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Abstract: Robotics was introduced in the world with the objective of automating industrial
processes, that is, facilitating human work, and with this new algorithms have been emerging
to increasingly improve the use of robots in an autonomous way. This paper compares the
Probabilistic Road-map (PRM) and PRM-Fuzzy applied for a SCARA manipulator (Selective
Compliance Assembly Robot Arm). The PRM-Fuzzy algorithm is used to optimize the path
generated by the PRM, as it makes the path smoother and shorter. Are used in collision
avoidance path planning and is compared by computational cost (processing time), multiple
correlation coefficient, (R2), the mechanical energy consumption of the motors, and the shortest
collision avoidance paths. The results show the trajectories generated by the algorithms in the
Cartesian space and also the trajectories of each joint of the manipulator, calculated from the
inverse kinematics. Velocities, accelerations, and torques for trajectories are also shown. Several
scenarios with different obstacles were used and in all cases, the PRM-Fuzzy algorithm performed
better than the conventional PRM for the comparisons performed.

Keywords: Path planning, collision avoidance, probabilistic roadmap, SCARA manipulator,
PRM-Fuzzy.

1. INTRODUCTION

Robotics was introduced in the world with the aim of
automating industrial processes, that is, facilitating hu-
man work. With the technological evolution, the use of
robotics in the applied industrial environment and, there-
fore, several types of robots were created with the purpose
of assisting or even replacing man in certain tasks. In
this perspective, it is assumed that robots can perform
a task with sufficient intelligence to classify what action is
necessary to be chosen, for example, to avoid a collision.

Nowadays the manufacturing industry requires more man-
machine interaction, meaning man and machine can work
together, however accidents can happen (Guerin et al.,
2019). A more efficient way to prevent accidents is to
provide the machine with environment understanding,
detecting the presence of the operator on the site in order
to avoid dangerous movements. Therefore, the robot can
calculate a new collision avoidance trajectory in real-time
without slowing down nor interrupting its tasks. It is worth
mentioning that the use of this practice eliminates the
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need to deactivate the equipment, improving production
efficiency and performance control (Wisskirchen et al.,
2017)

PRM has been widely used in several collision detection
applications in addition to path planning (Paden et al.,
2017; Baumann et al., 2010; Dias et al., 2021). The
algorithm optimization of the walking path was used to
reduce the radiation exposure of the staff in a radioactive
environment of nuclear facility (Wang and Cai, 2018); a 3D
path planning algorithm for an unmanned aerial vehicle
(UAV) was developed for use in complex environments
(Yan et al., 2013).

Fuzzy logic has been widely used to solve problems in
control, observer stabilization, optimization, among others
(Bouyahya et al., 2020; Douidi et al., 2019). In the paper
from Soltanpour and Khooban (2013) an optimal fuzzy
sliding mode controller was used for tracking the position
of the robot manipulator, was presented. In the proposed
control, initially by using the inverse dynamic method,
the known sections of a robot manipulator’s dynamic are
eliminated.



According to the aforementioned research, it can be said
that the PRM is still widely used in various applications
and mainly in the path planning collision avoidance, the
object of this research. This work aims to make a com-
parison between the implementation of PRM and PRM
with Fuzzy (PRM-Fuzzy) algorithms applied to a SCARA
(Selective Compliance Assembly Robot Arm) manipulator
in the generation of collision-free trajectories with two
static obstacles. The comparison between the two methods
is demonstrated from a map, in which both algorithms
are submitted to the challenge procedure of identifying
the obstacles and elaborating a safe trajectory from the
starting point to the q final point. The results also show
the trajectories, velocities, and accelerations of the manip-
ulator joints calculated from the inverse kinematics model.

The main contribution of this work is based on the im-
plementation of the PRM and PRM-Fuzzy. The Fuzzy
algorithm improves the PRM so that the trajectories gen-
erated by the PRM are optimized, thereby spending less
time and engine power to be executed. Other contributions
can be mentioned: optimized PRM with Fuzzy algorithm
for collision avoidance trajectory generation; application
of the PRM algorithm to a SCARA manipulator; PRM-
Fuzzy algorithm for collision avoidance trajectory gener-
ation; reduction in energy consumption to carry out the
trajectory because it is optimized.

2. SCARA MANIPULATOR

The SCARA (Selective Compliance Assembly Robot Arm)
manipulator is a 3-DOF robot shown in Figure 1. In this
work, we use only 2 DOF. The first two joints revolve
around the vertical axis (z1 and z2) performing together
parallel to the horizontal plane XE YE , thus behaving as
a 2-DOF planar robot.

Figure 1. Robotic manipulator SCARA.

2.1 Forward Kinematics of SCARA

We use the Denavit-Hartenberg (DH) convention to de-
velop the kinematic model and compute the parameters
α, a, d and θ using the manipulator coordinate system
(Hartenberg and Danavit, 1964). D-H parameters are
shown in Table 1.

Table 1. DH Parameters of the SCARA ma-
nipulator.

Link ai αi di θi
1 0.35 0 0.32 θ1
2 0.30 π 0 θ2
3 0 0 d3 0

Applying the transformation matrices and the D-H conver-
sion, the positions in the workspace space can be achieved
from the joints space coordinates

Px = 0.35cos(θ1) + 0.30cos(θ1 + θ2) (1)

and
Py = 0.35sen(θ1) + 0.30sen(θ1 + θ2). (2)

2.2 Inverse Kinematics of SCARA

From the equations of direct kinematics (1) and (2) and
applying some trigonometric transformations we find the
inverse kinematics equations, given by (Batista et al.,
2020):

θ1 = tan−1

[
Py(L1 + L2cos(θ2))− PxL2sen(θ2)

Px(L1 + L2cos(θ2))− PyL2sen(θ2

]
(3)

θ2 = cos−1

(
P 2
x + P 2

y − L2
1 − L2

2

2L1L2

)
(4)

where L1 = 0.35 m and L2 = 0.30 m, are the length values
of each manipulator joint.

2.3 Dynamics of an industrial manipulator

The dynamics of the manipulator under study will be
presented using Lagrangian mechanics in the joint space.
In this, dynamic equations of motion for the manipulator
will be derived. First, the kinetic and potential energy of
the manipulator will be equated and then the Lagrange
equation for the movement will be applied (Batista et al.,
2020, 2018).

Considering the manipulator’s kinetic energy, the dynamic
equation can be written in a simplified way, such as:

M(θ)θ̈ + C(θ, θ̇)θ̇ +G(θ) = τ, (5)

where C(θ, θ̇) ∈ ℜn is the matrix that describes the

centripetal and Coriolis forces, and G(θ) = ∂g
∂θ ∈ ℜn is

the gravity vector.

2.4 Lagrange equation

Applying the Lagrange formulation and and performing
all the calculations and substitutions of the terms we will
have the equations that represent the dynamic model of
the manipulator.

The torques of joints 1 and 2 are as follows, substituting
the values of l1 = 0.35 m, l2 = 0.30 m, m1 = 7.872 kg,
m2 = 4.277 kg and g = 9.8 m/s2 are

τ1 = [1.873 + 0.898C2]θ̈1 + [0.384+

0.449C2]θ̈2 − 0.769S2θ̇1θ̇2−
0.384S2θ̇

2
2 + 12.574C12 + 41.671C1

(6)



and

τ2 = [0.384 + 0.449C2]θ̈1+

0.384θ̈2 + 0.449S2θ̇
2
1 + 12.574C12.

(7)

The dynamics equations presented here are for finding the
torque values that will be used to calculate the energy
consumed in the trajectories of each manipulator’s joint.

3. DESCRIPTION OF THE ALGORITHMS

3.1 Probabilistic Roadmap Method

The Probabilistic Roadmap (PRM) method provides mo-
tion planning to find a collision-avoidance path. It is suc-
cessfully used in mobile robots in the presence of obstacles
(Mohanta and Keshari, 2019). This methodology is ex-
tremely efficient, due to the ability to design paths quickly
and the prevalence of the shortest path. In this method,
a random sample of the configuration space is initially
generated using a uniform probability distribution. In se-
quence, the algorithm tests the sample for collision, if it is
not detected, the trajectory of the point will be generated
qinicial to qfinal (Sciavicco et al., 2011; Dias et al., 2021;
Spong and Vidyasagar, 2020).

The logic of the PRM is based on previously analyzing the
robot’s trajectory from a predetermined map, therefore,
this knowledge of the location that the robot will transit
is possible for it to calculate the route it will follow.
Therefore, the SCARA manipulator will calculate the
route effectively, aiming to distance all obstacles along the
path (Sciavicco et al., 2011).

For trajectory planning with PRM, the following steps are
necessary:

(1) The path is a graph G(V,E);
(2) The robot configuration q → Qfree is a vertex;
(3) The edge (q1, q2) implies a collision avoidance path

between these robot configurations;
(4) A metric is required to d(q1, q2) (for example, eu-

clidean distance);
(5) Use of coarse knot sampling and fine edge;
(6) Result: a path in Qfree.

3.2 Fuzzy Logic

According to Zadeh (1965), Fuzzy logic, a variable can
belong to any number of sets at different levels of mem-
bership. It can be said that a Fuzzy A set is defined
as the ordered pair A = {x, µA(x)},where x ∈ A and
0 < µA(x) < 1, where µA(x) = 0, means that element
x does not belong to set A and µA(x) = 1, means that
the element belongs entirely to the set. The function of
pertinence µA(x) describes the degree to which object
x belongs to set A. To base the Fuzzy logic, the basic
operations performed with Fuzzy sets were also defined:
complement, union and intersection (Nascimento Jr and
Yoneyama, 2000).

In this paper a Takagi-Sugeno fuzzy (T-S) rules was
utilised within the Gaussian relevance function are as
follows(Takagi and Sugeno, 1985):

IF Ai = x AND B = y, THEN z = zi(x, y, · · · , ri (8)

where A, B are Fuzzy sets of antecedents while that the
consequent is a function of the input variables.

4. METHODOLOGY

4.1 PRM with Fuzzy (PRM-Fuzzy)

As previously mentioned, in the Introduction (1), PRM
is widely used in the generation of collision avoidance
trajectories and Fuzzy logic is also widely used for system
optimization. Here we present an improvement of the paths
generated by the PRM using the Fuzzy logic, that is,
PRM with Fuzzy (PRM-Fuzzy). The idea put here is that
Fuzzy optimizes the paths generated by the PRM, that
is, it generates a shorter path without collision. The PRM
method generates collision-free paths and Fuzzy improves
this path, making it smaller (optimized) and also without
collision. The paths are generated in the Cartesian space.
The PRM-Fuzzy algorithm is shown in Figure 2.

Figure 2. PRM-Fuzzy algorithm.

In the project, two main parameters were used for Fuzzy
logic, spread, and rules. In order to make PRM better, 2
rules were used and spread equal to 10, for all scenarios.

4.2 Initial conditions

For the collision avoidance trajectory of the SCARA
manipulator, the Cartesian space (XY ) was considered.
From the points obtained by the PRM algorithm, the
inverse kinematics is solved, and the positions of each joint
of the manipulator are found. These points can be applied
to any manipulator that has a compatible workspace or to
a mobile robot. The generated paths must avoid collision
with two circular obstacles or with three square objects,
shown in figures X and Y, with equal sizes whose radius is
equal to 0.2 m and the side of the square is equal to 0.3 m.

The scenario is formed by the initial position of (0.0642;
0.7474), final position (0.7053; 0.0618) of the manipulator
for circular obstacles, for square obstacles (0.1424; 0.7674)
for beginning position e (0.7053; 0.0618) for the final posi-
tion and for cross obstacles (0.1424; 0.7674) for the initial



position and (0.7053; 0.0618) for the final position, in space
Cartesian. For circular obstacles, positions (0.2831; 0.6437)
were used for obstacle 1 (which is at the top), (0.3135;
0.2929) for obstacle 2 (which is to the left) and ( 0.5474;
0.3316) for obstacle 3 (which is on the far right). For square
and cross obstacles, positions (0.20; 0.60), (0.6945; 0.6)
and (0.3731; 0.1022) were used in the scene, positions that
define their centroids in space Cartesian.
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Figure 3. Map 1: circular obstacles in Cartesian space .
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Figure 4. Map 2: square obstacles in Cartesian space .

4.3 Algorithm Comparison

Four algorithms comparison criteria were used: processing
time, multiple correlation coefficient (R2), the energy
consumption of joint motors during joint displacement,
and trajectory length. The average values of these criteria
are calculated for 20 repetitions. The simulations were
performed on a computer with a Core i7 processor -
7th Generation, with a processing speed of 2.90 GHz
and RAM memory of 8.00 GB. The algorithms were
implemented in m-code language with some language-
specific functions.

A quantitative analysis of each algorithm in the implemen-
tation of the paths in the cartesian space is given by the
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Figure 5. Map 3: cross-shaped obstacles in Cartesian space.

performance indexes: multiple correlation coefficient, (R2)
of each algorithm. The Eq. (9) presents R2 given by,

R2 = 1−
∑n

i=1(yi − ŷi)
2∑n

i=1(yi − ȳi)2
(9)

where yi are the observed data, ȳ is the mean of the
observed data, and ŷ data estimated by the model.

For each test performed, the mechanical energy consump-
tion and the motors torque of joints 1 and 2 were cal-
culated. To assist in the execution of the motor torque
calculation, the motors power information was necessary.

To calculate the torque of motors 1 and 2, the following
equation was used

Tm = 9, 55
Pm

Nm
(10)

where, Tm is the torque of motors in Nm, Pm is the nominal
power of motors in W and Nm the value of the motors
speed in rpm (min−1).

Mechanical energy was calculated from:

E =

n∑
i=1

(Pmiti) (11)

where E is the motor’s mechanical energy in kWh, P is
the power calculated during the tests in W and t is the
time of the tests in h (hours).

5. RESULTS

In this section, we present the results and discussion of
the performance comparison between the PRM and PRM-
Fuzzy algorithms for different conditions, with obstacles
circular, square, and cross-shaped. The trajectories, veloc-
ities, accelerations, and torques of the joints are shown
comparing the collision-free paths reached.

5.1 Paths in Cartesian space

Here are presented the results of the paths generated by
the PRM and PRM-Fuzzy algorithms for three different
scenario types with obstacles three static obstacles with
circular, square, and cross-shaped (as shown in 4.2).



The generated paths are in the Cartesian space for each
scenario. Figure 6 shows the PRM algorithm and PRM-
Fuzzy for the circular obstacles, Figure 7 for the square
obstacles, and Fig 8 for the cross-shaped obstacles. In all
figures, the path in the color green, collision-free, is the
path generated for PRM-Fuzzy, the other path is generated
by conventional PRM.

Paths genereted by PRM and PRM-Fuzzy
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Figure 6. Paths in the Cartesian space of the PRM
algorithm and PRM-Fuzzy for circular obstacles.
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Figure 7. Paths in the Cartesian space of the PRM
algorithm and PRM-Fuzzy for the square obstacles.

5.2 Trajectories in the joint space

The following are presented the trajectories, velocities,
accelerations, and torques of joints 1 and 2 of the ma-
nipulator for circular, square and cross-shaped obstacles.
The trajectories in the space of the joints were obtained
from the resolution of the inverse kinematics (Equations
(3) and (4)) and the paths generated by PRM and PRM-
Fuzzy presented in figures 6, 7, and 8 and as the input the
points of the trajectory in the Cartesian space.

Figures 9, 10, and 11 presented the trajectories, velocities,
and accelerations of joints 1 and 2 of the manipulator, re-
spectively, generated by PRM and PRM-Fuzzy for circular
obstacles.

Paths genereted by PRM and PRM-Fuzzy
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Figure 8. Paths in the Cartesian space of the PRM algo-
rithm and PRM-Fuzzy for the cross-shaped obstacles.
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Figure 9. SCARA manipulator joint trajectories generated
from PRM and PRM-Fuzzy for circular obstacles.
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Figure 10. SCARA manipulator joint velocities generated
from PRM and PRM-Fuzzy for circular obstacles.

The joint torques were obtained from the dynamic model,
Equations (6) and (7) of the manipulator and are shown
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Figure 11. SCARA manipulator joint accelerations gener-
ated from PRM and PRM-Fuzzy for circular obsta-
cles.

in Figure 12. Torques were calculated by taking the tra-
jectories, velocities, and accelerations shown in Figures 9,
10, and 11.
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Figure 12. SCARA manipulator joint torques calculated
from trajectories, velocities, and accelerations from
PRM and PRM-Fuzzy for circular obstacles.

Figures 13, 14, and 15 presented the trajectories, velocities,
and accelerations of joints 1 and 2 of the manipulator, re-
spectively, generated by PRM and PRM-Fuzzy for square
obstacles.

The joint torques were obtained from the dynamic model,
Equations (6) and (7) of the manipulator and are shown
in Figure 16. Torques were calculated by taking the tra-
jectories, velocities, and accelerations shown in Figures 13,
14, and 15.

Figures 17, 18, and 19 presented the trajectories, velocities,
and accelerations of joints 1 and 2 of the manipulator, re-
spectively, generated by PRM and PRM-Fuzzy for square
obstacles.
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Figure 13. SCARA manipulator joint trajectories gener-
ated from PRM and PRM-Fuzzy for square obstacles.
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Figure 14. SCARA manipulator joint velocities generated
from PRM and PRM-Fuzzy for square obstacles.
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Figure 15. SCARA manipulator joint accelerations gener-
ated from PRM and PRM-Fuzzy for square obstacles.
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Figure 16. SCARA manipulator joint torques calculated
from trajectories, velocities, and accelerations from
PRM and PRM-Fuzzy for square obstacles.
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Figure 17. SCARA manipulator joint trajectories gener-
ated from PRM and PRM-Fuzzy for cross-shaped
obstacles.

The joint torques were obtained from the dynamic model,
Equations (6) and (7) of the manipulator and are shown
in Figure 20. Torques were calculated by taking the tra-
jectories, velocities, and accelerations shown in Figures 17,
18, and 19.

5.3 Discussions

For a comparison of the algorithms, a were calculated
average processing time, multiple correlation coefficient
(R2), the energy mechanical consumption of joint motors
during joint displacement, and trajectory length for all
scenarios with circular, square, and cross-shaped obstacles.
The values of these criteria for each type of obstacle are
presented in Tables 2, 3 and 4, respectively.

In all scenarios presented, the PRIM-Fuzzy algorithm
presented better results than the conventional PRM (as
highlighted in the Tables 2, 3 and 4, for circular, square,
and cross-shaped obstacles, respectively.
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Figure 18. SCARA manipulator joint velocities generated
from PRM and PRM-Fuzzy for cross-shaped obsta-
cles.
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Figure 19. SCARA manipulator joint accelerations gen-
erated from PRM and PRM-Fuzzy for cross-shaped
obstacles.

Table 2. Comparison of methods for circular
obstacles.

Method Time [s] R2 Energy Cons. [kWh] Traj. [m]

PRM 5.2980 0.9799 0.07498 1.4094
PRM-Fuzzy 4.3824 0.9178 0.05334 1.2583

Table 3. Comparison of methods for square
obstacles.

Method Time [s] R2 Energy Cons. [kWh] Traj. [m]

PRM 4.3824 0.9738 0.0711 1.0938
PRM-Fuzzy 4.2321 0.9943 0.0670 1.0415

Table 4. Comparison of methods for cross-
shaped obstacles.

Method Time [s] R2 Energy Cons. [kWh] Traj. [m]

PRM 4.0341 0.9497 0.0715 1.1609
PRM-Fuzzy 3.9824 0.9873 0.0705 1.0344

It’s important to highlight that in all scenarios the PRM-
Fuzzy was better than the conventional PRM for the pro-
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Figure 20. SCARA manipulator joint torques calculated
from trajectories, velocities, and accelerations from
PRM and PRM-Fuzzy for cross-shaped obstacles.

posed application. Two points that stand out are energy
consumption and trajectory length, to move the manipula-
tor from the start point to the endpoint. This comparison
is important nowadays, as there is great concern in the
fact that we consume less energy, and this point is of
fundamental importance in all fields.

6. CONCLUSION

This paper presented an alternative improvement of the
PRM algorithm using Fuzzy logic, PRM-Fuzzy, for the
generation of trajectory with collision avoidance applied
to a SCARA manipulator. The results were shown to be
consistent and satisfactory in the collision-free trajectory
generation using the algorithm PRM-Fuzzy according to
the comparisons. The PRM-Fuzzy showed better efficiency
than the PRM, in the criteria tested: average processing
time, multiple correlation coefficient (R2), the energy
mechanical energy consumption of joint motors during
joint displacement, and trajectory length for all scenarios
with circular, square, and cross-shaped obstacles.

It can also be concluded that this paper makes a contri-
bution to the area of path planning collision avoidance by
presenting an improvement to the PRM algorithm. This
work is also a foundation for collaborative robotics that is
a pillar of industry 4.0. The authors continue to research in
this field to further improve collision avoidance algorithms
to apply to affine manipulators for collaborative robotics
applications.
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