined 

into a multi-objective cost function to discover optimal solutions. The generalized particle 

swarm optimization (GEPSO) is then applied to manage the overall cost, considering real-

world applications. Simulation and experimental results exhibit that the proposed framework 

achieves smoother trajectories and significant reductions in overall energy expenditure 

compared to energy-ignored planning strategies. 

Keywords: Path planning, Particle swarm optimization, Generalized PSO, Obstacle avoidance, 

Quadcopter. 

1.   INTRODUCTION 

Unmanned aerial vehicles (UAVs), particularly quadcopters, have garnered significant 

attention in recent years due to their versatility and applicability in a wide range of civil and 

industrial missions, including surveillance, environmental monitoring, infrastructure 

inspection, and transportation. In many of these applications, key success involves path 

planning methods that create one or more optimal trajectories for UAVs to follow during their 

operation [1, 2]. Effective path planning for quadcopter UAV, therefore, remains a critical 

research challenge, especially in complex and constrained environments. 

Classical path-planning approaches primarily focus on geometric feasibility, shortest-path 

generation, or collision avoidance. However, for battery-powered quadcopter UAVs, energy 

consumption is one of the most restrictive operational constraints. Ignoring energy-related 

factors can lead to infeasible trajectories, reduced mission endurance, or premature mission 

termination [3, 4]. Consequently, there is a growing need for energy-aware path-planning 

strategies that explicitly account for path length, power consumption, and safety while meeting 

the constraints of specific missions. 

Metaheuristic optimization methods are extensively used in UAV path planning because 

they can effectively handle multi-objective and constrained optimization tasks. Various 

approaches, such as Genetic Algorithms (GA), Ant Colony Optimization (ACO), Teaching–

Learning–Based Optimization (TLBO), and Particle Swarm Optimization (PSO), have been 

applied to these problems. These methods aim to ensure flyable, feasible, and efficient UAV 

trajectories. GA is capable of addressing mixed path-planning scenarios [5,6], while ACO 

performs well in reducing path length and avoiding collisions [7]. TLBO is attractive due to its 

simple structure, but it suffers from a slower convergence rate [8]. However, these algorithms 

do not always guarantee globally optimal solutions and often yield non-deterministic outcomes. 
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In three-dimensional (3D) path planning, each method encounters specific challenges, such as 

high computational cost and premature convergence in GA, slow convergence in ACO, and 

limited suitability of TLBO for highly complex environments [9]. 

Owing to its adjustable parameters and flexible framework, the PSO family has been 

widely explored for UAV path planning, with numerous variants proposed to enhance 

convergence behavior, solution quality, and coordination in both single- and multi-UAV 

scenarios [10–13]. These studies demonstrate the effectiveness of PSO-based methods in 

handling nonlinear, high-dimensional search spaces and in accommodating formation 

constraints and cooperative strategies. However, generating reliable and collision-free 

trajectories in densely obstructed environments remains a significant challenge. Particularly, 

the performance of PSO-based approaches is highly sensitive to parameter selection and 

algorithmic design, where inappropriate tuning may lead to premature convergence, loss of 

diversity, and degraded optimization performance [14, 15].  

This paper builds upon our previous framework [16], which investigates path planning for 

quadcopter UAV formations using GEPSO, and extends it by incorporating energy-awareness 

inspired by recent advances in energy-aware and safe path planning for unmanned aircraft 

systems, as seen in the work of researchers in [17]. Unlike energy-ignored planning strategies, 

the proposed approach integrates energy consumption directly into the optimization process 

through a multi-objective cost function. This formulation simultaneously addresses trajectory 

smoothness, collision avoidance, mission feasibility, and energy efficiency, making it more 

suitable for the practical deployment of quadcopter UAV formations. 

The main contribution of this paper is the incorporation of energy awareness into a path-

planning framework for quadcopter UAVs using GEPSO. The proposed method formulates 

path-planning objectives into a unified multi-objective cost function and leverages GEPSO to 

efficiently search for optimal trajectories under real-world constraints. Our results demonstrate 

that the proposed framework achieves significant reductions in overall energy expenditure 

compared to conventional approaches that neglect energy considerations. 

The remainder of this paper is organized as follows. Section II presents the problem 

formulation and energy-aware path-planning model. Section III describes the GEPSO-based 

optimization framework. Section IV discusses simulation settings and results. Finally, Section 

V concludes the paper and outlines future research directions. 

2.   PROBLEM STATEMENT 

2.1. Path Planning for a Quadcopter 

The motion of a quadcopter's center of gravity defines its flight trajectory. In a 3D 

environment, the vehicle's movement is characterized by six primary components, consisting 

of three translational and three rotational motions. A flight plan is generally composed of a set 

of sequential line segments connecting an origin point to a final destination, with waypoints 

established at the intersection of these segments. The Cartesian coordinate system (Oxyz) serves 

as the framework for defining both waypoints and vehicle movements. The state of the 

Unmanned Aerial Vehicle (UAV) is specified as P(x, y, z, θ, ψ), where (x, y, z) denotes its 

position, and θ and ψ represent the horizontal and vertical angles of rotation, respectively. 

However, because quadcopters can typically perform rotations without significant constraints, 

their state is commonly simplified to only the three translational coordinates. 

The fundamental problem of trajectory planning for a UAV traveling between an initial 

state Ps and a final state Pf  is to generate one or more continuous flight paths, denoted as r(q), 

that connect these two states. This relationship can be expressed mathematically as follows: 
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𝑃𝑠
     𝑟(𝑞)    
→     𝑃𝑓 (1) 

where q is the path parameter. 

For a UAV to fly from a location with start state 𝑃𝑠(𝑥𝑠, 𝑦𝑠, 𝑧𝑠) to a location with final state 

𝑃𝑓(𝑥𝑓 , 𝑦𝑓 , 𝑧𝑓), Eq. (1) can be expressed as: 

𝑃𝑠(𝑥𝑠, 𝑦𝑠, 𝑧𝑠)
     𝑟(𝑞)    
→     𝑃𝑓(𝑥𝑓 , 𝑦𝑓 , 𝑧𝑓) (2) 

Nevertheless, the generated path may be infeasible, as a UAV cannot instantaneously alter 

its state at each waypoint. In practical applications, path planning is subject to numerous 

constraints, many of which are specific to UAV systems. Among these constraints, feasibility 

and safety are paramount. A trajectory is deemed feasible only if it complies with the vehicle’s 

motion constraints. Safety is ensured through collision avoidance within a confined operational 

space. Additionally, further constraints may be imposed to satisfy a specific flight mission. 

The symbol ⨆ is employed to denote constraints; consequently, the path planning problem 

can be formulated as follows [10]: 

𝑃𝑠(𝑥𝑠, 𝑦𝑠, 𝑧𝑠)
      ∐𝑟(𝑞)     

→         𝑃𝑓(𝑥𝑓 , 𝑦𝑓 , 𝑧𝑓) 
(3) 

2.2. Quadcopter Model 

In this work, the quadcopter is selected because its vertical takeoff and landing and 

hovering capabilities make it particularly suitable for monitoring tasks in cluttered 

environments. Its dynamics are represented by nonlinear differential equations that describe the 

evolution of position and velocity, enabling trajectory tracking and control. The position vector 

determines the geometric path for navigation and obstacle avoidance, whereas the velocity 

vector and its derivatives ensure dynamic feasibility and smooth trajectory execution. In 

energy-aware path planning, velocity and acceleration directly influence power consumption, 

making them essential components of the optimization process [17]. 

 

Fig. 1. Frames of reference (left) and a quadcopter model (right) 

The quadcopter model is formulated with respect to two principal reference frames (Fig. 

1): the inertial frame (xE, yE, zE) and the body-fixed frame (xB, yB, zB). The translational dynamics 

of the quadcopter expressed in the inertial frame are characterized by its position vector, ξ = (x, 

y, z)T , and its velocity vector, 𝜉̇ = (𝑥̇, 𝑦̇, 𝑧̇)𝑇. The attitude of the UAV is represented by the 

Euler angle vector 𝛩 = (𝜑, 𝜃, 𝜓)𝑇 together with the associated roll, pitch, and yaw rates 𝛩̇ =

(𝜑̇, 𝜃̇, 𝜓̇)𝑇 . The angular velocity of the quadcopter in the inertial frame is denoted by 𝜔 =
[𝑝, 𝑞, 𝑟]𝑇, that is, 
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𝜔 =  [

1 0 −𝑠𝜃
0 𝑐𝜑 𝑐𝜃𝑠𝜑
0 −𝑠𝜑 𝑐𝜃𝑐𝜑

]𝛩,̇  (4) 

where sx and cx represent sin(x) and cos(x), respectively. The transformation from the 

body frame to the Earth frame is subsequently defined by the following rotation matrix: 

𝑅 =  [

𝑐𝜓𝑐𝜃 𝑐𝜓𝑠𝜃𝑠𝜑 − 𝑠𝜓𝑐𝜑 𝑐𝜓𝑠𝜃𝑐𝜑 − 𝑠𝜓𝑠𝜑
𝑠𝜓𝑐𝜃 𝑠𝜓𝑠𝜃𝑠𝜑 + 𝑐𝜓𝑐𝜑 𝑠𝜓𝑠𝜃𝑐𝜑 − 𝑐𝜓𝑠𝜑
−𝑠𝜃 𝑠𝑐𝜃𝜑 𝑐𝜃𝑐𝜑

]. (5) 

It is assumed that all reference trajectories and their first- and second-order derivatives are 

bounded. Additionally, the quadcopter’s orientation is also restricted, with roll and pitch angles 

confined to [−𝜋/2, 𝜋/2] and yaw angle limited to [−𝜋, 𝜋]. 

2.3. Energy Consumption Model 

For the quadcopter’s energy consumption model (ECM), the model for the powertrain 

components and combine them as shown in Fig. 2. The components include the lithium-ion 

battery (LIB), the brushless direct current (BLDC) motors with attached rotors, and the electric 

speed controllers (ESCs).  

 

Fig. 2. Simplified power train of an electric-propelled UAV [14]. 

Inspired by [17], the quadcopter energy consumption is modeled by considering 

aerodynamic drag, thrust generation, and maneuvering effort. In this research, the entire 

trajectory is discretized into M segments, including the starting and landing points. For a 

discretized trajectory, the total energy consumption, 𝐸total, is approximated as 

𝐸total = ∑ 𝑃𝑚∆𝑡

𝑀

𝑚=1

 (6) 

where 𝑃𝑚 is the instantaneous power at waypoint m, and Δt is the sampling interval. 

The power consumption is modeled as 

𝑃𝑚 = 𝑃hover + 𝛼‖𝒗𝑚‖
2 + 𝛽‖𝒂𝑚‖

2, (7) 

where 𝑃hover is the power required for hovering, 𝒗𝑚 is the velocity vector, 𝒂𝑚  is the 

acceleration vector, 𝛼 captures aerodynamic drag losses, 𝛽 captures additional thrust and 

maneuvering effort. This formulation penalizes aggressive accelerations and high-speed 

motion, naturally encouraging smooth and energy-efficient trajectories. 

The energy cost term used in the optimization is defined as 

𝐽energy =
𝐸total

𝐸max
⁄ , (8) 

where 𝐸max is the maximum allowable energy budget. 
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3.   COST FUNCTION DESIGN 

3.1. Path Length Cost 

For a specified flight trajectory consisting of a total of N waypoints, the waypoint 

coordinates 𝑊𝑗 , 𝑗 = 1. . 𝑁 can be arranged in the form as: 

{𝑊1,𝑊2, … ,𝑊𝑁+1} = {(𝑥1, 𝑦1, 𝑧1), (𝑥2, 𝑦2, 𝑧2),… , (𝑥𝑁+1, 𝑦𝑁+1, 𝑧𝑁+1)}. (9) 

The path-length cost, denoted by ∐ 𝑟(𝑞)range , is defined as the cumulative distance along 

the trajectory from the initial point to the terminal point and is given by: 

∐ 𝑟(𝑞)
range

= 𝑝range∑‖𝑊𝑗,𝑊𝑗+1⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ‖

𝑁+1

𝑗=0

, (10) 

here, 𝑊0 and 𝑊𝑁+1  represent the starting and ending points of the trajectory segment, 

respectively, and ‖∙‖ denotes the Euclidean norm. 𝑊0 and 𝑊𝑁+1 remain fixed, as all particles 

share identical initial and terminal position. 

3.2. Collision Avoidance Cost 

Let the operating environment contain K obstacles, collectively referred to as obstacles 

and denoted by {T1, T2,…, TK }. Each obstacle is modeled as a circular region characterized by 

a center point Ck and an associated radius Rk, where the center specifies the obstacle location 

and the radius defines the extent of its influence. 

For each path segment 𝑊𝑗,𝑊𝑗+1⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  , the distance to an obstacle is evaluated using the distance 

between the obstacle center and the midpoint of the corresponding segment. To maintain safe 

operation, the UAV is permitted to traverse only regions lying outside the obstacle boundary. 

When a flight segment intersects the cylindrical region defined by (Ck, Rk), the obstacle 

avoidance cost is evaluated. The procedure for computing the corresponding hazard index is 

outlined as follows. 

(i) For each obstacle Tk, compute the distance dk from Ck to the projection of the flight path 

segment 𝑊𝑗,𝑊𝑗+1⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  . 

(ii) Compare dk with the obstacle radius Rk. When dk ≥ Rk, the safety cost associated with 

the kth obstacle for the path segment (𝑊𝑗, 𝑊𝑗+1⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ), is zero, that is, 

∐ (𝑊𝑗,𝑊𝑗+1⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  )
safe,𝑘

 = 0 (11) 

Otherwise, when dk < Rk, proceed to the next step. 

(iii) Determine the length of the segment projection covered by the kth obstacle, denoted 

by lk. The safety cost of the segment with respect to the kth obstacle is then given by: 

∐ (𝑊𝑗,𝑊𝑗+1⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  )
safe,𝑘

 = {
𝑅𝑘𝑙𝑘 if 𝑑𝑘 ≤ 𝑙𝑘

𝑅𝑘𝑙𝑘/𝑑𝑘 if 𝑑𝑘 > 𝑙𝑘
 (12) 

(iv) The total obstacle avoidance cost over the entire flight path is expressed as: 

∐ 𝑟(𝑞)
safe

= 𝑝safe∑∑ 𝑠𝑘

𝑁+1

𝑗=0

𝐾

𝑘=1

∐ (𝑊𝑗,𝑊𝑗+1⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  )
safe,𝑘

  (13) 

where sk represents the hazard severity associated with the k, 𝑝safe > 0 is the penalty 

coefficient for obstacle violations. 
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3.3. Task Cost 

For UAV operations, maintaining flight within a prescribed altitude range is a key factor 

in enhancing mission effectiveness. When operating over terrain, a quadcopter must maintain 

sufficient clearance above the ground to avoid collision. At the same time, to improve the 

performance of onboard sensors for ground monitoring applications, the UAV must travel 

within a limited distance from the surface. By jointly considering these two constraints, the 

quadcopter must fly within a maximum and minimum allowable altitudes zmax and zmin to 

increase the probability of effective observation. 

Denoting Q as the total number of monitoring points taken, and the terrain elevation at 

the point qth as Tq. The relative altitude of the UAV at this point is defined as 𝑧𝑞. The mission 

cost can be computed accordingly: 

∐ 𝑟(𝑞)
task

= 𝑝task∑𝑧𝑞

𝑄

𝑞=1

 

𝑧𝑞 =

{
 
 

 
 𝑧𝑞 − 𝑧max, when 𝑧𝑞 > 𝑧max              

0,                 when 𝑧min ≤ 𝑧𝑞 ≤ 𝑧max
𝑧min − 𝑧𝑞 , when 0 ≤ 𝑧𝑞 ≤ 𝑧min      

∞,                when 𝑧𝑞 ≤ 0                    

, 

(14) 

where 𝑝task > 0 is the penalty coefficient of the task cost. 

3.4. Overall Cost Function 

Setting up a reasonable cost function is extremely important when applying optimization 

algorithms to solve practical problems. The cost function usually includes at least a length 

constraint and a constraint on avoiding obstacles that threaten the safety of the established flight 

path. In monitoring missions, other constraints that the UAVs must meet include limitations on 

flight altitude and maintenance of distance to monitoring objects. Altogether, we can combine 

the individual costs into a common function, as follows: 

∐𝑟(𝑞) =∐ 𝑟(𝑞)
range

+∐ 𝑟(𝑞)
safe

+∐ 𝑟(𝑞)
task

 (15) 

where ∐ 𝑟(𝑞)range , ∐ 𝑟(𝑞)safe , ∐ 𝑟(𝑞),alt  and ∐ 𝑟(𝑞)mission  are the specified criteria 

for path length, obstacle avoidance, and distance to monitoring surface. 

4.   PATH PLANNING ALGORITHM 

4.1. Particle swarm optimization 

Particle swarm optimization (PSO) is an evolutionary computation technique introduced 

[15], inspired by social and collective behavior. The algorithm employs a population of particles 

that move through the problem’s search space with associated velocities. At each iteration, 

particle velocities are stochastically updated based on both the particle’s personal best position 

and the best position found in its neighborhood, guiding the swarm toward optimal or near-

optimal solutions. PSO is characterized by simple implementation, high efficiency, and 

effective maintenance of swarm diversity [7]. 

In PSO, each feasible solution corresponds to a particle whose state is defined by its 

position vector xi ∈ Rn and velocity vector vi ∈ Rn, as follows: 

𝑥𝑖
𝑡 = 𝑥𝑖

𝑡−1 + 𝑣𝑖
𝑡 (16) 
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Each particle relies on its own experience and the collective performance of the swarm. 

To reflect the varying influence of these factors, random weights are applied, leading to the 

velocity update rule: 

𝑣𝑖
𝑡 = 𝜔𝑣𝑖

𝑡−1 +𝜑1𝑟1[𝑝𝑖
𝑡−1 − 𝑥𝑖

𝑡−1] + 𝜑2𝑟2[𝑝𝑔
𝑡−1 − 𝑥𝑖

𝑡−1] (17) 

Where pi  and pg  represent the local-best and global-best positions associated with particle 

i; 𝜔 represents the inertial weight;  𝜑1, 𝜑2 > 0 are the gain coefficients, and 𝑟1, 𝑟2 ∈ [0, 1] are 

uniformly distributed random scalars. 

4.2. Generalized Particle Swarm Optimization 

Owing to its advantageous characteristics, PSO has proven to be an effective approach for 

multi-objective optimization problems. Numerous variants, including discrete PSO, θ-PSO, and 

hybrid PSO, have been developed to improve its performance. These extensions, however, 

retain the original position-velocity framework and primarily modify the update equations 

without altering the algorithmic structure. 

To address these limitations, the Generalized PSO (GEPSO) was introduced [16,19]. 

GEPSO enhances particle interactions to accelerate swarm convergence and incorporates 

random velocity components to improve exploration in complex search spaces. While the 

position update remains unchanged, the velocity update is extended as: 

𝑣𝑖
𝑡 = 𝜓{𝑎1𝑣𝑖

𝑡−1 + 𝑎2[𝑝𝑖
𝑡−1 − 𝑥𝑖

𝑡−1] + 𝑎3[𝑝𝑔
𝑡−1 − 𝑥𝑖

𝑡−1] + 𝑎4[𝑝𝑟𝑎𝑛𝑑
𝑡−1 − 𝑥𝑖

𝑡−1]

+ 𝑎5𝑣𝑟𝑎𝑛𝑑
𝑡−1 } 

(18) 

where 𝜓  is the constriction factor, 𝑎1 = 𝜔1, 𝑎2 = 𝜔2𝜑1𝑟1
𝑖, 𝑎3 = 𝜔3𝛼1𝜑2𝑟2

𝑖,  𝑎4 =

𝜔4𝛼2𝜑3𝑟3
𝑖, and 𝑎5 = 𝜔5𝛼3𝜑4𝑟4

𝑖, 𝑎1,⋯ , 𝑎3 are regulated probability terms, 𝜔1,⋯ , 𝜔5 denote 

inertia weights, and 𝜑1,⋯ , 𝜑4 are acceleration coefficients.  

The constriction factor is updated as: 

𝜓 =
2

|2 − (𝜑2 −𝜑3)
2 − 5(𝜑2 + 𝜑3)|

 (19) 

The inertia weight 𝜔1 is dynamically adjusted at each iteration according to: 

𝜔1 = min{𝜔min, 𝜔𝑘}, 

𝜔𝑘 = 𝜔1
𝑡−1 − {

𝜔max −𝜔min
𝑁

𝑖[𝑓(𝑝𝑔
𝑡−1) − 𝑓(𝑝𝑔

𝑡−2)]}, 
(20) 

where 𝜔max, 𝜔min are the maximum and minimum inertia weights; i and N denote the 

current and total iteration counts, respectively; 𝑓(⋅) is the previous function evaluation. The 

initial particle positions and velocities are: 𝑥𝑖
0(𝑥𝑘) = 𝑥𝑘,𝑚𝑖𝑛 + rand𝑥𝑘,𝑚𝑎𝑥,  and 𝑣𝑖

0(𝑥𝑘) =

𝑥𝑖
0(𝑥𝑘) + 𝛾𝑘; with 𝑥𝑘,𝑚𝑖𝑛 and 𝑥𝑘,𝑚𝑎𝑥 are the lower and upper bounds of the kth dimension. 

4.3. Energy-Aware Path Planning Generation 

01 foreach i < (number_of_iterations) do 

02 | foreach particle do 

03 | | Initialize particles;  

04 | foreach particle i do 

05 | | Compute cost value ∐ 𝑟(𝑞)𝑟𝑎𝑛𝑔𝑒 , ∐ 𝑟(𝑞)𝑠𝑎𝑓𝑒 , ∐ 𝑟(𝑞)𝑡𝑎𝑠𝑘 ;          /* Eq. (10, 13, 14) */ 

06 | | If current cost < previous costs then 

07 | | | Update new value for 𝑝𝑖
𝑡; 

08 | | End If 
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09 | | Select a random value for 𝑝𝑖
𝑡; 

10 | | Calculate the value of global best 𝑝𝑔
𝑡 ;  

11 | | Select a random value for 𝑣; 

12 | | Select a random particle’s best value 𝑝; 

13 | | Update new result for 𝜔;                                               /* Eq. (20) */ 

14 | | Compute particle’s velocity;                                                              /* Eq. (18) */ 

15 | | Apply the velocity constriction;  

16 | | Update new position;                 /* Eq. (16) */ 

17 | | Apply the position constriction;  

18 | | Check the collision avoidance;                                               /* Eq. (11) */ 

19 | | Evaluate flight paths based on global and safety cost functions;          /* Eq. (15) */ 

20 | | Update new results for 𝑝𝑖
𝑡; 

21 | End 

22 | Update 𝑝𝑔
𝑡  and ∐ ;safe  

23 End 

24 Save 𝑝𝑔
𝑡  and ∐  safe to the global memory; 

25 Achieved the optimal path at the last iteration; 

26 Generate trajectory for UAV 𝑃∗. 

Fig. 3. GEPSO path planning algorithm in pseudo-code 

The preparation phase starts once the quadcopter is assigned to a monitoring mission. This 

phase involves defining the operational area to identify terrain and obstacles, and specifying the 

allowable flight altitude range and the required monitoring distance to the target. The 

operational space is modeled as a rectangular region defined by four GPS latitude-longitude 

coordinates Γi = {φi, λi}, i = 1⋯4, together with a maximum altitude Hmax. Terrain and obstacle 

data within this region are obtained from a 3D satellite map. Each obstacle is represented as a 

vertical cylinder with ground-center coordinates Ck (φk,λk), k = 1⋯K, and an avoidance radius 

rp. Based on the mission, the start (Ps) and final (Pf) waypoints are then determined. In addition, 

the safe radius and kinematic constraints of the quadcopter are specified. Finally, all preparation 

data are organized, encoded, and stored in an initialization file (Init_file). 

The initialization phase is executed after all input data for the path-planning problem have 

been obtained. This phase includes setting up the operational space, defining the number of 

waypoints, initializing the GEPSO algorithm parameters, and generating a random initial 

trajectory connecting the take-off point Ps and the landing point Pf. In this context, initialization 

refers to loading the Init_file into global memory. 

Initial values of the mission variables are defined based on the cost functions introduced 

in Section 3. Penalty coefficients for the individual cost terms are predetermined before their 

integration into the multi-objective formulation (15), and the initial value of the overall cost 

function ∐𝑟(𝑞) is set to infinity.  

GEPSO parameters may be manually specified based on the problem requirements. Key 

settings, such as the swarm size and the maximum number of iterations N, must be selected 

beforehand, along with algorithmic parameters 𝜔, 𝛼, 𝜑, and 𝜓. At this stage, the application of 

the GEPSO algorithm to generate flight paths can be expressed in pseudocode, as in Fig. 3. 

After creating the optimal path, it is necessary to apply the energy consumption 

computation with its algorithm shown in Fig. 4. The input of the algorithm is the breakdown of 

the generated trajectory of the quadcopter 𝑃∗ into K segments, i.e., 𝑃∗ = {𝑝0, 𝑝1,⋯ , 𝑝𝐾}. 
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01 Initialize 𝐸total = 0, 𝑃0, 𝐸max 

02 foreach 𝑘, 𝑘 = 1,⋯ , 𝐾do 

03 | Compute velocity 𝒗𝑘 = (𝑝𝑘 − 𝑝𝑘−1)/∆𝑡;  

05 | Compute acceleration 𝒂𝑘 = (𝒗𝑘 − 𝒗𝑘−1)/∆𝑡; 

06 | Compute power 𝑃𝑘;                                                                                     /* Eq. (7) */ 

07 | Update new value for 𝐸total,𝑘 = 𝐸total,𝑘−1 + 𝑃𝑘∆𝑡; 

08 End  

09 Normalize energy cost 𝐽energy;                                                                       /* Eq. (8) */ 

10          10 Return 𝐽energy;  

Fig. 4. Energy consumption computation algorithm 

5.   RESULTS 

5.1. Experimental Set Up 

The monitoring mission aims to generate an optimal and safe UAV flight trajectory in a 

complex environment. The mission is conducted using a 3DR Solo UAV, a laptop-based 

ground control station, and the Mission Planner (MP) software. MP supports mission planning, 

real-time monitoring, and UAV control, while Google Satellite Maps are used to acquire 

environmental information and identify obstacles, which are subsequently marked on the map. 

All the workspace records acquisition results mentioned above are shown in Fig. 5. 

Table 1. Gepso parameters selected 

Symbol Value Symbol Value Symbol Value Symbol Value 

1w , 2w  0.5 
5w  0.9 

2a , 3a  2.0 
2j , 4j  2.5 

3w , 4w  0.8 
1a  4.5 

1j , 3j  2.0 y  0.9 

The task involves monitoring a farm of fruit trees within a 30 m–high rectangular 

operational space defined by the GPS coordinates {12.233106, 109.114506} and {12.233563, 

109.115220}. The start and final points are located at {12.233194, 109.114557} and 

{12.233411, 109.115187}. The area contains dense obstacles (M = 29) of varying sizes, 

resulting in a complex environment (Fig. 3). The UAVs fly within the relative distance range 

to the obstacles, limited by [0,5, 4] m. 

The proposed algorithm is configured with 100 individuals and 100 iterations, and the 

GEPSO parameters are initialized as summarized in Table 1. 

 

Fig. 5. Working space acquisition 
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5.2. Experiments and Comparisons 

The three-dimensional UAV trajectory presented in Figs. 6 demonstrates that the planned 

path reliably reaches the target under harsh operational conditions. The trajectories further 

verify path flyability, feasibility, and safety. 

 

Fig. 6. 3D-path generated for the quadcopter 

 

Fig. 7. 3D-path generated for the quadcopter 

The generated trajectory is then executed in Mission Planner using the corresponding 

satellite map, as shown in Fig. 7. The results confirm that the planned path is smooth and 

flyable, and that the UAV successfully avoids densely distributed obstacles in the complex 

environment, thereby validating the practical feasibility of the proposed approach. 

By calibrating the algorithm in Fig. 4, simulation results show that the proposed method 

achieves a 5–7% reduction in energy consumption compared to planning strategies that neglect 

energy considerations, when all constraints are satisfied. This improvement is consistent with 

recent findings on energy-aware UAV path planning, which emphasize the importance of 

explicitly incorporating energy models into the optimization process to enhance operational 

efficiency and safety [17]. 

For quantitative validation, GEPSO is compared with PSO, θ-PSO [1], and TLBO [7] 

based on the average results of 30 independent runs, as illustrated in Fig. 9. The convergence 

curves indicate that GEPSO achieves the lowest cost value and converges more rapidly and 

stably than the other compared algorithms. 

 

Fig. 8. Convergence comparison 
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These observations are further supported by the results summarized in Table 2, which lists 

the minimum and maximum cost values, as well as the number of iterations of convergence. 

Among the four compared methods, the superior performance can be attributed to the design of 

GEPSO, which strengthens inter-particle interactions and enhances information sharing within 

the swarm, thereby accelerating convergence [19]. In addition, the incorporation of random 

velocity components improves the exploration capability in complex search spaces, reducing 

the risk of premature convergence. 

Table 2. Gepso performance relative to other path planning algorithms 

Algorithm  Min cost Max cost Iteration 

TLBO 98.47 356 57 

PSO 100.09 356 92 

𝜃-PSO 85.73 356 87 

GEPSO 76.03 356 63 

6.   CONCLUSION 

This paper has presented an energy-aware path-planning framework for a quadcopter 

UAV based on generalized particle swarm optimization. By incorporating energy consumption 

into the objective function, the proposed approach has generated safe, smooth, and energy-

efficient trajectories. The results and comparisons have validated the effectiveness of the 

framework and demonstrate its suitability for real-world UAV applications. Future work will 

focus on experimental validation using real UAV platforms, dynamic obstacle avoidance, and 

integration with onboard power management systems.  
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