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Introduction
Mechanical mechanisms are the foundation of modern machinery providing the 

framework through which theoretical principles of mechanics are transformed into practical 
applications. The advancements of industrial development led to the establishment of more 
sophisticated systems of mechanisms that enable the precise conversion of input energy into 
predefined and controlled motions. Spatial mechanisms are a main category of mechanical 
systems. In spatial mechanisms the motion of one or more of their bodies is performed in 
different planes [1,2]. As a result, the movement of their end effectors is executed in 3D. 
Kinematic analysis predicts the response of the mechanism to a given input motion [3] based 
on the position, velocity, and acceleration of its components. The Degrees of Freedom (DoF) 
of a mechanism are defined as the number of independent movements it can execute [4]. The 
workspace of a mechanism is a specific area that its end effector can operate in [5]. There 
are several algorithms that enable robots to move from a starting to an ending location. The 
path planning must be consistent with the robot’s movement capabilities. Thus, the path 
planning process of spatial mechanisms requires a 3D trajectory generation. There are several 
algorithms that solve the path planning problem in 3D [6-9] and 4D [10-12].

Researchers have proposed several algorithms to solve the 3D path planning problem. 
Yang et al. [13] implemented a Particle Swarm Algorithm (PSO) for solving the path planning 
of flexible needle navigation through an environment with several obstacles in the context 
of percutaneous puncture surgery [13]. Li et al. [14] presented an A* for solving the 3D path 
planning algorithm problem in nuclear emergency situations [14]. Niu et al. [15] proposed 
a continuous Ant Colony Optimization (ACO) algorithm for generating the 3D course of 
unmanned aerial vehicles in an environment with static obstacles [15]. Song et al. [16] 
nominated a reinforcement learning fast dual Rapid Exploring Tree (RRT) for addressing the 
2D and 3D path planning of unmanned underwater vehicles [16].
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Abstract
Mechanisms are crucial for the accomplishment of manufacturing and industrial procedures. An important 
factor for their operation is the integration of path planning algorithms to optimize the trajectory of the 
end effector. The path planning algorithms ensure that the mechanism’s trajectory avoids the obstacles 
and simultaneously minimizes its length. The effectiveness of the artificial fish swarm algorithm in 3D 
path planning cases is examined. The generated paths are designed to be applied to spatial mechanisms. 
Their effective implementation is examined by the execution of the resulting path using an industrial 
robotic arm in real-world scenario.
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In this paper the application of a 3D [17] path planning 
algorithm is examined for spatial mechanisms. The resulting path 
avoids collisions with the obstacles in the mechanism’s working 
environment and reflects the shortest connection between a starting 
and an ending point. The feasibility of the path is examined using a 
real-world 6 DoF industrial robotic arm. The path’s simulation in an 
industrial robotic arm with advanced configuration verifies that it 
can also be applied to spatial mechanisms with simpler kinematics.

Methodology
The virtual modeling of the real-world environment was 

achieved using the grid method. The grid method divides space into 
individual elementary units with specific dimensions. At the center 
of gravity of each elementary unit, a discrete point is placed, which 
represents the space occupied by the elementary unit. Obstacles 
encountered in the real world are defined in the grid environment 
by prohibiting movement towards the corresponding discrete 
points. Each discrete point is assigned with the numerical value 1 
if it is not an obstacle and with the value 0 when it is considered 
as an obstacle. The Artificial Fish Swarm Algorithm (AFSA) is a 
bio-inspired algorithm that imitates 4 behaviors of real-world fish 
swarms. The bio-inspired algorithms are a category of artificial 
intelligence algorithms to solve optimization problems [18,19]. 
AFSA demonstrates a highly effective global search capability, 
enabling it to thoroughly explore the solution space and identify 
alternative feasible routes within the workspace [20]. Compared to 
other traditional bio-inspired optimization techniques, AFSA can 
also converge to the optimal solution in less time. Moreover, AFSA 
can lead to reliable results with low dependency on the value of initial 
parameters [21]. The generation of the path in AFSA is achieved by 
mimicking the prey, swarm, follow behavior and random behavior 
of the fish swarms in the real world. The behaviors utilized for the 
selection of the next possible movement point are based on the 
swarm location on the grid. The prey, swarm and follow behaviors 
were adopted as described in the traditional AFSA [22] while the 
random behavior was replaced by the one proposed in [23]. The 
approaches of simple and advanced 3D elimination, the heatmap, 
the integration of the ray casting algorithm and the multiple laser 
activation method presented in [17] were adopted. It is noted that 
the multiple laser activation method was also modified for 2D path 
generation. The objective function used was the same as [17].

Result
The described 3D path planning algorithm was applied to 

generate collision free trajectories for a 6 DoF industrial robotic 
arm. The experiments were conducted using the Kawasaki RS010N 
robotic arm. The metal component has a length of lm=350mm, a 
height of hm=400mm and a thickness of wm=60mm. The diameter 
of the central hole is dm1=280mm and while the diameter of the 
smaller hole is dm2=100mm. The rectangular obstacle has a length 
of lr=850mm, a height of hr=560mm and a thickness of wr=25mm. 
The algorithm’s parameters are the following the maximum 
number of iterations MaxIt=90, the population size numFish=150, 
the try-number fishTryNum=15, the highest number of steps 

before a path is deemed to be unoptimal and is subsequently 
rejected MaxStepsNum=40 and the crowding factor δ=0.2. The 
heatmap created using the following parameters, obsHeatVal=150, 
heatIncrCoef=0.4, obsNearHeatVal=90, obsNearHeatVal2=40. 
The hetmap’s navigation strategy is the following. The heatmap 
values, hv, were initially analyzed in relation to the average value 
mh and the distance df of the examined point from the fish’s 
location. If hv<0.92×mh, for the objective function’s value of points, 
where their df=2×da is multiplied by bh=1.35×da. The variable da 
represents the length of the elementary unit. If hv≤1.08×mh and 
hv≥0.92×mh for the points distanced df=√2×da or df=da, bh=1.25. 
If hv>1.08×mh and hv≤1.28×mh for the points where df=√5×da, 
bh=0.82. The ray casting algorithm does not contain customizable 
parameters.

Figure1a shows the experimental set up. Figure 1b-1f show 
the position of the robotic arm during the execution of the 
resulting path. Figure 1g shows the grid environment and the 
resulting path. In red are shown the discrete points, in black the 
obstacles, in blue the starting point, in green the ending point 
and in magenta the final path. The utilized grid environment 
consists of 1400 discrete points and it is considered as dense. Its 
dimensions are 700×1200×500mm. The size of each elementary 
unit is 50×60×100mm. In the grid environment 92 points are 
defined as obstacles. A dense environment was selected due to the 
complex geometry of its obstacles. The grid’s density is determined 
to achieve an optimal balance between spatial resolution and 
computational efficiency. In the examined environment, the 
obstacles are primarily concentrated within a specific area, while a 
substantial portion of the workspace remains unoccupied. The grid 
dimensions were selected to ensure an accurate representation 
of the obstacle regions while minimizing the impact of obstacle 
overexpansion. A thin facilitates the representation of the obstacle 
free region enabling the algorithm to locate the optimal solution 
more quickly, however, the limited accuracy in the representation 
of the obstacles would distort the course of the resulting path, 
leading to an increase in path length. 

A dense grid environment can simulate more accurately the 
shape curved obstacles compared to a thin environment. The 
detailed simulation of these types of obstacles is attributed to the 
fact that each discrete point represents a smaller area. However, 
the increase in the number of discrete points also increases the 
computational requirements. The algorithm’s computational time 
was 33,85 seconds. The test was executed on a computer with a 
CPU Intel(R) Core(TM) i7-7500U 2.70GHz, the GPU model was a 
AMD Radeon R7M340 and with 6GB RAM capacity (Figure 1). 

Figure1f shows the resulting from the ACO [24] algorithm 
in the same grid environment. The total length using ACO is 
1701,2mm. The length of the resulting path from the presented 
AFSA is 1235,4mm 27,3% shorter. The maximum path length of 
AFSA’s implementation is maxAFSA=2725.7mm, the average path 
length avgAFSA=1702.3mm, the maximum nodes of the generated 
paths maxNodesAFSA=51 and the average nodes number 
avgAFSA=12.7315. The path generated by the AFSA algorithm 
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consists of 4 nodes, whereas the corresponding path obtained 
using the ACO algorithm comprises 20 nodes. Figure 1g show the 
variation of path length across iterations during the execution of 

the AFSA algorithm. Zero-length paths correspond to those that 
were discarded either because they exceeded the allowable number 
of nodes or terminated in a dead-end.

Figure 1: (a) Experimental set up, (b)-(d) Positions of the robot during path execution, (e) Resulting path utilizing 
AFSA, (f) Resulting path utilizing ACO [24] (g) Resulting diagram of path length per iteration for AFSA.

Discussion
The effective navigation of the end effector of spatial mechanisms 

is a crucial factor especially in the execution of advanced tasks. The 
application of AFSA in solving the path planning problem in 3D 
spaces proved to be particularly effective. The applications of path 
planning algorithms in mechanisms with complex kinematics such 
as industrial robotic arms verify that can also be applied to simpler 
mechanisms. Virtual representation of the real world is important 
for path generation. The dense grid environment can reduce 
discrepancies, potential collisions and oversized representation of 
obstacles between virtual and real world.
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