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Abstract. The design of robots is a complex task, that requires to identify the most
suitable architecture of a robot that satisfies specific criterions. In such cases,
optimization methods are used in order to identify the optimal values of certain
parameters that describe the architecture of a robot that satisfies the criterions or lead
to high kinematic, static or dynamic performance. The optimization methods are
implemented using several optimization algorithms, that have to be chosen according
to the type of the involved parameters, the cost functions and the imposed constraints.
The results of an optimization are influenced by the type of the implemented
algorithm, regardless of its type. This is why, for the same optimization problems, two
or more algorithms may achieve different results and require different computational
time and resources. Consequently, the problem addressed in this paper is represented
by the comparison of several optimization algorithms, in order to identify their degree
of efficiency and efficacy for optimization of robots, taking into considerations
different performance criterions.
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1. INTRODUCTION

Optimization represents the action of identifying the best result or the result
that fulfills certain criterions of a specific problem. This action may be realized
based on a previous experience of a human designer or may be implemented as a
mathematical function, being necessary to identify the optimal solutions.

The first mathematical optimization methods have been proposed by Newton,
who has developed iterative methods to identify the optimal solutions. Later on,
Lagrange and Fermat have developed calculus-based methods.
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During the industrial revolutions, the demand of optimization methods has
emerged, due to the need of development of new technical equipment and the
necessity of increasing the performance of the already developed ones.

Still, the growth of the computational power from the last three decades has
led to a real interest in implementation of optimization algorithms. Therefore,
nowadays, optimization algorithms are used in order to identify optimal solutions
of real problems, being applied in mechanical or electrical engineering, economics,
robotics and genetics (the applications are not limited to these domains).

With regard to the design of robots, optimization is used to identify the optimal
values of certain parameters that describe the architecture of a robot that satisfies
certain criterions or lead to high performance regarding the kinematics, statics or
dynamics. Optimization methods are implemented using different algorithms, that
have to correspond to the type of the parameters, the cost functions and the imposed
constraints. Due to the high complexity of the functions that describe the architecture
of a robot, most of the used algorithms are stochastic, that involve probabilistic data
in order to achieve the optimal solutions. The results of an optimization are
influenced by the type of the implemented algorithm, regardless of its type. This is
why, for the same optimization problems, two or more algorithms may achieve
different results and require different computational time and resources. Based on
these aspects, the scientific problem addressed in this paper is represented by the
comparison of several optimization algorithms, in order to identify their degree of
efficiency and efficacy for optimization of robots, taking into considerations different
performance criterions. The algorithms are compared both regarding their ability of
reaching an optimal value and the required computational time. The paper is
structured as follows: the Chapter 2 and the Chapter 3 illustrate the literature review
of using the optimization and the optimization algorithms in robotics, the Chapter 4
presents the problem formulation, the Chapter 5 and the Chapter 6 illustrate the
algorithm comparison setup and the corresponding numerical results and the Chapter
7 summarizes the paper and presents the conclusions.

2. OPTIMIZATION IN ROBOTICS — GENERAL ASPECTS

Optimization may be defined as the process of identifying of the best result of
a specific problem, taking into consideration several constraints, conditions of
circumstances that have to be respected. From an engineering point of view, this
aspect implies the transformation of a real problem in a mathematical function of
one or more variables, that has to be minimized or maximized with respect to the
constraints imposed by a human designer or by the problem that is optimized.

An optimization problem may be represented as follows. Find a vector X

X=X, X500, X ) s (1)
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that satisfies the minimum or maximum condition of a function

f=f(x), @)
taking into consideration a number of m inequalities and p equalities constraints
9i (X) <0
K, (x)=0’ G)

where i=1...mand j=1...p.
In the above equations, X is called a design vector, f is the cost function

(also called objective or fitness function), @; (X) represent the inequality
constraints and K; (X) represent the equality constraints. An optimization may or

not include constraints (also called restrictions) and may include more than one
objective functions (in which case, the optimization is called multi-objective).

Depending on the application, the optimization methods may be classified in
continuous or discrete, constrained or unconstrained, global or local, linear or
nonlinear, single or multi-objective and stochastic or deterministic. More on the
classification of the optimization methods may be found in [1-5].

In any robotic industrial application, the robots have to fulfill several specific
criterions based on the requirements imposed by the application they are used for.
This means that a robot has to respect some performance factors regarding the
kinematic, static or dynamic behavior. In order to fulfill those factors, the
architecture of the robot has to be designed using optimization methods.

According to [6], in robotics, regardless of the complexity of the performance
factors, an optimization method is based on the following steps:

— The identification of the design variables, of the constraints and performance

indices imposed by the application;

— The mathematical formulation of the performance indices;

— The formulation of the optimization problem;

— The implementation using an optimization algorithm, searching for the

optimal solution and interpretation of the results.

The design variables are the parameters that describe the architecture of a
robot (number of elements, geometrical lengths, material, number of actuators),
that influence the behavior of the robot given by specific performance indices.
These indices are used in order to quantify the performance of the robot with
regard to kinematics, or dynamics. In the following, some performance factors are
presented.

The workspace of a robot is one of the most common performance factors
used for many applications, being defined by the locations/ positions (or the total
volume) that may be reached by the end-effector. For a specific application, the
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workspace has to be maximized or to be as close as possible to an imposed one
[7-12]. In [13] and [14] several types of workspaces are presented as: the constant
orientation workspace, the orientation workspace, the reachable workspace, or the
inclusive orientation workspace.

With regard to the kinematics, the most common terms that measure the
kinematics performance presented in the scientific literature are the dexterity,
manipulability and isotropy are the most common ones.

The dexterity describes the mobility of a robot within its workspace, defined
by the number of directions the points within the workspace may be reached by the
end effector of a robot. The orientation of the end-effector is described by the
rotation matrix R(c.,[,y)using roll, pitch and yaw angles a, 3, y within the range

(0,2m) [15]. The dexterity index d €[0,1] is defined as

d_dx+dy+dZ

4
3 , (4)
where dx,dy,dz are indices in directions X,Y,Z defined as
A A A
d=-2% g --2P g _ 27 5)

X _21'c° y 2n’ ¢ 27

where A measures a possible variation of the angle for each point in the
workspace. The dexterity index is not constant within the workspace.

The manipulability index is evaluated as a function of the configuration of the
robot and the values in the active joints, the index reflecting the ability of the robot to
arbitrarily change the position and orientation of the end effector. To evaluate the
manipulability index, the Jacobian matrix of the robot J has to be calculated, in
order to evaluate the mathematical relationship between the generalized coordinates
of the active joints ( and the pose of the end-effector p as:

Jg=p. (6)

The manipulability index has been firstly introduced in [16], being evaluated

with:
p=+/det(JJ7) . @)

Also, the manipulability index may be calculated as a product of the singular

value of the JJ7 matrix. In the case when a manipulator has a square Jacobian, the
manipulability index is

p=|det(J)|. (3)
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The isotropy index of a manipulator, is evaluated with the condition number of
the Jacobian matrix, being an index that illustrates the kinematic performance [17].
For a square Jacobian, the condition number is a measure of Jacobian invertibility
and evaluated with

1
— -1 — T —
KD =TI (1 ll=/tr(IWT) ’W_dim(J)I’ )

where | is a unit matrix with the same dimensions as the Jacobian. In the case
of a non-square Jacobian matrix, the condition number is

() =2 (10)

min

where 6, and o, are the maximum and minimum singular values of J .

X n

The value from the above equation is valid only if the elements of the Jacobian
matrix have the same units of measurements contrary a scaling of the matrix is
required. The value of the conditioning number is within the range:

k(J) €[0,+x), )

this aspect being a computational disadvantage (not having an upper bound)
This is why, the Local Conditioning Index ( LCI ) has been introduced as

1
LCI_@’ (12)

that lies within the range [0,1]. The LCI is expressed for a certain pose of the

end effector. In order to quantify this value for the entire workspace, as presented in
[18], the Global Conditioning Index ( GCI ) is evaluated as:

1 aws
R

GCI = J. S
WS

(13)

3. OPTIMIZATION ALGORITHMS
IN ROBOTICS - STATE OF THE ART

In robotics, an optimization method requires the development of an objective
function that quantifies from a mathematical point of view one or more
performance factors. Most of the factors (or indices) evaluates the dimensions of
the workspace, the kinematic or dynamic performance, trajectory planning or
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others. These factors present a maximum or minimum value, are evaluated using
non/linear equation and, in some cases, do not have a closed form solution. This is
why, the optimization algorithm used to find the optima has to be chosen
accordingly to the nature of the performance indices. Most of the used algorithms
used in the scientific literature are the stochastic ones (that use probabilities or
randomly chosen data). In the following, the most common used algorithms in
optimization of robots are presented.

Brute Force Optimization refers to the identification of the optimal solution
for the objective function by combining all the possible values that may be
imposed to the design vector. This algorithm has been used in [19] in order to
optimize a surgical robot in order to achieve the desired pose of the end effector.
Also, in [20] Brute Force Optimization has been used to maximize the workspace
of a robot. Even though this algorithm may lead to optimal solution, as presented in
[21], the required computational time to reach an optimum has an exponential
growth with the number of design variables. Also, the computational time is
increased by the precision of the discretization of the search space [19], [20]. Even
though, theoretically, the algorithm may lead to a global optimum, due to the
computational restriction, practically it may not be achieved.

The Genetic Algorithm is inspired by the genetics of the living organisms.
The algorithm keeps the information of the solutions using codified populations
that evolve in time by applying the operators used in genetics: reproduction,
crossover and mutation. A new population is created at each iteration, the objective
function being evaluated for each member of the population (each combination of
the design vector). This process is repeated until a stop criterion is satisfied (a
maximum number of generations has been achieved, the objective function has
reached a certain value). As presented in [22], the Genetic Algorithms are suitable
for non-linear problems, having the advantage of reaching an optimal solution or a
nearly optimal solution, with low computational times. This type of algorithms has
been used in several recent papers for designing robots. In [23], the algorithm has
been used for reaching a certain workspace and maximization of the GCI . Also, in
[24] a Genetic Algorithms has been used to optimize a robot, imposing as
performance criterions the rigidity, dexterity, manipulability and the maximization
of the workspace. In [25], the authors propose a geometric optimization of a
DELTA Robot in order to maximize the GCI within the workspace. These papers
illustrate the advantages of the Genetic Algorithms as the robustness (the ability to
reach an optimum regardless of the nature of the objective function) and the ability
to explore a large search space.

The Particle Swarm Optimization is inspired also from nature. This stochastic
algorithm simulates the behavior of the bird flocking or fish schooling when
moving in order to find food (the location of the food being the optimal solution).
This is an evolutionary algorithm, the position of each member of the swarm being
updated at each iteration according the previous position and the best position of
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each individual. This algorithm has been extensively used for optimizing robots. In
[26], the authors propose the use of the Particle Swarm Optimization for
minimizing the rigidity of a parallel robot within the workspace. Moreover, the
author compares the Particle Swarm Optimization with the Genetic Algorithm,
illustrating that the first one has better performance. More examples are the papers
[27] and [28] in which the Particle Swarm Optimization is used to optimize parallel
mechanism taking as performance factors the global compliance or the GCI . In
these papers, the authors do not make a reasoning regarding the choice of this
specific algorithm. The papers [29] and [30] presents advantages and disadvantages
of this algorithm. On the positive side, it is stated that the results are not affected by
the initial size of e swarm, the algorithm presenting the ability to converge rapidly
to a solution. On the negative side, it is mentioned that highly complex solution are
not suited for this algorithm (even though, in [29] is mentioned that it may be used
for scientific research or engineering purposes).

The direct search algorithm called Pattern Search is an evolutionary
algorithm, with a simple concept, easy to be implemented and efficient regarding
its computational time. As presented in [31], it has the ability to identify a global
optimum and the possibility to fine search in the vicinity of a local optimum. The
algorithm starts at a point in which the objective function is evaluated.
Furthermore, it creates a grid of points near the current one in which the cost
function is yet again evaluated. The best point in the grid becomes the current point
and the process is restarted until an optimum is reached. This algorithm has been
implemented for optimization of a serial robots in [32], taking as performance
criterions the dexterity and the workspace. Also, the paper [33] presents the
optimization of a parallel robots in order to maximize several kinematic indices
using both the Pattern Search and the Genetic Algorithm. Both of these algorithms
have presented similar efficacy, but the Genetic Algorithm has required a longer
computational time.

The Simulated Annealing is an iterative algorithm that uses the annealing
principles from metallurgy a material is heated then it is cooled in a controlled
manner, in order to decrease its internal energy. In the algorithm, the internal
energy of the material is the objective function of the optimization and the
temperature is a parameter that is progressively decreased (by using an user
imposed function). Even though the Simulated Annealing is a local optimization
search method, it has the advantage that it does not converge to a local minimum
by accepting, based on a probability function, some solutions less advantageous.
By starting from an initial state and an initial optimal solution, the algorithm is
searching in its vicinity a new state that has a lower value for the objective function
(of the internal energy). If such a state is identified, it becomes the new solution
and the new current state. If in the vicinity of the current state there are no new
state that lower the objective function, the transition to a one of this is realized
based on a probabilistic function that considers the difference between the
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objective functions of the two states and a temperature parameter. The temperature
parameter is initialized with a high value that is lowered on each iteration of the
algorithm (similarly to the decrease of the temperature in the real annealing from
metallurgy) [34]. The Simulated Annealing has been used in the scientific literature
in order to optimize the architecture of the robots, such an example being [35]. In
this paper, a serial manipulator is optimized considering the volume of the
workspace and the total dimension of the mobile elements. Similarly, in [36] the
optimization of a DELTA robot is proposed, having as performance factor the size
of the workspace.

With regard to the performance comparison of the presented algorithms, there
were few papers that presents a systematic comparison in terms of efficacy (the
ability to reach an optimum) and efficiency (the ability to reach an optimum with low
computational time) between many types of optimization algorithms used in robotics.
Most of the used algorithms are the Particle Swarm Optimization and the Genetic
Algorithms. For example, in [37] it is stated that the Genetic Algorithms has
performed lower compared to Particle Swarm Optimization when solving the
kinematics of a serial robot. This comparison is presented also in [38], in which, in
terms of efficacy there was no difference regarding the performance. On the efficacy
side, the Particle Swarm Optimization has required lower computational times.

In [39], a robot is optimized with regard to its geometrical dimensions and
the size of the workspace, four algorithms being compared, among them being the
Genetic Algorithms and the Simulated Annealing. The paper shows that the
Simulated Annealing has performed considerably better than the Genetic
Algorithm. The same results are presented also in [40]: an increased number of
design parameters leads to higher computational times for the Genetic Algorithm.

In [41] a comparison between the Particle Swarm Optimization, the
Simulated Annealing, the Genetic Algorithm and the Pattern Search is conducted
for optimizing the displacement of pipe robots. Even though, for a similar
computational time of one hour, the value of the objective function has been almost
similar, the most performant algorithm has been the Particle Swarm Optimization
and the least performant one has been the Pattern Search. If the computational time
has been reduced to 5 minutes, the Simulated Annealing has obtained the best
results and the worst results correspond to the Particle Swarm Optimization.

Another paper that presents a comparison between the Genetic Algorithm and
the Pattern Search is [42], the performance factor being a kinematic index. The
paper states that the efficacy of the algorithms has been similar but the Pattern
Search has been less efficient, requiring higher computational times.

4. PROBLEM FORMULATION

As presented in the previous section in order to implement optimization
methods in robotics, some of the most used algorithms are the Particle Swarm
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Optimization, the Genetic Algorithms, the Pattern Search and the Simulated
Annealing. According to the current state of the art, there are slightly different
opinions regarding the better choice among these algorithms, all of these being
suitable for optimization methods in robotics (in which non/linear equations are
used, a global optimum is preferred, the model may not be fully known in closed-
form, and without having the derivatives of the objective functions). Therefore, the
scientific problem addressed in this paper is the identification of one or more
algorithms that presents the best performances when applied in robotics, for several
objective functions, both in terms of efficiency as in efficacy. The first step is to
establish the imposed objective functions, the second step is to implement the
optimization with all the functions using the chosen algorithms, and the third step
is to identify the most suitable algorithms. The problem formulation is presented in
the Fig. 1.

INPUT
Mathematical Optimization Optimization Optimization
Model of a Robot | | Algorithm 1 Algorithm 2 Algorithm n

N

Setup of the Performance Comparison and Implementation

Setup of the Contraints Setup of the Objective
Setup of the Design Vector Functions

Minimal and Maximal values for

Functions that evaluates performance

The number of parameters from the the parameters from the design faclors as the workspace, kinemalic or
design vector is not constant vector dynamic indexes
Objective Objective Objective Function
Function 1 Function 2 m
Optimization Optimization Optimization using
using algorithm 1 using algorithm 2 algorithm n

U

* The most efficient algorithm (the ability to reach an optimum using low computational
times and the most eficacious algorithm (the ability to reach a global optimum)

+ ldentification of certain algorithm with better performance for certain types of objective
functions

RESULTS

Fig. 1 — Problem formulation.
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5. ALGORITHM COMPARISON SETUP

The algorithms that are compared regarding their optimization performance
are the Genetic Algorithm, the Particle Swarm Optimization, the Pattern Search
and the Simulated Annealing.

In order to compare the performance of the algorithms the following
conditions are imposed:

— The number of design variables is 2, 4 or 6;

— The algorithms have run 10 times and the medium and maximal results of

the objective function has been considered. Each of this run has considered
a maximal number of 10.000 evaluations of the cost function;

— The cost functions are the maximization of the workspace and the

maximization of the global conditioning index.

As a prerequisite, in order to compare the algorithms in robotics, the
mathematical models of the optimized robots have to be developed. In the case of
this paper, the optimized robot is a 6 degrees of freedom parallel robot with
rotational actuators, as presented in the Fig. 2 and the Fig. 3.

Fig. 2 — 6 DOF Parallel robot with rotational actuators.

The robot is composed by a fixed platform, a mobile platform and 6
rotational-universal-spherical (RUS) kinematic open loops. It is beyond the scope
of this paper to present all the mathematical formulations regarding the kinematics
of this robot. A thoroughly presentation of the kinematics is presented in [43], and
other analysis of kinematics of parallel robots are presented in [44] and [45]. The
notations from the Fig. 2 and the Fig. 3 are: |, and |, are the lengths of the first
and second mobile elements of the RUS open loops, R and r are the radiuses of
the fixed and mobile platforms o; and f; (i=1...6) are the angles of positioning

the of the spherical and rotational joints on the fixed and mobile platforms,
respectively.
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@ Rotational Joint @ Spherical Joint

Fig. 3 — Fixed and mobile platforms of the robot.

The implementation has been realized separately for three design vectors
with different lengths, with 2, 4 and 6 variables, as presented in the equations
below.

Xovars = 112 ] (14)
Xpvars = [ 111 1atiog ratio, ] , (15)
Xovars = 11,15 ratiog, ratio,, 1, R], (16)

The constraints of the optimization have been imposed for each length of the
design vector. Therefore, for the case of two variables, the constraints presented in
a matrix form are:

PovarsXovars’ < Drs 17
where,
10107
A“afs{l 10 1} ’ )
and
Byars =[0.001 —0.001 11]" . (19)

For the vector with 4 variables, the imposed constraints presented as a matrix
form are:
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A4varsX4varsT < b4vars H (20)
where,
10100 0007
A |0 -1010000 1)
@stlo 000-1010]"
0 0000101
and

Byars =[~0.001 —0.001 11 -0.1 —0.1 10 10]" . (22)

For the vector with 6 variables, the imposed constraints presented in a matrix
form are:

ASvarsx6varsT <b6vars’ (23)
where
10100 0000 0 17
0-1010 0000 0 —1
A |0 000-1-1100 0 0 24)
sl 0000 0010 0 0]°
00000 000-1-1-1
|10 0000 0000 0 1|
and

Bgvars =[—0.001 -0.00111 -0.1 -0.110 10 -0.001 —0.001 O]T. (25)

The four algorithms have been tested for optimizing separately two objective
functions, commonly used in optimization problems of robots. The first
optimization criterion is the maximization of the dimension of the workspace.
Considering that the workspace is discretized in points, the dimensions of the
workspace is regarded as the total number of points M included in the workspace:

Fit WS=M . (26)

The second objective function the algorithms have been tested with is the
maximization of the Global Conditioning Index, GCI, presented in the eq. (13):
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jk(lj)dvvs )
Fit GCl :“’S—;iz — (27)
jdws M,:IIIJ,IIIIJ I
6. NUMERICAL RESULTS

The numerical results from this section illustrates the performance of each
algorithm in order to optimize the architecture of a robot, considering the design
vector with 2, 4 and 6 variables and two different objective functions. Each
algorithm has run a number of 10 000 iterations for each cost function.

The results obtained by the Genetic Algorithm when optimizing a robot
considering as cost function the workspace and the GCI are presented in the Fig. 4
and the Fig. 5
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Fig. 5 — Convergence of the Genetic Algorithm for the Global Conditioning Index.
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Analyzing the previous two figures, it can be observed that the value of the
objective function for the Genetic Algorithm is strongly modified in the first 3000
iterations. After this, the value is stabilized, the optimal value being reached around
the iteration 4 000. Also, according to the graphics, an increase of the number of
design variables does not lead to a higher optimal value. In both figures, the higher
value is corresponding to the 2 variable case, followed by the 6 variable and 4
variables cases.

In the case when the used algorithm is the Particle Swarm Optimization, the
results of the optimization for the same objective functions are presented in the Fig.
6 and Fig. 7.
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Fig. 6 — Convergence of the Particle Swarm Optimization for the workspace.
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Fig. 7 — Convergence of the Particle Swarm Optimization for the Global Conditioning Index.

By analyzing the previous two figures, in a similar way as for the Genetic
Algorithm, the cost function in the case of the Particle Swarm Optimization is
strongly varied in the first 3000 iteration. On the other hand, the maximal value of
the cost function is reached regardless of the number of variables in the design
vector (two, four or six variables).



15 Performance Comparison of Optimization Algorithms for the Design of Robots 133

The results of the optimization for the Pattern Search algorithm are presented
in the Fig. 8 and Fig. 9.
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The Fig. 8 and the Fig. 9 show that the Pattern Search presents a very fast
convergence, reaching the optimal value in most of the cases after 300 iteration
(ten times faster than the Genetic Algorithm or the Particle Swarm Optimization).
Still, the fast convergence leads to a mean value of the cost function considerably
lower than in the case of the first two algorithms, that may be reflected to the fact
that Pattern Search reaches a local optimum. In the case when the cost function is
the GCI, the values obtained by the Pattern Search are lower with an order of
magnitude as for the first two algorithms. On what regards the used number of
variables, the Pattern Search has reached higher values by using a larger number of
variables in the design vector.
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The results of the optimization in the case when the used algorithm is the
Simulated Annealing are presented in the Fig. 10 and Fig. 11.
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Fig. 10 — Convergence of the Simulated Annealing for the workspace.
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Fig. 11 — Convergence of the Simulated Annealing for the Global Conditioning Index.

The convergence of the Simulated Annealing is different for the two
objective functions. For the function that evaluates the workspace (Fig. 10), the

algorithm presents a fast convergence, the optimal value being reached after

approximately 1 000 iterations. For the function that evaluates the GCI, the

algorithm has modified the value of the function even after 9 000 iterations (from a

total of 10 000). The optimal values are in the same order of magnitude as in the
case of the Particle Swarm Optimization and the Genetic Algorithm and it may be

observed that a higher number of variables in the design vector leads to better

values of the cost function.
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In the Fig. 12 and the Fig. 13 the optimal values (correspondent to the
iteration 10 000) of each algorithm are presented, for both of the objective
functions are presented on two charts, for the cases with 2, 4 and 6 variables in the
design vector.
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Fig. 12 — Comparative results of the four algorithms for the workspace.
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Fig. 13 — Comparative results of the four algorithms for the Global Conditioning Index.

Also, in the Table 1 are presented the optimal value of each algorithm and the
necessary computational time correspondent to the best value (on the line labeled
with Max). Also, for each algorithm and objective function, it has been evaluated
the mean optimal value and the mean computational time after running the
algorithm 10 times (presented on the line labeled with Med).
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Table 1
Comparative results of the algorithms for the two objective functions
Value of the cost function and the required computational time
Alg. No. | Val. | Workspace Computational GCI Computational
Var. value time [s] time [s]
’ Max | 7258 1985 0.036442 858
Med | 7246.2 1966.4 0.036421 855.2
GA 4 Max | 7251 1964 0.036434 902
Med | 7247.9 1973.3 0.036425 903.2
6 Max | 7253 1913 0.036654 881
Med | 7251.3 1971.8 0.036649 904.9
5 Max | 7258 1863 0.036673 861
Med | 7257.4 1868.2 0.036668 859.3
pso |4 Max | 7258 1897 0.036673 859
Med | 7258 1889.5 0.036671 862.1
6 Max | 7258 1884 0.036673 864
Med | 7258 1893.4 0.036673 863.2
2 Max | 7241 3036 0.003493 3455
Med | 7219.3 3029.2 0.003491 3452.1
PS 4 Max | 7235 3003 0.003574 3462
Med | 7226.2 3031.8 0.003563 3459.3
6 Max | 7244 3105 0.003590 3433
Med | 7239 3095.4 0.003582 3455.2
2 Max | 7255 2799 0.034448 2434
Med | 7252.5 2771.5 0.034331 2383.3
SA 4 Max | 7258 2930 0.035718 2582
Med | 7255.8 2856.4 0.035425 2501.8
6 Max | 7251 2852 0.036528 2560
Med | 7256.1 2869.2 0.035991 2544.6

By analyzing the table above, is can be stated the Particle Swarm
optimization has reached the maximal absolute value and the maximal mean value
of the objective function. These characteristics has been preserved regardless of the
number of variables in the design vector and for both of the objective functions.
This is why, the Particle Swarm Optimization may be considered as the most
efficacious algorithm among all the four algorithms.

On the other side, the Genetic Algorithm and the Simulated Annealing
presented high performances, almost comparable to the Particle Swarm
Optimization (both for the maximal values as for the mean ones). What is more,
these two algorithms have performed equally to the Particle Swarm Optimization
in two cases: optimization with the workspace as cost function and two design
variables for the Genetic Algorithm and 4 variables for the Simulated Annealing.

The least efficacious algorithm has been, for each case, the Pattern Search.
Even though this algorithm presents a fast convergence, it has demonstrated lower
performances than the other three algorithms. In the case when the objective function
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has been the GCI, the algorithm has obtained the results (both for maximal and
mean values) with a degree of magnitude lower compared to the others.

Regarding the efficiency, a first aspect that may be observed is the fact that
the required computational time varies with the type of the objective function. For
evaluating the efficiency, the mean value of the computational time is analyzed.
Therefore, in the case when the objective function has been the workspace, the
Particle Swarm Optimization has obtained the best values of the fitness function by
using the lowest computational times, regardless of the number of variables in the
design vector. This is why, the Particle Swarm Optimization is considered to be the
most efficient algorithm. Also, the Genetic Algorithm demanded a computational
time almost similar to the Particle Swarm Optimization. The algorithm that
required the higher computational time is the Pattern Search, being considered the
least efficient algorithm.

In the case when the objective function has been the GCI, the lowest mean
time has been obtained by the Genetic Algorithm, for the case with 2 variables in
the design vector. Still, for the cases with four and six variables, the lowest time
corresponds to the Particle Swarm Optimization. On the other hand, the Simulated
Annealing and the pattern Search have required computational time up to four
times higher as in the case of the Genetic Algorithm or the Particle Swarm
Optimization. The least effective algorithm may be considered, again, the Pattern
Search.

As a general observation, for each algorithm and cost function, the required
computation time of each algorithm is higher with the increase of the number of
variables in the design vector but, on the other hand, the returned value of the
objective function is improved.

7. CONCLUSIONS

In the present paper, a comparative analysis of the performance of four
optimization algorithms (the Genetic Algorithm, the particle Swarm Optimization,
the Pattern Search and the Simulated Annealing), frequently used for optimizing
the robots has been compared.

The performance of these algorithms has been analyzed on what regard the
geometric optimization of a robot, with different number of variables in the design
vector and by using two objective functions: the maximization of the workspace
and the maximization of the Global Conditioning Index.

Therefore, it may be concluded that, on what regards the efficacy (the ability
of an algorithm to reach an optimal value) the most performant algorithm has been
the Particle Swarm Optimization, regardless of the number of the variables in the
design vector or of the type of the cost function. The least efficient algorithm is the
Pattern Search, even though it presents a fast convergence from the first iterations.
Regarding the Genetic Algorithm and the Simulated Annealing, these algorithms
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have performed similarly, their performance being almost equal to the Particle
Swarm Optimization.

On what concerns the efficiency, the ability to reach an optimum using a
computational time as low as possible, the least mean computational time has been
obtained again by the Particle Swarm Optimization.

Regarding the convergence, the algorithms that presents the fastest
convergence is the Pattern Search, reaching the optimal value after 500 iterations
(5% from the total of 10 000). On the other hand, the Genetic Algorithm and the
Particle Swarm Optimization reach an optimal value after 3000 iterations (meaning
30% from the total number). The convergence of the Simulated Annealing has not
been constant, the algorithm reaching an optimal value also in the first 500
iterations (5% from the total) but also after 9 000 iterations (90% of the total).

By referring to the current state of the art, it can be concluded that, in the case
of optimizing a robot, the most efficient and effective algorithm is the Particle
Swarm Optimization, followed by the Simulated Annealing. On the other hand,
when a feasible solution is to be identified in a short period of time, the most
suitable algorithm is the Pattern Search because it presents a fast convergence (in
about 300 iterations), but it reaches a local optimum. This algorithm may be used
in the pre-design phase or for a rapid estimation of the real dimensions of a robot.

As a future outlook, a potential development of the work presented in this
paper is the comparison of the performance of the optimization algorithms in the
case of a multi-objective optimization problem.
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