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Cooperative route planning between Unmanned Aerial Vehicles (UAVs) and 

Autonomous Surface Vehicles (ASVs) has become an active research topic in robotics 

networks. In this study, a hybrid algorithm called RCGA–APF–CSS, based on a Real-

Coded Genetic Algorithm (RCGA), an Artificial Potential Field (APF), and a Cubic 

Smoothing Spline (CSS), is proposed. The RCGA was first applied to provide a safe 

initial path. Subsequently, the route points were incorporated into the APF algorithm to 

make the route more reliable and safer by avoiding obstacles and reducing path length. 

To further improve the smoothness of the route, the path was smoothed using a Cubic 

Smoothing Spline (CSS). RCGA, APF, and RCGA–APF–CSS algorithms were applied 

in a hybrid 2D/3D environment of 300 × 300 × 30 m. In the first stage, the UAV uses 

route-finding to search for the target. Simulation results indicate that, compared with 

the RCGA and APF algorithms, the proposed method reduces the route length by 7.22% 

and 10.87%, respectively, and reduces the number of iterations by 44.4% and 33.3%, 

respectively. The target coordinates were sent to the ASV via a peer-to-peer wireless 

network. In the second stage, the ASV plans a route to the received target location; the 

proposed method reduces route length by 8.06% and 11.9% relative to RCGA and APF, 

respectively, and reduces the number of iterations by 44.4% and 33.3%. To prove the 

efficiency of the proposed algorithm, previously reported methods were compared with 

it. Compared with a polynomial-function–based planner reported for a 3D environment, 

the proposed method improves route length by 27.55%. In a second comparison against 

the ABC–SPPSO hybrid method in a 2D environment, the proposed method improves 

route length and maximum iterations by 10.29% and 9.09%, respectively. Overall, the 

proposed RCGA–APF–CSS hybrid model improves cooperative route planning for 

UAV–ASV coordination in complex workspaces. 
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1. INTRODUCTION

Unmanned Aerial Vehicles (UAVs) and Autonomous 

Surface Vehicles (ASVs) are combined in a robotics network 

to create a framework for a smart and scalable cooperative 

system. UAVs are becoming increasingly environmentally 

conscious due to their aerial sensing capabilities, but ASVs 

can be used to perform tasks and move on the surface. Various 

agents will share information, enabling real-time route 

planning optimization, obstacle collision avoidance, and task 

optimization. This allows the very difficult missions, like 

maritime surveillance and Search and Rescue (SAR), to be 

very successful [1]. In the mainstream of theoretical 

prototypes in this field, agent-based communication, 

distributed optimization, and robust decision-making 

strategies are included. One aspect of robotics under focus is 

Multi-Robot Systems (MRSs), which offer benefits over 

single-robot systems in terms of system-wide performance, 

resilience, dependability, scalability, and cost. Multi-robot 

applications in agriculture, mining, disaster relief, space 

exploration, logistics, and warehouses have great benefits with 

multi-robots [1]. The oceanic workspace environment poses 

some challenges to the SAR processes in terms of its dynamic 

nature and limited time to coordinate and act promptly. 

Partnership with different rescue automatons, which are AUVs, 

UAVs, and Unmanned Surface Vehicles (USVs), is a main to 

effective showing of surveys and emergency response. These 

robots have the capacity to search designated regions 

simultaneously, providing important information in aerial, 

surface, and underwater views [2]. The purpose of using 

multiple AUV systems, which have the aim of efficiently and 

accurately discovering the goal from sonar images taken by 

Side-Scan Sonar (SSS) mounted on the AUVs, is to converge 

the Multi-Robot Coverage Path Planning (MCPP) problem for 

maritime SAR missions. Taking into account the particulars of 

actual maritime SAR projects [3]. It has been demonstrated 

that UAVs and ASVs working together can be effective in 

performing several tasks, specifically in environmental 

monitoring applications, e.g., the characterization of the very 

dynamic coastal areas and oil spill control [4]. Route planning, 
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which is one of the fundamental tasks in robotics, involves 

coming up with the most efficient route given a starting point 

and a target point to go to, free navigation [5].  

Therefore, the previous few years have witnessed numerous 

research studies on route planning algorithms of UAVs and 

ASVs. Garberoglio et al. [6] suggested a MRS for an 

autonomous flying vehicle that captures aerial photos, which 

an autonomous sea vehicle can apply to evade obstacles. 

Through the coordination of their movements, the two robots 

increase the range of detection and allow adjusting the horizon 

of obstacle finding. The key limitation of this work is 

represented by relying solely on the camera, which may be due 

to poor lighting. Moreover, Woo et al. [7] provided the 

algorithms and system formations of ASV obstacle avoidance 

and target search tasks. The drawback of the experimental 

workspace is only obstacle avoidance without target 

exploration. It also uses LIDAR and monocular sight to find 

floating obstacles and totems, determining their color by the 

imagery from the camera. Furthermore, D’Amato et al. [8] 

used the Essential Visibility Graph (EVG), an optimal route 

plan of ASVs, and a real-time free collision avoidance 

algorithm to enhance a minimum cost piecewise linear route 

planning optimization. The disadvantage of this work is the 

difficulty in dealing with rapid changes in the dynamics of the 

workspace. In addition, Zhang et al. [9] provided a realistic 

solution to visual navigation and landing control of a UAV on 

a moving ASV whose speed is unknown. The landing process 

is divided into two parts, which contain GPS horizontal 

tracking, visual vertical, and horizontal control. The limitation 

of the system is represented in its complete reliance on vision 

and, therefore, high sensitivity to lighting and weather 

conditions. In this context, Erfianto et al. [10] suggested that 

an Autonomous Raft Vehicle (ARV) was for underwater 

surveys; using the A* algorithm over many waypoints could 

increase ARV navigation when there are obstacles along the 

fixed trajectory. The disadvantage of the system is that the A* 

algorithm may be slow in large or dynamic environments. To 

the corresponding route planning of heterogeneous in 

Autonomous Marine Vehicles (AMVs) and Autonomous 

Underwater Glider (AUG). Zhang et al. [11] proposed a hybrid 

metaheuristic approach that manages to strike a balance 

between global and local search of the route by fusing the Grey 

Wolf Optimizer (GWO) and the Equilibrium Optimizer (EO) 

in the context of route planning in the underwater setting. The 

disadvantage of this technique is that it is still susceptible to 

dropping into local minima, but to a lesser extent. Moreover, 

the addressing model of route planning of semi-autonomous 

unmanned vehicles. Bella et al. [12] proposed a combined 

cooperative scheme of a UAV to monitor and patrol the ocean 

area and clean the polluted area with the support of swarm 

USVs. The route planning issues, according to the suggested 

Genetic Algorithm (GA), the limitation of GA does not 

guarantee finding the optimal solution, only an approximation, 

and may fall into a local optimum or require a long time to 

converge. Furthermore, Zhang et al. [13] suggested the GA-

based extended state observer (GAESO) to estimate external 

disturbances and dynamics. In addition, Zhu et al. [14] and Li 

et al. [15] proposed a route planning algorithm based on GA. 

On the other side, the modified Khatib’s potential field 

algorithm was proposed by Iswanto et al. [16] and applied to 

the quadrotor. Also, Lin et al. [17] proposed an enhanced 

Artificial Potential Field (APF) algorithm with Bug2 

algorithm for dynamical obstacle environmental avoidance of 

mobile robots that will remove the oscillating patterns in the 

route and will avoid the failure in case of facing a complex 

obstacle, but the disadvantage of used APF is that it is known 

to suffer from local minima in some environments, and Bug2 

works well with simple obstacles but may become less 

effective with irregular or fast-moving obstacles. As well as 

Lee et al. [18] developed a virtual hill algorithm in order to 

minimize the errors throughout the choice of the driving 

direction and improve the effectiveness of the motion of the 

robots. A dead-end algorithm is also proposed in the local 

minimum area, which allows the robot to revert to the point 

where it is without going down a dead end. In addition to this, 

Peng et al. [19] proposed a simplified manner of resolving the 

local minimum problem by structuring subharmonic potential 

fields. Moreover, the proposed circular sampling technique 

ensures that the robot maintains a minimum hazard distance 

from obstacles, and the potential field is actually subharmonic. 

To resolve the problem of route planning of robotics, a 

combined algorithm was presented by Wu et al. [20], which 

integrates the APF algorithm and the IRRT* algorithm. The 

virtual force field of APF was then added to the search tree 

expansion stage of the Informed Rapidly exploring Random 

Trees IRRT* algorithm, and this helped a lot in the supervision 

of the suggested algorithm and significantly decreased 

extended nodes and further minimized the route length and the 

search time. The combination of the Artificial Bee Colony and 

the Self-Perception Particle Swarm Optimization was 

proposed by Hussein et al. [21]. This technique was used to 

learn the greatest course of action in a stuffy environment. 

Similarly, present accompanied path planning techniques mix 

the Ant Colony Optimizer, the Whale Optimizer, the APF, and 

a random jump technique. The relation between potential 

classical and quantum-inspired mutation funding and 

complementary global exploration, local optimization, smooth 

route generation, and the derivations of this hybrid integration, 

which was conducted by Yuan et al. [22]. Sang et al. [23] 

designed a deterministic system called Multiple Sub-Target 

Artificial Potential Field (MTAPF), which is based on 

enhanced APF. The MTAPF is a local route planning method, 

which refers to the global optimal route produced by a 

developed heuristic algorithm, and uses this optimal route to 

divide it into multiple sub-target nodes to form a sub-target 

node sequence. Moreover, Shihab et al. [24] suggested 

polynomial functions for routing planning and obstacle 

avoidance. Shabalin and Stanovov [25] studied the application 

of neural networks that were optimized using the Real-Coded 

Genetic Algorithm (RCGA) in a simulation model. 

Optimization of the weights and biases of the neural network 

makes the vehicle route smoother, more stable, and less 

swerving. The results illustrate that such an approach yields a 

very reliable enactment that is comparable to human vehicle 

control. Also, Wojcik and Ciszkiewicz [26] proposed the level 

of effectiveness with which an RCGA takes into account the 

perception of control locations to plan several robot routes. 

RCGA generates more efficient paths by making better 

selections of control points in the route to decrease the number 

of robot collisions. It has been presented that the quality of 

routes in terms of distance, smoothness, and robot-to-robot 

free navigation in the complex environment has been 

significantly enhanced, as per the findings. However, the 

limitation of this work may not work in a complex 

environment. 

This study looks into the problem definition through two 

aspects. Firstly, there is difficulty in cooperation between 

UAV and ASV in route finding and planning due to the 
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complex environments they operate in. Secondly, route 

finding and planning with minimum distance and maximum 

smoothness is obstacle avoidance done between the start point 

and the target point.  

The main contribution of this study is enhancing the 

collaborative robotics network route finding and planning 

system between the UAV and ASV, whereby the UAV 

conducts reconnaissance, detects the target, and sends its 

coordinates to the ASV using a peer-to-peer wireless network, 

which subsequently reaches the target via an optimized route 

using the proposed hybrid algorithm known as RCGA–APF–

CSS route finding and planning.  

This paper is organized as follows: Section 2 illuminates the 

UAV and ASV mathematical models. Section 3 demonstrates 

the research methods used in route planning algorithms. 

Section 4 shows the proposed system (target detection). 

Section 5 discusses the simulation results, and the conclusions 

are given in Section 6.  
 

 

2. UNMANNED AERIAL VEHICLES AND 

AUTONOMOUS SURFACE VEHICLES 

MATHEMATICAL MODELS 
 

Generally, a UAV has four rotors that are installed 

proportionally to provide four forces to the UAV to fly. 

Therefore, the UAV consists of a plane with four rotors of 

equivalent structure and radius and two arms. The four rotors 

are fixed on the four corners of the cross in a similar proportion 

in positions of height as shown in Figure 1 [27].  

 

 
 

Figure 1. The scheme of the Unmanned Aerial Vehicle 

(UAV) model 
 

 
 

Figure 2. The scheme of the Autonomous Surface Vehicle 

(ASV) model 

The former is B, which denotes the UAV body coordinate, 

and G, which denotes the ground coordinate. Thus, the altitude 

(x, y, and z) of UAVs' movement is related to the movement 

of the center of mass, and also the attitude (γ, θ, and Ұ) of the 

UAVs' movement is related to the movement of the center of 

mass. Thus, the UAV model may be expressed in 6 DOF in 

space. Rotation of these four rotors is achieved in the 

following way: two rotors must rotate in an anticlockwise way 

(rotor 1 and rotor 3), and rotor 2 and rotor 4 have to rotate in a 

clockwise way. External mechanisms of the UAV, including 

the flight controller device and battery, are installed halfway 

on the body of the UAV. Elevating the UAV to flight is done 

by controlling the attitude and position of the UAV by varying 

the four rotor speeds to vary the four thrust forces, giving the 

formula: The lift axis of the UAV on the z-axis is determined 

when the four thrust forces are different [27]. To adjust the 

lunge force of (f1, f3), one moves the UAV along the x-axis, 

which results in a change in the pitch angle of the UAV (θ). 

Upon changing the lunge force of (f2, f4), the UAV is moved 

along the y-axis, and this results in a change in the roll angle 

(γ)  of the UAV. Growing the lunge force of (f1, f3) and 

decreasing the lunge force of (f2, f4) allows the aerodynamic 

torque result to cause a yawing moment (𝜓), causing the UAV 

to rotate around the z-axis. The state of the mathematical 

model that interprets the air drag of the dynamic UAV model 

is obtained in the study [26] as shadows: 

 

𝑥̈ = (𝐶𝑜𝑠𝛾 𝑆𝑖𝑛𝜃 𝐶𝑜𝑠𝜓 + 𝑆𝑖𝑛𝛾 𝑆𝑖𝑛𝜓)𝑈1 (1) 

  

𝑥̈ = (𝐶𝑜𝑠𝛾 𝑆𝑖𝑛𝜃 𝐶𝑜𝑠𝜓 + 𝑆𝑖𝑛𝛾 𝑆𝑖𝑛𝜓)𝑈1 (2) 

  

𝑧̈ = (𝐶𝑜𝑠γ 𝐶𝑜𝑠𝜃)𝑈1 − 𝑔 (3) 
  

𝛾̈ = [(𝐼𝑦 − 𝐼𝑧)𝜃̇𝛾̇ − (𝐽𝑟Ω𝑟)𝜃̇ + 𝑈2]
1

𝐼𝑥
  (4) 

  

𝜃̈ = [(𝐼𝑧 − 𝐼𝑥)𝛾̇𝜓̇ + (𝐽𝑟Ω𝑟)𝛾̇ + 𝑈3]
1

𝐼𝑦

 (5) 

  

𝜓̈ = [(𝐼𝑥 − 𝐼𝑦)𝜃̇𝛾̇ + 𝑈4]
1

𝐼𝑧
  (6) 

  

Ω𝑟 = (𝑤1 − 𝑤2 + 𝑤3 − 𝑤4)  (7) 
  

𝑈1 = (𝑓1 + 𝑓2 + 𝑓3 + 𝑓4)
𝐵

𝑀
 (8) 

  

𝑈2 = 𝑙(−𝑓1 − 𝑓2 + 𝑓3 + 𝑓4)
𝐵

𝐼𝑥

 (9) 

  

𝑈3 = 𝑙(−𝑓1 + 𝑓2 + 𝑓3 − 𝑓4)
𝐵

𝐼𝑦
  (10) 

  

𝑈4 = 𝑑(𝑓1 + 𝑓2 + 𝑓3 + 𝑓4)
1

𝐼𝑧

 (11) 

 

where, (𝑥̈,𝑦̈,𝑧̈) indicate the acceleration of the UAV in the 

inertial frame; (𝜃̈, γ̈, 𝜓̈) indicate the angular acceleration (roll, 

pitch, and yaw); and (𝜃̇, γ̇, 𝜓̇) represent the angular velocity, 

respectively. C and S indicate cos and sin, respectively. 

f(1,2,3,4) represents the lunge forces created by the four rotors 

that may be watched as control signals to the UAV system. 

The UAV arm length, the UAV mass, and the coefficient of 

lunge are denoted by l, M, and B, respectively. Moreover, the 

A marine ASV is a type of smart autonomous marine robot 
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that has the benefits of intelligent and flexible applications. 

Naval ASVs play a main role in naval research, marine 

commerce, environmental preservation, and national security. 

The ASV with two control inputs and three degrees of 

freedom, the structure of the ASV is shown in Figure 2 [28].  

The ASV has two high-capacity ducted engines that provide 

a means of propulsion and steering of the ASV. Such an engine 

offers two different types of inputs, including Es and Ep, and 

also the direction of the ASV (x, y, 𝜃). Therefore, the motion 

equations establish an important starting point for the structure 

of the mathematical model of an ASV. Specifically, the 

equations of kinematics labelling the movement of the vehicle 

are the following [21]: 

 

𝑥̇ = 𝑆𝑢  𝑐𝑜𝑠 𝜙 − 𝑆𝑣  𝑠𝑖𝑛 𝜙 (12) 

  

𝑦̇ = 𝑆𝑢  𝑠𝑖𝑛 𝜙 +𝑆𝑣 𝑐𝑜𝑠 𝜙 (13) 

  

𝜙̇ = 𝑆𝑟  (14) 

 

The dynamic equations of the ASV motion include Eq. (15), 

Eq. (16), and Eq. (17) [26]: 

 

𝑚 𝑆𝑢̇ − 𝑚 𝑆𝑣𝑆𝑟 + 𝐶𝑢𝑆𝑢 = 𝐸𝑠 + 𝐸𝑝  (15) 

  

𝑚 𝑆𝑣̇ + 𝑚 𝑆𝑢𝑆𝑟 + 𝐶𝑣𝑆𝑣 = 0 (16) 

  

𝐽 𝑆𝑟̇ + 𝐹𝑟𝑆𝑟 = 𝐿(𝐸𝑠 − 𝐸𝑝)  (17) 

 

The definitions of physical ASV parameters of Eq. (12) to 

Eq. (17) are taken from the study [21], as displayed in Table 1.  

 

Table 1. Autonomous Surface Vehicle (ASV) physical 

parameters definitions 

 
Parameter Definition 

Su Surge speed 

x  coordinates to the centre of mass 

𝜙 Vehicle’s orientation 

M Vehicle’s mass 

Cv Coefficient viscous 

Es Left engine force 

L Arm of the forces 

Sv Sway speed 

y Coordinates to the centre of mass 

Sr Speed angular  

J Inertia rotational  

Fr Friction rotational  

Ep Right engine force 

 

 

3. RESEARCH METHODS USED IN ROUTE 

PLANNING ALGORITHMS 

 

This section presents the investigation methods of the route 

planning algorithms that were used in our proposed algorithm, 

RCGA–APF–CSS. 

 

3.1 Real-Coded Genetic Algorithm 

 

RCGA is a modernized version of the classical GA, in the 

chromosome representation, where binary coding is 

substituted with direct encoding based on the real-valued 

domain. This, in a way, makes the whole process easier and 

quicker as there are no encoding transformations and decoding, 

thus resulting in faster convergence, particularly in problems 

related to continuous optimization [29]. The RCGA is 

significantly applicable to the field of robotic, UAVs, and 

AUVs path planning since it can depict path points, angles, 

elevations, and speeds as real-world variables. This leads to 

the creation of paths that are not only smooth but short and 

safe by the system's dynamic constraints, with the 

consideration of obstacles. RCGA is used as an optimization 

for finding an answer to a problem by creating a random 

population of possible solutions [30]. As mentioned earlier, 

the RCGA is working on real values as shown by the three key 

expressions. 

 

𝑋 =  [𝑥1 + 𝑥2 + ⋯ + 𝑥𝑛]  (18) 

 

where, X denotes the chromosome representation, 𝑥𝑖 ∈ ℝ 

represents gene number 𝑖 in the RCGA algorithm, it represents 

a real variable. Then the arithmetic crossover is achieved 

according to the following expression: 

 

𝑋𝑐𝑟 =  𝜑𝑋𝑎 + (1 − 𝜑) 𝑋𝑏  (19) 

 

where, 𝑋𝑐𝑟  is the recently generated chromosome, 𝜑 is the real 

mixing coefficient, 𝑋𝑎 , 𝑋𝑏 are the first and second parent 

chromosomes, respectively.  

The mutation of RCGA real-valued is completed in the 

following way: 

 

𝑥𝑖
′ = 𝑥𝑖 + 𝒩(0, 𝜌2)  (20) 

 

where, 𝑥𝑖
′ is the gene after mutation, 𝑥𝑖  represents the Gene 

value before mutation. Gaussian distribution with zero mean 

and variance 𝜌2.  

In addition, the application of route planning and the cost of 

energy needed to operate each route are used as the main 

criteria. Then, more possible solutions to the problem 

(offspring) are formed by using a procedure known as 

crossover, which combines the best and finest solutions 

obtained in the previous generation of parents. Moreover, 

alternative mutations of the most suitable solutions are 

generated during the mutation procedure. Then, the RCGA re-

runs the selection with the successive potential solutions of the 

population that are even closer and closer to the right solution 

until a certain end condition, say, the number of generations, 

is met [31]. The main strength of the RCGA technique is that 

there is a chance of quick and universal stochastic. looking for 

the best possible solutions. Furthermore, the algorithm is 

simple to apply and can be employed to address complex 

issues, e.g., to find the optimal route of the AUV, ASV at the 

underwater location when there are both static and dynamic 

obstacles. The algorithm decreases the risk of the local minima 

problem because searching for the best solutions is random. 

As a whole, the technique does not need to have huge amounts 

of computations to resolve the route planning topic. 

Furthermore, the route can be inefficient in case of an 

inadequate number of generations being run. The more the 

generations, the narrower the route develops [30]. To obtain 

the best cost function, the worst solutions are always taken out 

of the population. This applies to a fast-changing or very 

complicated environment, where it takes a lot more work to 

find a solution [31]. The RCGA algorithm in route finding and 

planning is presented in the following steps: 

Step 1: Start the initial population route. 

Step 2: Calculate fitness value. 
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Step 3: Check the collision obstacle. Otherwise, go back to 

Step 2. 

Step 4: Apply selection, crossover, and mutation using the 

actual values. 

Step 5: Check stopping condition. the best fitness value 

(route distance, smoothness). Otherwise, back to step 2. 

Step 6: Generate route, end. 

 

3.2 Artificial Potential Field algorithm 

 

The APF method originated in 1986, and it includes the 

assumption that there is a revolting field surrounding the 

obstacle and a striking area surrounding the goal in which a 

stirring vehicle (e.g., AUV, ASV). Because of the interplay of 

such virtual fields, the force that is produced is premeditated 

in reference to the direction the vehicle is traveling. Through 

this approach, there is no need to have previous knowledge of 

the workspace environment and where the obstacles are 

detected [32]. Moreover, applied irrespective of whether the 

obstacles in the workspace environment that the AUV, ASV is 

traveling in are persistently moving, or not, and whether they 

are smooth or unbalanced. The most important condition in 

this algorithm to make it efficient is the correct detection of 

obstacles. The benefit of the APF approach is that it is simple 

and easy to implement, and does not require many calculations, 

which allows one to control AUVs and prevent free collisions 

in close to real time. Though the abovementioned benefits are 

various, there is a chance of local minima or trap situations 

that are viewed as a main drawback [30]. Moreover, there are 

conditions under which, as in the case of a U-shaped barrier, 

the resulting force on the AUV/ASV will be composed such 

that the algorithm will cause the movement of the AUV/ASV 

in an infinite loop without reaching the target [30]. The APF 

algorithm in route finding and planning is introduced in the 

following steps: 

Step 1: Start with the initial value (map, star, and target 

node) 

Step 2: Calculate the attractive potential. 

Step 3: Calculate the repulsive potential. 

Step 4: Calculate the total potential. 

Step 5: Calculate the vector force. 

Step 6: Update position.  

Step 7: If the target is reached. Otherwise, go back to Step 

5. 

Step 8: Generate the route. 

 

3.3 Cubic Smoothing Spline  
 

In general, the Cubic Smoothing Spline (CSS) is the 

mathematical model that can be used to create a curve 

smoothly through several nodes. The cubic spline 

interpolation is an irregular technique that gives a constant line 

of a collection of interpolation nodes via cubic polynomials. 

The close-fitting cubic spline interpolation route planning of 

the robot is smoother, and this provides the robot with further 

dynamic physical characteristics in an emergency break or 

emergency steering, which provides it with immense benefits 

compared to a route that includes straight lines and arcs. Then, 

the definition of cubic spline interpolation and the technique 

of generating the route will be presented [33]. The steps of the 

CSS are as follows: 

Step 1: Start to input the node route. 

Step 2: Defined the object function (smoothness). 

Step 3: Choose the smooth coefficient. 

Step 4: Deriving the linear system. 

Step 5: Construct and evaluate the route. 

The CSS 𝑠(𝑥)  is obtained to minimize the following 

function: 

 

𝑠(𝑥) = ∑ (𝑦𝑖 − 𝑠(𝑥𝑖))2 + 𝜆 ∫ [(𝑠̈
𝑏

𝑎

(𝑥)]2𝑑𝑥 
𝑛

𝑖+1
 (21) 

 

where, 𝑦𝑖  is the observed data, 𝑥𝑖 is data input, (𝑦𝑖 − 𝑠(𝑥𝑖))2 

is the fitting squared error, 𝑠̈(𝑥) is the second derivative of 

𝑠(𝑥), ∫ [(𝑠̈
𝑏

𝑎
(𝑥)]2𝑑𝑥 is a penalty smoothness term, and 𝜆 is the 

smoothing parameter. 
 

 

4. PROPOSED SYSTEM (TARGET DETECTION) 

 

This section demonstrated the proposed system of 

cooperation based on route finding and planning target 

detection for UAV and ASV. Figure 3 shows the proposed 

system, which first applies the route-finding algorithm 

(RCGA–APF–CSS) in the UAV to detect the target and then 

sends the node target (x, y) through the Wi-Fi connection 

(peer-to-peer wireless network) to the ASV. Also, the route-

planning algorithm (RCGA–APF–CSS) was applied in ASV. 

 

 
 

Figure 3. The proposed system for target detection 

 

 
 

Figure 4. Flow chart of the proposed (RCGA–APF–CSS) 

route finding and planning algorithm 
Note: RCGA: Real-Coded Genetic Algorithm; APF: Artificial Potential 

Field; CSS: Cubic Smoothing Spline. 
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Moreover, the proposed approach to route finding and 

planning mixes two algorithms, RCGA and APF, and 

consequently, smooths the route using CSS. Combining the 

two will develop a hybrid algorithm called RCGA–APF–CSS. 

Figure 4 is a flowchart that explains the RCGA–APF–CSS 

proposed algorithm. Mainly, the RCGA algorithm was used to 

find a route that avoids collisions. It works by guiding the 

route finding and planning of UAV and ASV from the starting 

node to the goal node. Moreover, it moves from node to node 

while steering clear of obstacles until it reaches the destination. 

Nevertheless, RCGA doesn’t frequently find the optimum 

route. It habitually makes a winding route that ends up 

consuming more power and covering extra distance. 

Subsequently, the candidate nodes identified by RCGA were 

used for further processing. Secondly, the candidate nodes 

found using RCGA were fed into the APF algorithm.  

The APF refinement depends on the following equation: 

 

𝑝𝑛𝑖
′ = 𝑝𝑜𝑖 + Δ𝑝𝑜𝑖 (22) 

 

Δ𝑝𝑜𝑖 = −∇𝑈(𝑝𝑜𝑖) (23) 

 

where, 𝑝𝑛𝑖
′  is the node of new path, 𝑝𝑜𝑖  is the node of initial 

path, Δ is the direction of the path to avoid the obstacle, and 

𝑈(𝑝𝑜𝑖)  is the potential field between the obstacle and the 

target. Moreover, APF helped create the shortest route and 

then used CSS to produce the smoothest and shortest route. 

An illustration of a heuristic distance metric that is 

employed by the route planning algorithm is the Euclidean 

distance for a 3D and 2D coordinate system used as shown 

below [27]: 

 

3𝐷𝑖𝑠𝑟𝑜𝑢𝑡𝑒=√
(𝑥𝑜 − 𝑥𝑛)2 + (𝑦𝑜 − 𝑦𝑛)2

+(𝑧𝑜 − 𝑧𝑛)2  (24) 

 

2𝐷𝑖𝑠𝑟𝑜𝑢𝑡𝑒=√(𝑥𝑜 − 𝑥𝑛)2 + (𝑦𝑜 − 𝑦𝑛)2 (25) 

 

 

5. SIMULATION RESULTS 

 

This research used the RCGA, APF, and proposed 

algorithm RCGA-APF–CSS, and implementation setups in 3D 

UAV and 2D ASV in an environment of 300 × 300 × 30 m. 

Intel Core i7 tenth-generation computer hardware, which 

includes a 1.7 GHz CPU and 16.00 GB RAM in addition to 

the MATLAB 2024b package, was used. There are three 

algorithms, namely the RCGA algorithm and the APF 

algorithm, and the proposed hybrid RCGA–APF–CSS 

algorithm, which apply to route finding in UAV to detect the 

target and then apply to route planning in ASV, which 

determines a collision-free route, and the results of the 

algorithms are compared between them to find the shortest 

distance route, bearing in mind that there has to be a safety 

zone between the obstacles and the robotics. The location of 

the start node of the UAV is at 21, 21, 22 m, and the location 

of the target node is at 280, 240, 0 m. After applying the RCGA, 

using Eq. (19), the distance of the optimal route was equal to 

423.3 m in max iteration number 90, as demonstrated in Figure 

5. On the other hand, the ASV optimal distance of the route by 

used the Eq. (20) equal to 420.2 m in max iteration number 90 

is presented on Figure 6 in case the RCGA algorithm was 

applied to the proposed environment were the location of the 

start node of the ASV is at 100, 0 m, and location of the target 

location at 280, 240 m.  

 

 
(a) The optimal route finding of the UAV 

 
(b) The cost function 

 

Figure 5. Simulation test result of the Real-Coded Genetic 

Algorithm (RCGA) algorithm 

 

 
(a) The optimal route planning of an Autonomous Surface 

Vehicle (ASV) 

 
(b) The cost function 

 

Figure 6. Simulation test result of the Real-Coded Genetic 

Algorithm (RCGA) algorithm 
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Figure 7. The Real-Coded Genetic Algorithm (RCGA) 

algorithm route planning of cooperation based on target 

detection for Unmanned Aerial Vehicle (UAV) and 

Autonomous Surface Vehicle (ASV) 

 

 
(a) The route finding of the Unmanned Aerial Vehicle (UAV) 

 
(b) The cost function 

 

Figure 8. Simulation test result of the Artificial Potential 

Field (APF) algorithm 

 

 
(a) The optimal route planning of an Autonomous Surface 

Vehicle (ASV) 

 
(b) The cost function 

 

Figure 9. Simulation test result of the Artificial Potential 

Field (APF) algorithm 

 

 
 

Figure 10. The Artificial Potential Field (APF) algorithm 

route planning of cooperation based on target detection for 

Unmanned Aerial Vehicle (UAV) and Autonomous Surface 

Vehicle (ASV) 

 

 
(a) The optimal route  

 
(b) The best cost function convergence 

 

Figure 11. The proposed algorithm (RCGA–APF–CSS) in 

UAV 
Note: RCGA: Real-Coded Genetic Algorithm; APF: Artificial Potential 
Field; CSS: Cubic Smoothing Spline; UAV: Unmanned Aerial Vehicle. 
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Figure 7 shows the RCGA algorithm route planning of 

cooperation based on target detection for UAV and ASV. 

Figure 8 shows the optimal route distance in the proposed 

workspace environment when the APF algorithm was applied 

to the UAV. The optimum cost function distance is 440.6 m, 

which was observed in the maximum iteration number of 75. 

Moreover, Figure 9 shows the optimal route distance in the 

proposed workspace environment; when the APF algorithm 

was applied in ASV, the cost function of the route is 438.5 in 

the maximum iteration 75. 

Moreover, Figure 10 illustrates the APF algorithm route 

finding and planning of cooperation based on target detection 

for UAV and ASV. In addition, in Figure 11(a), the RCGA–

APF–CSS hybrid algorithm was proposed to identify the 

optimal route in the same proposed workspace environment 

applied to a UAV. The optimal path distances will have a value 

of 392.7 m. The best cost function convergence was 

discovered with the optimum number of 50 iterations, as 

represented by Figure 11(b). 

 

 
(a) The optimal route  

 
(b) The best cost function convergence 

 

Figure 12. The proposed algorithm (RCGA–APF–CSS) in 

ASV  
Note: RCGA: Real-Coded Genetic Algorithm; APF: Artificial Potential 

Field; CSS: Cubic Smoothing Spline; ASV: Autonomous Surface Vehicle. 

 

Moreover, Figure 12(a) proposes the use of the RCGA–

APF–CSS hybrid algorithm that aims at finding the best route 

within the same suggested environment that is implemented in 

ASV. The optimal route distance determination takes a value 

of 386.3 m. The optimum number of max iterations of 50 

iterations was created to be the best cost convergence function, 

as illustrated by Figure 12(b). Furthermore, Figure 13 

demonstrates the (RCGA–APF–CSS) proposed algorithm 

route planning of cooperation based on target detection for 

UAV and ASV. 

In addition, the speed of the UAV and ASV corresponds to 

the route finding and planning distance, as shown in Figure 14. 

Moreover, the UAV acceleration profile is shown in Figure 15. 

This is resulting from the speed, which is the difference 

between two points, and also shows where the UAV is 

accelerating or decelerating.  

Moreover, Figure 16 illustrates the elevation gradient UAV 

is deduced from the height and distance, which demonstrates 

the slope of the path up/down (dz/ds(. Additionally, Figure 17 

shows the curvature of the UAV. It will result from the (x, y, 

z) coordinates, which measure the intensity of the bending and 

curvature of the UAV. 

 

 
 

Figure 13. The RCGA–APF–CSS proposed algorithm route 

planning of cooperation based on target detection for UAV 

and ASV 
Note: RCGA: Real-Coded Genetic Algorithm; APF: Artificial Potential 

Field; CSS: Cubic Smoothing Spline; UAV: Unmanned Aerial Vehicle; 

ASV: Autonomous Surface Vehicle. 

 

 
 

Figure 14. The speed of Unmanned Aerial Vehicle (UAV) 

and Autonomous Surface Vehicle (ASV) 

 

 
 

Figure 15. The Unmanned Aerial Vehicle (UAV) 

acceleration profile 
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Figure 16. The elevation gradient 

 

 
 

Figure 17. The curvature of an Unmanned Aerial Vehicle 

(UAV) 

 

Through the comparison of the RCGA and APF with the 

proposed hybrid algorithm RCGA–APF–CSS, it has been 

realized that the proposed algorithm produced the shortest 

route between the starting node and the target node, as shown 

in Table 2.  

 

Table 2. Comparison of the optimal route finding and 

planning distance 

 

Algorithm 
Route Length (m) 

No. of Iteration 
UAV ASV 

RCGA 423.3 420.2 90 

APF 440.6 438.5 75 

Proposed RCGA–

APF–CSS 
392.7 386.3 50 

Note: RCGA: Real-Coded Genetic Algorithm; APF: Artificial Potential 

Field; CSS: Cubic Smoothing Spline; UAV: Unmanned Aerial Vehicle; 

ASV: Autonomous Surface Vehicle. 

 

Also, a safety zone represents the minimum distance 

between the UAV, ASV, and the obstacle, as shown in Eq. (26) 

[33]. 

 

𝐷𝑠𝑚 =∥ 𝑝𝑛 − 𝑐𝑜 ∥ −𝑟𝑜 (26) 

 

where, 𝐷𝑠𝑖  is the distance between the path node 𝑝𝑛  and 

obstacle, ∥ ∥  is the Euclidean distance, 𝐷𝑠m  is the min 

distance, 𝑐𝑜 is the center of the obstacle, and 𝑟𝑜 is the obstacle 

radius. In addition, the smoothness route (turning angle) is 

shown in the following equations [33]: 

 

𝑣𝑛 = 𝑝𝑛 − 𝑝𝑛−1 (27) 

 

𝜃𝑛 = cos −1 (
𝑣𝑛 ⋅ 𝑣𝑛+1

∥ 𝑣𝑛 ∥∥ 𝑣𝑛+1 ∥
) (28) 

 

𝑆𝑚 = ∑ 𝜃𝑛

𝑛−1

𝑛=2

 (29) 

 

where, 𝑣𝑛 is the motion vector for node route, 𝜃𝑛 is the turning 

angle of the node route, (⋅) is the dot product, and 𝑆𝑚 is the 

smoothness route. Finally, the execution time in algorithms 

can be seen in Eq. (30): 

 

𝑇𝑐 = 𝑇𝑒𝑛𝑑 − 𝑇𝑠𝑡𝑎𝑟𝑡  (30) 

 

Table 3 presents the safety zone distance, route smoothness 

(turning angle), and execution time for all implementation 

algorithms. 

 

Table 3. The safety zone distance, route smoothness (turning 

angle), and execution time 

 

Algorithm 

Safety Zone 

Distance (m) 

Turning 

Angle (rad) 

Execution 

Time (s) 

UAV ASV UAV ASV UAV ASV 

RCGA 1.9 1.7 3.8 3.7 0.70 0.65 

APF 1.5 1.4 2.6 2.4 0.28 0.25 

Proposed 

RCGA–

APF–CSS 

2.3 2.0 1.7 1.6 0.33 0.28 

Note: RCGA: Real-Coded Genetic Algorithm; APF: Artificial Potential 

Field; CSS: Cubic Smoothing Spline; UAV: Unmanned Aerial Vehicle; 
ASV: Autonomous Surface Vehicle. 

 

As well as Figure 18, the mean value distance of the route 

planning for all algorithms was used, where the number of 

attempts is 10. Moreover, the effectiveness of the route 

distance of the suggested algorithm 𝐸𝑟  and the effectiveness of 

the iteration 𝐸𝑖  were determined according to the following 

formula:  

 

𝐸𝑟 = (1 −
𝑁𝑟

𝑂𝑟

) × 100% (31) 

 

𝐸𝑖 = (1 −
𝑁𝑖

𝑂𝑖

) × 100% (32) 

 

where, 𝑁𝑟 is the new route, 𝑂𝑟 is the old route, 𝑁𝑖 is the new 

iteration and 𝑂𝑖  is the old iteration. Table 4 summarizes the 

enhancement of route distance and iteration number compared 

to the proposed algorithm. Also, the best values of the 

parameters in the RCGA–APF–CSS algorithm are shown in 

Table 5.  

 

 
 

Figure 18. The mean value distance of the route finding and 

planning algorithms 
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Table 4. The enhancement of the route distance and iteration 

 

Algorithm 
𝑬𝒓(%) 𝑬𝒊(%) 

UAV ASV UAV ASV 

RCGA 7.22 8.06 44.4 44.4 

APF 10.87 11.9 33.3 33.3 
Note: RCGA: Real-Coded Genetic Algorithm; APF: Artificial Potential 

Field; UAV: Unmanned Aerial Vehicle; ASV: Autonomous Surface Vehicle. 

 

Table 5. Best values of the parameters in RCGA–APF–CSS 

 
Parameter Value 

Nm 6 

Ps 35 

gens 80 

Pc 0.85 

Pm 0.2 

Catt 1 

wcoll 1000 

Crep 8 

Edis 3.5 

alpha 0.2 

tolerance 0.5 

Max. Iteration 100 
Note: RCGA: Real-Coded Genetic Algorithm; APF: Artificial Potential 

Field; CSS: Cubic Smoothing Splin. 

 

In addition, the enhancement of the mean value (%) for the 

results distance in Table 2 is shown in Table 6.  

 

Table 6. The mean value (%) 

 

Algorithm 
The Mean Value (%) 

UAV ASV 

RCGA 99.69 99.7 

APF 99.84 99.81 

Proposed RCGA–APF–CSS 99.73 99.7 
Note: RCGA: Real-Coded Genetic Algorithm; APF: Artificial Potential 
Field; CSS: Cubic Smoothing Spline; UAV: Unmanned Aerial Vehicle; 

ASV: Autonomous Surface Vehicle. 

 

To compute the peer-to-peer wireless network Wi-Fi 

communicator mathematical formulation between the UAV 

and ASV, it is notable to state that these equations are 

approximations of the metrics of the network performance, 

which are dynamic and which are established on the 

simulation. Their concepts are attenuation, signal-to-noise 

ratio (SNR), reliability, packet loss, latency, throughput, and 

Quality of Service (QoS) [33].  

 

𝑃𝑙𝑑 = 20 log10 𝑑 + 20 log10 𝑓 + 𝐶 (33) 

 

where, 𝑃𝑙𝑑  is the path loss (attenuation) with route distance in 

dB, d is the distance between UAV and ASV in m, f is the 

signal frequency in MHz, C is the conversion constant to 

convert the distance from m and frequency from MHz to dB 

[34]. 

 

𝑃𝑟 = 𝑇𝑃 − 𝑃𝑙𝑑 (34) 

  

𝑆𝑁𝑅 = 𝑇𝑝 − 𝑁𝑝 (35) 

 

where, 𝑅𝑟 is the power received in dBm, 𝑇𝑃 is transmit power 

in dBm, 𝑁𝑝 is the noise power in dBm, SNR is the signal-to-

noise ratio in dB [33].  

 

𝑅 = 1 − 𝑒−𝑆𝑁𝑅/10 (36) 

where, R is the readability, which represents the probability of 

successful packet delivery [34]. 

 

𝑃𝐿 = 1 − 𝑅 (37) 

 

where, 𝑃𝐿  is the packet loss. 
 

𝐿𝑦 = 𝑡𝑝𝑟𝑜𝑝𝑎𝑔𝑎𝑡𝑖𝑜𝑛 + 𝑡𝑝𝑟𝑜𝑐𝑒𝑠𝑠𝑖𝑛𝑔 + £ (38) 
 

𝑡𝑝𝑟𝑜𝑝𝑎𝑔𝑎𝑡𝑖𝑜𝑛 =
𝑑

𝑐
× 103  (39) 

 

where, 𝐿𝑦  is the latency in ms,  𝑡𝑝𝑟𝑜𝑐𝑒𝑠𝑠𝑖𝑛𝑔  is the fixed 

processing delay, c is the speed of light, £ is a small random 

noise. The throughput of data is represented in Eqs. (40)-(41) 

[35]. 
 

𝐷𝑟𝑎𝑡𝑒 = 𝐵 × log2 1 + 𝑆𝑁𝑅𝑙𝑖𝑛𝑒𝑟  (40) 

  

𝑆𝑁𝑅𝑙𝑖𝑛𝑒𝑟 = 10𝑆𝑁𝑅/10 (41) 

 

where, 𝐷𝑟𝑎𝑡𝑒  is the data rate, B is the bandwidth.  

Therefore, Figure 19 shows the QoS of Wi-Fi peer-to-peer 

between UAV and ASV. 
 

 
 

Figure 19. Quality of Service (QoS) of Wi-Fi between UAV 

and ASV 
Note: UAV: Unmanned Aerial Vehicle; ASV: Autonomous Surface Vehicle. 

 

To verify the efficiency of the proposed algorithm, the first 

algorithm comparison was done to test with RCGA, APF, and 

our proposed algorithm, RCGA–APF–CSS. It was compared 

to the study [24], which used a 3D map environment in a UAV 

and applied two types of polynomial functions. This algorithm 

was applied in a stationary workspace environment without a 

change in the working space, where the workspace 

environment is 10 × 9 × 9 m, the starting node is 1, 3.8, 2 m, 

and the target node is 6.5, 6.3, 2 m. Figure 20(a) demonstrates 

that this environment was used in RCGA, APF, and proposed 

algorithms to locate the most optimal route to follow by the 

UAV. The best route was also obtained using the RCGA-APF, 

RCGA–APF–CSS algorithm, and best distance cost functions 

in Figures 20(b) and (c), respectively. 

The second comparison was carried out with the Artificial 

Bee Colony Self Perception Particle Swarm Optimization 

(ABC–SPPSO) [21]. The 2D workspace environment is 500 × 

500 cm, the starting point is 50, 50 cm, and the goal point is 

350, 450 cm. It is the same environment that applies to the 

RCGA, APF, RCGA–APF, and proposed RCGA–APF–CSS 
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algorithms illustrated in Figure 21(a), furthermore, Figures 21 

(b) and (c) demonstrate the RCGA–APF and proposed 

RCGA–APF–CSS algorithm and best cost distance function, 

respectively. 

 

 
(a) 3D map using (RCGA, APF and RCGA–APF–CSS) 

algorithms 

 
(b) 3D map using (RCGA–APF and RCGA–APF–CSS) 

algorithm 

 
(c) The best cost distance function of the RCGA–APF–CSS 

algorithm 

 

Figure 20. The simulation results using the workspace [24] 
Note: RCGA: Real-Coded Genetic Algorithm; APF: Artificial Potential 
Field; CSS: Cubic Smoothing Spline; UAV: Unmanned Aerial Vehicle; 

ASV: Autonomous Surface Vehicle. 

 

Tables 7 and 8 demonstrate that the proposed hybrid 

algorithm provides a route with a shorter route distance and 

consumes less time in finding the best route compared to the 

literature [21, 24]. Moreover, Table 9 shows the values of the 

parameters in the ABC-SPPSO algorithm in the study [21]. 

The reason for the superiority of the proposed hybrid 

algorithm is due to the use of an RCGA solution to UAV and 

ASV route finding and planning. Standardization, deletion, 

and addition of operons have been presented in the design of 

genetic operons to counteract the deficiency of basic operons. 

At the same time, RCGA is optimized using adaptive mutation 

and crossover rate. One way to improve the algorithm is to 

include new operators and dynamic ways of addressing the 

problem of the target node not being obtained because of the 

local minima during the evolution process. The nodes 

produced by the initial route were then injected into the 

algorithm APF. The APF technique is widespread and easy to 

solve the route planning issue. It is a distinctive methodology 

and has a simple computation model; thus, it is a desirable 

choice in real-time and dynamic settings. This method was 

short and obstacle-free. To achieve a smoother route, the CSS 

technique was used, which worked to that end. 

 

 
(a) Using the (RCGA, APF, and RCGA–APF–CSS) 

algorithms 

 
(b) Using the (RCGA–APF, RCGA–APF–CSS) algorithms 

 
(c) The best cost distance function of the RCGA–APF–CSS 

algorithm 

 

Figure 21. The test results using a 2D environment of study 

[21] 
Note: RCGA: Real-Coded Genetic Algorithm; APF: Artificial Potential 

Field; CSS: Cubic Smoothing Spline; UAV: Unmanned Aerial Vehicle; 
ASV: Autonomous Surface Vehicle. 
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Table 7. The optimal route distance of the proposed 

algorithm compared to the study [24] 

 

Ref. Algorithm 
Route Distance 

(cm) 

𝑬𝒓 

(%) 

𝑬𝒊 

(%) 

[24] 

Polynomial 4th 980 27.55 - 

Polynomial 5th 1.470 51.7 - 

A* 2.010 64.67 - 

RCGA 890 20.22 44.4 

APF 920 22.82 33.3 

Proposed RCGA–

APF–CSS 
710 - - 

 

Table 8. The optimal route distance of the proposed 

algorithm compared to the study [21] 

 

Ref. Algorithm 
Route Distance 

(cm) 

𝑬𝒓 

(%) 

𝑬𝒊 

(%) 

[21] 

hybrid ABC-SPPSO 555.36 10.29 9.09 

RCGA 600.56 17.04 44.4 

APF 740.21 32.69 33.3 

Proposed RCGA–

APF–CSS 
498.13 - - 

 

Table 9. The values of the parameters in the Artificial Bee 

Colony Self Perception Particle Swarm Optimization (ABC–

SPPSO) algorithm [21] 

 
Parameters Values 

Scout Bees numbers 10 

Selected Bees numbers 5 

Recruit Bees numbers equal to the population size of 

SPPSO 
40 

Particle numbers 5 

Fittest Bees numbers 5 

 

 
6. CONCLUSIONS 

 
In this paper, general problems in cooperation in route 

finding and planning between UAV and ASV are addressed in 

robotic networks and suggested to be correctly solved. In order 

to solve this problem, the former cooperation in route finding 

and planning between UAV and ASV in different complex 

environments is needed. By came up with a hybrid algorithm, 

RCGA–APF–CSS, which is a combination of the RCGA, APF, 

and CSS. According to the simulation results, it was perfect 

that the proposed hybrid algorithm is more effective than the 

original algorithms at locating the optimal route of the UAV 

and ASV within free collision navigation in the environment. 

The hybrid proposed algorithm in route finding in the UAV 

reached better results than the RCGA algorithms in terms of 

route distance 7.22% and iterations 44.4%, and it 

outperformed the APF algorithm as well, since it improved the 

route distance and iterations by 10.87% and 33.3%, 

respectively. Similarly, the hybrid proposed algorithm in route 

planning in ASV reached enhanced results compared to the 

RCGA algorithms in distance route 8.06% and iterations 

44.4%, and it outdid the APF as well, and then it enhanced the 

route and iterations by 11.9% and 33.3%, respectively. 

Moreover, the hybrid proposed algorithm was contrasted with 

the previous study [24], which used polynomial functions 

(Polynomial 4th and Polynomial 5th) algorithms applied in a 

3D workspace environment, and the proposed algorithm 

enhanced the route length distance by 27.55% and 51.7%, 

respectively. Finally, the proposed algorithm was also 

compared to the ABC-SPPSO [21], which was applied in a 2D 

workspace environment, which showed improvement in route 

distance 10.29% and iteration number 9.09%. Upon 

consideration of the route length of the UAV and ASV 

compared with the other research, it can be noticed that the 

proposed hybrid algorithm, the RCGA–APF–CSS algorithm, 

provided the best combination of shortest route and free-

collision navigation within a minimum number of iterations 

because the proposed algorithm has a great convergence speed, 

and the algorithm has a trade-off between search and 

exploitation. In future work, this proposed algorithm method 

can be used in a swarm of UAVs and ASVs. 
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