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Abstract. In robotic systems, path planning is the one of important processes for robot
motion. The best path planning is required for shortest path searching that can make fast
movement of robot. However, the real environment is not only the path from point to
point but it has obstacles which are the one of constraints for best path searching. The
obstacle avoidance is concerned to avoid the crashing between robot and obstacle under
environment. In Hard Disk Drive manufacturing, the ﬁrst priority is safety constraint
for non-collision and second priority is shortest path for processing time saving. This
research designed the algorithm for path planning and obstacle avoidance for AGV in
Hard Disk Drive Manufacturing of Seagate Technology (Thailand) Ltd by using particle
swarm optimization. The ﬁtness function on particle swarm optimization process for
particle searching has been integrated with obstacle avoidance function to ﬁnd the best path
for robot without collision and total distance to ﬁnd the shortest path. This algorithm
is applied to verifying the model performance. The simulation results of this research
are done by MATLAB 2016b and illustrate the good performance on diﬀerent cases with
controlled parameter.
Keywords: Path planning, Particle swarm optimization, Obstacle avoidance, Hard disk
drive, Safety constraint

1. Introduction. Currently, robotic system is the one of popular systems for manufacturing. Many factories apply the robotic system to increasing manufacturing performance
such as unit per hour, accuracy, and reliability. One of robotic types is AGV which is the
automated guided vehicle. Normally, it has been used for transferring process because it
can move faster than people and it can work all the time without rest. In addition, the
robotic system can be controlled and designed easier than people. There is the main reason why the robotic system is very popular in manufacturing. Hard Disk Drive factory is
one manufacturing that applied the robotics for manufacturing process. Their purpose is
to transfer the object from station to target point. Path planning is an important section
to make robot movement in manufacturing layout. In addition, the obstacle avoidance is
DOI: 10.24507/ijicic.15.01.351
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the key feature because it is related with safety requirement. Seagate Technology (Thailand) Ltd is the Hard Disk Drive manufacturing. This factory designs the robot system
with path planning in manufacturing layout. Due to constraint on the total space, the
width of robot pathway in layout is not a large width. The robot cannot move through
robot pathway easier. In term of safety requirement in this factory, the minimum width
of robot pathway must be more than 20% of robot’s safety region radius. The robot can
move along the path without crashing. When the crashing problem occurred, the transfer
object (product) and robot can be damaged. It will impact the factory on rework cost and
timeline commitment to customer. Safety path is the ﬁrst priority for robot movement
on this factory. This research focuses on algorithms for the best safety path of robot
movement based on the layout on this factory. The layout of this factory is provided by
industrial engineer in Seagate Technology (Thailand) Ltd. From Figure 1, it is the estimated layout of storage shelf. All of rectangles in Figure 1 are the storage shelf (obstacles)
and AGV station. The small circle is the AGV. The comparing size of distance between
the edge of obstacle (gap) are shown in Figure 1. The AGV station and AGV operation
zone are created from model of factory ﬂoor. 2 AGV stations are the AGV parking zone
before operation. It will be the start point of AGV in the model. AGV station 1 will be
used to support AGV operation left zone (left dash line rectangle) and AGV station 2 will
be used to support AGV operation right zone (right dash line rectangle). The concept of
this design is to reduce the path of AGV to make high capability on process. The AGV
size is shown in Figure 2. a is a = 56 r and gap b is b = 95 r where r is radius of AGV region.

Figure 1. Estimated layout in production with AGV
Figure 3 shows the 2 wheels AGV inside the circle. Radius (r) is calculated from width
and length of AGV by using Pythagoras theorem. The circle zone in Figure 3 represents the AGV region. This research used the simulation model as Figures 1-3 based on
nonholonomic robot. The constraint on the model is the narrow gap (a) that is close
to AGV region. In term of algorithm, many researchers studied the algorithm for robot
movement. Probabilistic concept was applied in [1]. P. Alexandros et al. combined the
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Figure 2. Distance between the edge of obstacle (gap) and AGV size

Figure 3. Circle and AGV
probabilistic movement primitives and Bayesian task prioritization but they still need to
expand the evaluations on more complex real-word scenarios. In [2], G. Han et al. studied the probabilistic neighborhood location-point for data collection latency optimization
and obstacle avoidance. The simulation shows better performance than the other existing
underwater data collection algorithms. C. Evers and P. A. Naylor derive the framework in
general for GEM-SLAM which is Probability Hypothesis Density (PHD)-based in SLAM
algorithm. The simulation shows good on model-speciﬁc by using range-bearing sensors
[3]. In [4], the obstacle avoidance is main objective by using Nonlinear Model Predictive
Control (NMPC) in real time which represents good performance in various situations.
A. K. Kar et al. presented the navigation techniques on 2 diﬀerent environments which
are normal and artiﬁcial potential function. Recalculated path is required for optimal
path to avoid the obstacle which shows high risk to eﬀect high processing time [5]. For
motion path planning with additional tool, the aerial videography was selected in [6].
The purpose is to avoid the obstacle in real time but the constraint is the position and
framing by user only. About the path planning algorithm, the algorithm for optimal path
planning is popular because of the various environments. D. Devaurs et al. combined the
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principle of RRT and T-RRT. This method is faster than the RRT on complex problem
[7]. A. Wan et al. presented a GPR-based (Gaussian Process Regression) prediction of
deformation and method of compensation for robot motion accuracy improvement. They
can achieve at high accuracy on both simulation and experimental prototype [8]. Furthermore, development phase for path planning by using integrated circuits was developed in
[9]. Reconﬁgurable Analog Very Large Scale Integrated (AVLSI) circuits are Application
Speciﬁc Integrated Circuits (ASICs) for path planning. The algorithm for mapping robot’s environment needs to be loaded onto Field-Programmable Analog Arrays (FPAAs).
They tested the proposed method on 24 environment scenarios. This is one of good studies
about the path planning. P. Grosch and F. Thomas studied the geometric path planning
for nonholonomic robots to ﬁnd smooth paths but it is an open-loop method. The noise
and errors on the systems still need to consider for next improvement [10]. One of techniques that many researchers selected for robotics system is Particle Swarm Optimization
(PSO) but the ﬁtness function is diﬀerent because it is dependent on the design concept
for each researcher. S. Yeasmin et al. proposed the point-to-point motion and planned the
trajectory for robot arm using the Enhanced Particle Swarm Optimization (EPSO). The
simulation results illustrate the optimal trajectory for diﬀerent conditions of robot arm
[11]. In [12], N. Setyawan et al. developed adaptive Gaussian parameter particle swarm
optimization because of diﬃculties balancing on basic PSO algorithm. The simulation
results show the better processing time with smooth path planning. In term of application, hybrid of particle swarm optimization with Tabu Search (TABU) were developed
in [13] for mobile robot. The results show the best performance on hybrid PSO-TABU.
In addition, PSO is widely used for multi optimal objectives. In [14], A. D. Falehi and
M. Raﬁee studied about the harmonic mitigation optimization and they applied the PSO
on algorithm with multi-objective for low THD and harmonic elimination pulse width
modulation. However, the results can represent good performance on desired situation
only. In multiple robot systems, A. Ayari and S. Bouamama studied the advanced artiﬁcial intelligence. A new Dynamic Distributed Particle Swarm Optimization (D2PSO)
is the main concept of their research. The results of proposed method perform better
performance than normal [15]. L. Liao et al. improved the path planning on complex
environment by Dynamic Double Mutation Particle Swarm Optimization (DDPSO) algorithm but it is not simulation results from various situations [16]. N. Mizuno and C.
H. Nguyen used PSO to estimate parameters for high accuracy tracking control. Their
concept is validated by several trajectories with good performance [17]. M. K. Rath and
B. B. V. L. Deepak studied the path planning for mobile robot by using particle swarm
optimization. The purpose is the obstacle avoidance with shortest path but the environment on simulation is not complex [18]. In [19], Z. Nie et al. combined the particle
swarm optimization with annealing algorithm. The incremental work is required. Y. Guo
et al. designed the path planning for robot for collision-free path by using fuzzy neural
network on obstacle avoidance strategy and improved fuzzy parameters by particle swarm
optimization. Veriﬁcation phase shows the eﬀectiveness from proposed method [20]. In
addition, many researchers studied about the Spline for smooth path planning. Z. Wang
et al. combined the Astar and B-Spline for path planning on autonomous underwater
vehicle. Their purpose is to generate ﬁt path based on the motion constraint. However,
their concept works on low-dimension only. New method is required for high-dimension
environments [21]. A. Khan et al. designed the coverage path planning for mobile robots
by using rational quadratic Spline. They focus on smoothing of coverage path which is
created by rational quadratic spline. The results show good on simulation only [22]. Y.
Wang et al. used Spline interpolation to map 2D dubins path for 3D multi-vehicle path
planning. They proposed to design the system to support multiple targets. Simulation
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results show shortest dubins with small probability of collision [23]. D. Lee et al. designed the optimal path planning by using the Spline-RRT in 3-D environments of UAVs.
Simulation results show good for their systems [24]. K. Yang et al. presented the optimal
spline-based RRT path planning by using probabilistic map. RRT is good for quick path
but it is not good for quality path. Spline-based RRT is their concept to get the feasible
path. Simulation results illustrated feasibility for optimal path on system [25]. N. AranaDaniel et al. designed smooth path planning by particle swarm optimization, radial basis
function, Splines, and B’ezier curves. The results from their experiments show good on
complex environments [26]. M. Neubauer and A. Müller designed the smooth path planning with Quaternions using B-Splines. They compared the angular velocities between
standard method (SLERP) and smooth path generation. The appropriate method for
continuity of motor torque on robotic manipulator is required. Smooth path by Splines
can support their purpose [27]. S. Zhang et al. presented the smooth path planning
using η 3 -splines for home service robot. Known maps with static obstacles are created.
They used 2 steps in algorithm which are MAKLINK graph for shortest linear path and
the smoothly connected path using η 3 -splines. Simulation and experiments results show
good performance [28]. D. Lee and D. H. Shim used the Spline-RRT for optimal path
planning of Fixed-Wing UAVs ﬂights. Simulation results show that their concept can be
utilized [29]. From many researches, the new algorithm for path planning optimization
and obstacle avoidance are the important topics for robotics systems due to the various
constraints such as robot speciﬁcations, robot performance, and environments.
In this research, the purpose is to design the new algorithm for path planning and obstacle avoidance to support AGV in Hard Disk Drive manufacturing. Normally, the main
purpose to apply the robotics system in manufacturing is for replacing human workers
because they can reduce high labor cost in operation. In addition, the static obstacles on
factory are the normal condition that it will have more than one obstacle as station to
support process operation in process. Non-collision system is main key of this research
to avoid the accidents. This research is focused on the real layout of Hard Disk Drive in
Seagate Technology (Thailand) Ltd, where AGV is working in factory operation. Moreover, the path planning searching is the one of main processes. W. Ojenge et al. studied
about the Particle Swarm Optimization and Genetic Algorithm (GA) on mobile traﬃc
jam times prediction. Their results indicated the better performance on PSO than GA
in case of model prediction performance [30]. C.-C. Chiu et al. compared the PSO and
GA in an urban area for the path loss reduction. They used GA and PSO for excitation
voltage optimization on high order nonlinear optimization problem. The results show
that the PSO is better than GA in term of performance in reduction of path loss [31].
V. Kachitvichyanukul studied the diﬀerences of Genetic Algorithm (GA), Particle Swarm
Optimization (PSO) and Diﬀerential Evolution (DE). The results show that GA is appropriate for discrete but PSO and DE are appropriate for continuous optimization system.
PSO shows better performance in terms of tendency for premature convergence and inﬂuence of best solution on population. In addition, the performances without local search to
reach good solution and homogeneous sub-grouping convergence improvement are the one
of good points from PSO also [32]. This main reason why this research selects the PSO is
the good point and good performance from previous study on many researchers such as
the performance to ﬁnd the one of the best solutions and premature convergence trends.
However, the path planning and obstacle avoidance algorithm cannot ﬁnish by using only
the total distance along the path for PSO processing. It required the additional condition
for obstacle avoidance. The ﬁtness function inside PSO is modiﬁed on this research to
support the shortest path without collision condition.
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2. Particle Swarm Optimization. Particle Swarm Optimization (PSO) algorithm is
introduced by Dr. Eberhart and Dr. Kennedy [1995] [15]. It is the one of optimization
techniques which used nature bird convergence concept. The particle randomly moves
through the space at each iteration. The objective is to search the best solution which
can be deﬁned by objective function. The properties of each particle are position (xi ) and
velocity (vi ). Swarm is the set of particles. pi (PBest ) is best ﬁtness value so far and gi
(GBest ) is best value so far from population. The velocity and position are calculated by
Equation (1) and (2) respectively.
)
)
(
(
(1)
vijt+1 = wvijt + r1t c1 ptij − xtij + r2t c2 gijt − xtij
t+1
t
xt+1
(2)
ij = xij + vij
where w is inertia, r1 and r2 are positive number in random, and c1 and c2 are acceleration
coeﬃcients. The inertia weight is decreasing function in linearity.
The PSO algorithm process ﬂow is shown in Figure 4. The process starts from parameter initialization. The position, velocity, particle, swarm, dimensions, swarm size and
number of iterations have been set in initial phase. The position number (r) has been
run in random condition between 0 to 1. Then, the PSO process will start calculation on
Equation (1) and Equation (2) until it meets criteria. The ﬁtness function or objective
function is calculated to check the best value before continuing to the next process. All
of PSO process will be stopped when it reaches the stopping criteria.
The vector of PSO calculation on Figure 5 is related with Equation (1) and (2). The
positive number (r) and acceleration coeﬃcient (c) are the important parameters on PSO
process because there are the multiplication factors on Equation (1). The weight of
vector will be changed by these parameters. It means that the next particle position will
be changed also.

3. Obstacle Avoidance with PSO. One of key processes of this research is the obstacle
avoidance and the obstacle avoidance function is designed by this research. In addition,
this research combined the PSO method and obstacle avoidance function to ﬁnd the best
solution. Equation (3) is an equation for distance calculation between AGV’s position
(xr , yr ) and obstacle’s position (xo , yo ).
√
d = (xr − xo )2 + (yr − yo )2
(3)
Figure 6 shows the safety region between AGV and obstacle from Equation (3) but it
is calculated from the center point of AGV and obstacle only. This condition is enough
for model calculation in point to point but it cannot represent the real condition of robot
in the real environment.
The equation for real gap calculation is shown in Equation (4) where R is the radius of
obstacle region and r is radius of AGV region from Pythagoras theorem.
dr = d − R − r
(4)
[ ]2
]
[ ]2
wr 2
where R =
+ l2o , r =
+ l2r , wo is width of obstacle, lo is length of
2
2
obstacle, wr is width of AGV, and lr is length of AGV.
Obstacle Avoidance function (OA) is shown in Equation (5) where α is positive number
in range (1, 2).
)
(
d
,0
(5)
OA = max 1 − α ∗
R+r
From Table 1, the OA value is convergent to 1 on high risk for crashing condition.
When the OA value is convergent to 0, it is the low risk for crashing condition. However,
the best condition is the condition that OA value shows 0 but it is only normal condition
√[ ]
wo 2

√[

SAFETY PATH PLANNING WITH OBSTACLE AVOIDANCE

357

on empty area. The OA value on area with obstacle will converge to 0. On this research,
the results from obstacle avoidance function will be taken into account for ﬁtness function
calculation on PSO.

Figure 4. PSO algorithm process ﬂow
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Figure 5. Vector of PSO calculation

Figure 6. Safety region model
Table 1. Condition of obstacle avoidance function
Condition OA value
Ô1
d<R+r
Ô0
d=R+r
0
d>R+r
0

AGV and Obstacle
High risk for crashing
Low risk for crashing
Restriction zone
Safety zone

4. Interpolation. Interpolation is the new data points construction from the range of
known data points. The data missing between points will be ﬁlled from interpolation by
estimation.
4.1. Linear interpolation. The simplest form of interpolation is linear interpolation.
The concept is to connect straight line with data points. The linear equation is shown in
Equation (6).
y = f (x) = Ax + B
(6)
where A is slope, and B is y-intercept. The data in [a, c] are estimated for straight line
creation. From Equation (6), it can be substituted by a and c as Equations (7) and (8)
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respectively.
f (a) = Aa + B
(7)
f (c) = Ac + B
(8)
After solving the problem, A and B are shown in Equations (9) and (10).
f (c) − f (a)
A=
(9)
c−a
f (c) − f (a)
c
(10)
B = f (c) −
c−a
Substitute A and B into Equation (6) to ﬁnd f (b) in Equation (11) where a ≤ b ≤ c.
[
]
f (c) − f (a)
f (c) − f (a)
b + f (c) −
c
(11)
f (b) =
c−a
c−a
Linear interpolation needs at least 2 data points for calculation to ﬁnd the coeﬃcient
of Equation (11).
4.2. Cubic-spline interpolation. For cubic-spline interpolation, it is a piecewise polynomial using not-a-knot end conditions. About the third order polynomial, the equation
will be shown as Equation (12).
y = f (x) = α3 x3 + α2 x2 + α1 x + β1

(12)

The coeﬃcients for Equation (12) are computed on each interval by using the adjacent data points to make smooth line from point to point. However, the cubic-spline
needs adjacent data points at least 4 points for calculation of 4 unknown coeﬃcients
(α3 , α2 , α1 , β1 ).
The graph of data points with interpolation between linear and cubic-spline is shown
in Figure 7. The graph from cubic-spline will be smoother than linear due to polynomial
term.

Figure 7. Data points with linear interpolation and cubic-spline interpolation
5. Proposed Method. In this research, the proposed method is the Particle Swarm
Optimization for path planning with obstacle avoidance based on the layout from Seagate
Technology (Thailand) Ltd (Hard Disk Drive manufacturing). The ﬁtness function and
obstacle avoidance are the new ones which are developed in this research. The ﬁtness
function inside PSO for path planning calculation is shown in Equation (13)
n−1 [
]
∑
√
2
2
(xi − xi+1 ) + (yi − yi+1 )
(13)
L=
i=1
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The ﬁtness function on this research is the distance between start point to target point
(goal) for path planning. Equation (13) represents the distance which is calculated sum
of distance between point to point on the path from start point to target point. (xi , yi ) is
the position in 2D space. However, the results from Equation (13) can be used for path
planning only. This research designed the ﬁtness function for this system. New ﬁtness
function is shown in Equation (14) where OA is Equation (5), L is Equation (13), γ is
coeﬃcient for distance and β is coeﬃcient for OA value (safety factor).
Z = γ ∗ L ∗ +β ∗ OA

(14)

The inertia weight for PSO calculation will use value from the multiplication between
weight and weight damping ratio as shown in Equation (15).
wi+1 = wdamp ∗ wi

(15)

The searching process will be started until it found minimum value of ﬁtness function
and OA is in minimum value in range (0, 1). It means that the algorithm needs to ﬁnd
minimum value on both ﬁtness function and OA function to conclude the best solution.
The process ﬂow of proposed algorithm is shown in Figure 8. The algorithm will
be stopped when it met stopping criteria. The minimum value of OA and ﬁtness are
concerned for each iteration loop to ﬁnd the best solution.

Figure 8. Process ﬂow of proposed algorithm
6. Simulation Results. The simulation is done by MATLAB with 200 iterations because the value will be saturated after 100 iterations. More than 100 iterations are required
to ﬁnd the accurate value. The number of handling points is set to 30 with 200 population
sizes (swarm size) to support 20 × 22 unit2 on model environments. The inertia weight
is set to 1 with 0.99 inertia weight damping ratio as literature review. The acceleration
coeﬃcient is set to 1.4 because it represents the repeatability of ﬁtness value after testing
with model. In simulation, the start point and target point will be shown as Figure 9
which shows the path planning results on the model. This research simulates the results of
path planning from PSO and obstacle avoidance function. However, the connecting path
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Figure 9. Path planning results with start and target point

Figure 10. Path results on model with linear interpolation
is one of important sections to create path from point to point. The linear interpolation
and cubic spline interpolation are simulated on the model of this research.
Figures 10 and 11 show the path results from proposed method on the simulation model
by using linear interpolation and cubic-spline interpolation. Figure 12 shows the value of
ﬁtness function on each iteration. Fitness function values of spline (orange line) in Figure
12 are under the value of linear (blue line) after 43th iteration until 200th iteration. In
Figure 13, the spline shows the obstacle avoidance function less than linear interpolation
also.
The results from cubic-spline interpolation with proposed method are better than the
results from linear interpolation in terms of minimum ﬁtness value and minimum OA
value. However, the total distance (L) from linear interpolation is 25.2801 units but the
total distance from cubic-spline interpolation is 25.8663. It means that the total distance
from linear interpolation is less than the total distance from cubic-spline interpolation.
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Figure 11. Path results on model with cubic-spline interpolation

Figure 12. Fitness function on each iteration of linear interpolation and
cubic-spline interpolation
The reason why the ﬁtness value from cubic-spline is smaller than linear is the OA value
from Equation (5). Cubic-spline can make curve path due to the third order polynomial
d
calculation and curve path eﬀect the high ratio of R+r
. From Table 1, the OA value
will converge to 0 on this case. Moreover, OA is in Equation (14) for ﬁtness function
calculation. Minimum OA value will aﬀect minimum ﬁtness function also.
In addition, the ﬁrst path of cubic-spline in Figure 11 is still one problem because
cubic-spline cannot generate the point along the ﬁrst path (start point to ﬁrst point).
However, this result can aﬀect the path results for AGV. The AGV has a risk to crash to
the obstacle on this case because no data point is taken into ﬁtness function calculation.
The reason is that the cubic-spline concept needs to know data points at least 4 points to
solve the coeﬃcient of Equation (12). From this reason, the samples of data point need
to increase to solve ﬁrst phase problem from cubic-spline interpolation results. Total data
points on interpolation process are changed from 100 to 200 for simulation. The new path
results on model with cubic-spline interpolation at 200 total data points for interpolation
process are shown in Figure 14 and it shows that the start point to ﬁrst path can be
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Figure 13. Obstacle avoidance function on each iteration of linear interpolation and cubic-spline interpolation

Figure 14. Path results on model with cubic-spline interpolation with 200
data points for interpolation
connected together after data points increasing. Then, the new data point results are
compared in terms of ﬁtness function, obstacle avoidance function and total distance as
shown in Figures 15-17.
In Figure 15, the results of ﬁtness function between linear and cubic-spline interpolation
with 100 and 200 data points show the minimum ﬁtness function on cubic-spline at 200
data points. In Figure 16, the results of obstacle avoidance show the same trend as ﬁtness
function due to the relationship on Equation (14).
In Figure 17, the total distance results show the opposite trend. The total distance
results from linear interpolation are less than the cubic-spline interpolation and the increasing of data point can aﬀect the high value of total distance on both interpolation
method but the OA value is reduced after data point increasing. 200 data points are
better than the previous in term of risk for crashing. This research selects cubic-spline
interpolation with proposed method for next simulation.
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Figure 15. Fitness function results between linear and cubic-spline interpolation with 100 and 200 data points

Figure 16. Obstacle avoidance function results between linear and cubicspline interpolation with 100 and 200 data points

Figure 17. Total distance results between linear and cubic-spline interpolation with 100 and 200 data points
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In practical situation of manufacturing, the layout on manufacturing can be changed
due to factory requirements. This research simulated the layout which is not straight line
as previous layout. The layout changed condition is referred to layout plan of Seagate
Technology (Thailand) Ltd. Figure 18 shows the path results between the shortest path
and safety path on layout changed condition. The total distance on shortest path is 18.81
and safety path is 22.29. However, the OA value that it can represent the risk of collision
shows 0.165 on shortest path and 0.007 on safety path. The result shows that the shortest
path is better in term of minimum total distance but it shows high risk for collision. In
case of safety path, it shows higher total distance but the risk of collision is very low and
it is a good choice for factory because the safety is ﬁrst priority.
On layout changed condition, this research creates new layout by adjusting the gap to
verify the model performance. Then, the results have been compared between shortest
path and safety path in Figure 19.
Figure 19 shows the right to left path results between shortest path and safety path
on new layout. The shortest path shows high risk of collision and the safety path shows
low risk for collision as same as the results from Figure 18. For numeric data, the total
distance from shortest path is 21.87 and safety path is 25.51 but the OA value from
shortest path is 0.2244 and safety path is only 0.0081.
The left to right path results between shortest path and safety path are shown in Figure
20. In Figure 20, the shortest path still shows high risk of collision on this path and the
safety path shows low risk for collision as Figure 18 and Figure 19. The total distance
of shortest path is 21.75 and safety path is 28.97. The OA value of shortest path is
0.2062 and safety path is only 0.0083. The results in Figures 18-20 illustrate the better
performance for obstacle avoidance on safety path from proposed method of this research
than the conventional shortest path searching.
7. Conclusions. This research considered path planning on particle swarm optimization
with obstacle avoidance for AGV in Hard Disk Drive manufacturing. The main purpose is
to develop the new algorithm for safety constraint to avoid the accident in manufacturing
by using particle swarm optimization for low risk of collision path searching. The process
step for model calculation starts at PSO and stops when it meets the stopping criteria.
However, the goal for searching is combined between the obstacle avoidance function and
total distance to ﬁnd the minimum results. The minimum of ﬁtness function can represent

Figure 18. Path results between shortest path and safety path

366

R. PRASERTTAWEELAP, S. KAITWANIDVILAI AND H. AOYAMA

Figure 19. Right to left path results between shortest path and safety
path on new layout

Figure 20. Left to right path results between shortest path and safety
path on new layout
the low risk for collision and shortest path but the priority is set to non-collision. The
minimum value of obstacle avoidance function shows the low risk for collision between
AGV and obstacle. Inside the model, the PSO results will report the particle position
on each point. The model is required interpolation on the system to connect path between point to point for robot path from start point to target point. 2 interpolations
which are linear and cubic-spline are tested. The performance from cubic-spline interpolation is better than linear interpolation for obstacle avoidance on layout from Seagate
Technology (Thailand) Ltd, and changeable layout plan. In addition, the results from
proposed method of this research illustrate good performance on safety path when it is
compared between the conventional shortest path searching and safety path searching on
this research. This model can be applied for Hard Disk Drive manufacturing of Seagate
Technology (Thailand) Ltd with safety constraint.
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