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Abstract. The trajectories planning for robotic manipulators consists in finding continuous movements that take the
arm of a given initial configuration until the desired position in the work space. The objective of this work was to
develop an application for robotic manipulator trajectories planning of three degrees of freedom, in a free obstacles
environment, using two approaches. genetic algorithms and cubic trajectories. Asthe initial configuration was known,
the inverse kinematics problem for the final configuration was invetigated using genetic algorithms. Thus a Cubic
trajectory was employed to calculate the angles for all the intermediate points of the trajectory between the initial and
the final manipulator configuration. The used methodology has produced soft trajectories with low computing costs.
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1. INTRODUCTION

The inverse kinematics determines the joint angles that result in the manipulator desired position in relation to the
coordinate of reference system. The inverse kinematics solution is difficult whereas the mapping between the Cartesian
space and the joint space is non-linear and involves equations that can have multiple solutions (Craig, 1989). Several
methods for the inverse kinematics solution, based on Genetic Algorithms (GAS) have been proposed in the literature.
In Kalraet. a. (2003) the inverse kinematics problem using genetic algorithms was explored for isolated points. In that
work, the algorithm provided the two possible solutions to the inverse kinematics problem, the better solution is the one
which presented better fitness value.

The inverse kinematics problem for isolated points also was studied by Parker et. a. (1989). In this case, the
objective was to place the manipulator in the correct position and to minimize the joint displacements.

Eydgahi and Ganesan (1998) have presented a genetic agorithms application for the fuzzy sets generation and
adjustment. This application is used to for the manipulator inverse kinematics solution. The presented method
converges quickly to the final solution in comparison with methods based only on fuzzy systems.

The robotic manipulators trajectories planning consists in finding continuous moviments that take the arm of the
giveninitial configuration until a desired position in the work space (Pires and Machado, 1999).

Toogood et. a. (1995) used a genetic algorithm to get a free collisions trajectory for a manipulator in a space
containing fixed and known obstacles. Besides avoiding collisions, the trgjectory could be optimized for smaller
distance, less time or minimum torques.

Tian and Collins (2003, 2004) have proposed a genetic algorithm using real codification for the search of an optimal
trgjectory of aredundant manipulator. The evaluation function was based on multiple criteria such as total displacement
of al the joints and uniform speed in the Cartesian spaces and joints. For validation of this approach, simulations were
carried out in aworkspace with and without obstacles.

1.1. Objective

Thiswork presents an application for the planning of robotic manipulator trajectories of three degrees of freedom, in
a free obstacles environment, using two approaches. Genetic algorithms and Cubic Trgjectories. A Cubic trajectory was
used to calculate the angles for al the intermediate points of the trajectory between the initial and final configurations.
Being the initial configuration known, the inverse kinematics problem for the optimal final configuration was
investigated using genetic agorithms with real codification. In the implemented algorithm, singularities do not
constitute problem, therefore the algorithm uses the direct kinematics of the manipulator. In the optimizatiom process,
the agorithm chose, as solution, the individua better adapted, i.e., that one which generated minor angular
displacement of the manipulator joints, with smaller position error.

2. PROBLEM FORMULATION



In this work was considered a robotic manipulator with three degrees of freedom (Figure. 1). The joint angles &, &
and & can vary between -ttand 1t Thelinks|y, I, and |5 have 15cm, 10cm and 5¢cm of length respectively. The grip must

follow the simulated trajectories, starting in the Cartesian coordinate (12.0004, 14.9995) and finishing in different
points.

Figure 1. Robotic manipulator

The initial configuration corresponds to the joints variable vector {0.0307 1.8756 1.5691} " in radians, as illustrated
in the Figure 2. In this figure, the area between the circumferences of radius R, and R, corresponds to manipulator
workspace, being Ry = |1 + |, + I3 and R, = (1,2 + (I - 15)%)%°. Thefinal configuration is the coordinates (x, y) of the grip,
that is gotten through the direct kinematics equation, with current angles generated by the GA.
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Figure 2. Initia configuration of the manipulator

The grip location for this robotic manipulator is given through the direct kinematics equation:

{X}:{Ilcos(emlzcos(eﬁez>+|3cos(61+62+62 )} "

y)  [118in(6;)+l,sn(6, +6,)+|3sn(6, +6, +6,)

The manipulator trajectory consists in a group of strings that represent the joint positions between the initial and
final robot configurations. A GA was adopted to ook for the optimal angles.

3. GENETIC ALGORITHMS

The Genetic Algorithms (GAS) are techniques for search and optimization, inspired in a Darwin evolution principle.
The natural principles, on which the GA's were inspired, are simple. The selection principle privileges the most apt
individuals and, therefore, with more probability of reproduction. The individuals with more descendants have more
chance of transmitting their genetic codes to the next generations (Michalewicz, 1994). Such genetic codes constitute
the identity of each individual and are represented in the chromosomes. These principles are emulated in the
construction of computing algorithms that search the best solution for one determined problem; and then through the
evolution of codified populations with artificial chromosomes. The components of a GA include: iniciation, selection,
crossing and mutation asillustrated the Figure 3 (Kalraet. al., 2003):
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Figure 3. Component of a GA
3.1. Individual representation

The success of a genetic algorithm for a specific optimization problem depends on the representation of an
individual in the population (Kalra et. al., 2003). Each possible solution in the search space is represented by a sequence
of symbols s generated from an alphabet (binary or real). Each s sequence corresponds to a chromosome and each
element of sis equivalent to a gene. For a robotic manipulator, the individuals in a population can be represented, with
real codification, through the joint angles: { 8 & 6} . Thereal codification was chosen to avoid succeeding conversions
of the binary code or gray for real values, saving, thus, computing time.

3.2. Inicialization

In the initialization process, a population of chromosomes is generated randomly. The size of the population affects
the efficiency and the performance of the GA (Goldberg, 1989). A population of small dimension can take the GA to
converge quickly to a maximum local, while a very big population, damages the computing performance of the
algorithm. Theinitial population for a robot with three degrees of freedom is generated randomly respecting the inferior
(L) and superior (U) limits of each joint variable:

g- <6 < & i=123 )
3.3. Evaluation

To each structure (solution) is associated a numerical value (fitness) that represents the quality of this structure and
indicates its aptitude degree. The value of fitness is gotten through the objective function. The objective function of this

study aims at the minimization of the manipulator position error and the smallest joint angular displacement. The
positioning error is calculated through the Euclidean Distance between the current and final manipulator coordinates:

Ep:\/()(i_xf)2+(yi_yf)2 3

being (x;, y; ) the desired position and (X, y;) the current position, gotten through the Direct Kinematics calculation (Eq.
1) with the use of the current angles generated by the GA. The angular error is also gotten through the Euclidean
Distance between the initial and final configurations of the joint angles:

e, =3 fle. }-{e) @

Where { 4;.} istheinitial configuration angles, { 4+ is the current angles generated by the GA and ||.|| denotes the
Euclidean distance. In this work, the positioning error and the angular displacement are studied as multi-objective
function (Nunes et. a., 2006). Using the weighting factors method, that satisfies the restriction w + w = 1, the
optimization problem is defined as the inverse of the error:

fitness = . 5)

wE, +wkE,
3.4. Seletion
The selection process in GAs chooses individuals for the reproduction. The selection is based on the individuas

aptitude: better individuals have more probable of being chosen for the reproduction. The selection method chosen for
this work was Stochastic Universal Sampling (SUS), in which the individuals are located in adjacent segments. This



segments length is the same as the value given for the evaluation function to each individual. In this method it is used n
pointers equally spaced between them (n = number of parents to be selected) and the roulette spins only once. The
chosen parents are the individuals marked for the n pointers. The distance between the pointers will be 1/n and the
position of the first pointer is given for anumber generated randomly between 0 and 1/n. The method SUS is considered
fast enough for the serial processing and more efficient than the Roulette selection methods, Stochastic Rest and
Ranking (Baker, 1987).

3.5. Crossing and mutation

The individual s selected for the following population are recombined through the Crossover operator. This operator
is considered the main characteristic of the GAs. The pairs of individuals are chosen randomly and new individuals are
created from the interchange of the genetic material. The descendants will be different, however, with genetic
characteristics of both. This method (single-point crossover) is the most applied one and was used in this work. The
chromosomes created from the crossover operator are, later, submitted to the mutation operation. Based on the
probability pm of mutation, the content of a chromosome position is modified.

4. CUBIC TRAJECTORY

This section investigates, in a constant time, the trajectory problem of the manipulator from an initial point until a
final point in the Cartesian space. In the search of afunction for each joint between the initial position, g, and the final

position, g, , the set of angles can be calculated, on the basis of the position and final orientation of the manipulator,

through the use of its kinematic equations. It is necessary four restrictions in the function (t) that belong to the joints.
Here, 6(t) represents the angular position in the instant of timet.

6(0) = 6,

o(ts ) =6; (6)

Two additional restrictions come from a function that is continuous in the point of the joint speed, i.e. the speed will
be zero intheinitia and final points of the joint.

6(0)=0

O(t;)=0 )

These four conditions can be provided for a polynomia of third order. Whereas a cubic polynomia has four
coefficients, then, a cubic trgjectory can be written as:

O(t)=a, +ajt +a,t? +ast’ (8)
The speed and the acceleration of the joint along the trajectory are given respectively by:

6(t) = a, + 2a,t + 3a,t?

. 9)
g(t) =2a, +6a5t

If the equations (8) and (9) are combined, four equations with four unknown val ues are gotten:

6 =3
6; =a —ayt; +at] +agt?
0=a, (10

0=a, +2a,t; +3ast?

Finally, with solution of the equations above, the coefficients are found as follow:
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Using the equations above, the equation (12) is derived and used to compute the function of reference position and
Speed:

3 2 .
6(t)=6o *+ 5 (8 — Gt (G -Got° i=1.,m (12)
f f

5.METHODS

The hardware used in this work was a microcomputer equipped with a processor Intel® Pentium 1V, with 512 MB
of RAM memory and processing speed of 2.8 GHz. The inverse kinematics problem for the final configuration was
investigated using genetic algorithms, through computing library GAUL (Genetic Algorithm Utility Library). Library
GAUL hasfree distribution and was developed by Adcock (2000). This library was compiled using the Bloodshed Dev-
C++, that is an integrated environment of development for the programming language C/C++, it is also free distribution.

The following parameters of control were used for the Genetic Algorithm: population size = 80 individuals, crossing
probability = 0.9 and probability of mutation = 0.01. It was adopted respectively the values 0.12 and 0.88 for the the
weighting factors ay and ap of the objective function. The genetic algorithm develops while the position error is bigger
that 0.1 cm.

6. RESULTS
The described GA was, then, used to get an optimal configuration of the trajectory final point. To facilitate the
identification of the simulated trajectories, these will be mentioned by numbers, according to Table 1. All the

simulations were carried out with the same initial configuration and different final points.

Table 1. Simulations |dentification

Simulation n°. Final Point
1 (20, 10)
2 (15, -20)
3 (-5, 25)

6.1. Inver se kinematics of the final point

In relation to the simulation 1, the GA calculated the optimal angular configuration for the fina point (20, 10).
Figure 4 shows in (a) the distribuition of the individuals of the initial population occupying all the search space of the
joint angles, in (b), the population evolution around the optimal point after 18 cycles, after 100 cyclesin (c) and in (d)
the proximity of the individuals of the population around the optimal point in the last cycle of evolution. It is observed
that in the Figure 4, only two individuals were very distant of the optimal solution.
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Figure 4. Evolution - (a) initial population, (b) 18 cycles, (c) 100 cycles, (d) fina population

The positioning error of the manipulator grip and the total joint displacement during the evolution cycle of the
Genetic Algorithm areillustrated in the Figures 5 () and (b) respectively. The positioning error is stabilized after 100
cycles of evolution. In the first generations, the total displacement of the joint angles presents big leaps, due to the
random iniciation of the population.
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Figure 5: () error of position and (b) angular displacement.

The angles generated by the Genetic Algorithm for the final point of each simulated trajectory were substituted in
the equation of the direct kinematics, given for the Eq. (1), in order to get the positions x and y of the manipulator in
that point. The results gotten are presented in the Table 2, that shows the bigger relative error of the position, in relation
to the final point was 0.0467% in x and 0.0275% iny, relative errors referring to simulation 2.
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Table 2. Relative errors of Position

Final Point Actual Positin Relative Error Relative Error
(x,y) (x,y) inx (%) iny (%)
(20, 10) (20.0000, 9.9999) 0 0.001
(15, -20) (14.9930, -20.0055) 0.0467 0.0275
(-5, 25) (-4.9993, 24.9991) 0.014 0.0036

6.2. Generation of Trajectories

Making use of the initial and final configurations of the manipulator, a cubic trajectory was used to find all the
intermediate angles between those two configurations. The simulated trajectories were fixed in 120 points, in a time of
5 seconds.

The simulations results are shown in Figure 6 that respectively corresponds to the simulations from 1 to 3. These
figures show the successive configurations of the manipulator from the initia point until the final point of each
trajectory. Asit can be observed in these figures, the joint angles movement of the manipulator is without deviations.

Generation: 634 Error: 0.0077566

Figure 9. Successive configurations of the trajectories
The proposed algorithm has presented fast computing performance with low cost (executed in less than one second).
7. CONCLUSION

Genetic algorithms had been implemented to find the optimized angles to the manipulator reaches the end point in
the Cartesian space. The evaluation function (fitness) had multi-objective character and was defined on two criteria:
minimization of positional errors in the Cartesian space and minimum joints displacement. With the known initia
configuration and the final configuration, gotten by the Genetic Algorithm, a cubical trajectory was implemented to find
the intermediate angles between these configurations. The results had shown that the implemented method is efficient,
computationally fast and viablein rea applications.
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