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Abstract—The Szabad(ka)-II hexapod robot with 18 DOF is 

a suitable mechatronic device for the development of 

hexapod walking algorithm and engine control [1, 2]. The 

required full dynamic model has already been built [3], 

which is used as a black-box for the walking optimizations 

in this research. The ellipse-based walking trajectory has 

been generated that was required by the low-cost straight 

line walking [4], and the purpose was to optimize its 

parameters. The Particle Swarm Optimization (PSO) 

method was chosen for simple and effective working, which 

does not require the model’s mathematical description or 

differentiation. Previously the authors performed an 

evolutionary Genetic Algorithm (GA) optimization for a 

similar trial case [5], and posed the principles of the quality 

measurement of hexapod walking [4, 5]. The same visual 

evaluation and comparison was applied in this paper for the 

results of both optimization methods. PSO has produced 

better and faster results compared to GA.  

I. INTRODUCTION 

The current research is a part of the Szabad(ka)-II 
hexapod walking robot’s development [1-6]. In the phase 
of building a hexapod robot the aim was to simulate the 
robot motion and optimize the drive parameters. In order 
to obtain optimal parameter values which can be used for 
the building or design of a real robot, a proper robot model 
is required. Our simulation model was introduced in [3], 
which is a detailed kinematic and dynamic model of the 
real Szabad(ka)-II robot. The aim of this model is to 
simulate the walking and measure its quality (named also 
performance) in comprehensive situations. Working with 
experiments instead of simulations is not a good choice 
for critical or complex industrial applications [9]. One of 
the fields where the robot model is used as a black-box is 
the categorization and optimization of the parameters 
which influence hexapodal gaits [5].  

A. Performance Measurement – Fitness Function 

System parameters can be chosen correctly if one or 
more goals are defined. Generally these goals are [5]: a) 
achieving maximum speed of walking with as little 
electric energy as possible, b) keeping the minimal torques 
on the joints and gears, c) maintaining the currents of the 
engines discursive and spiky as little as possible, d) letting 
their variation be as small as possible while walking, and 
e) keeping the robot’s body acceleration at a minimum in 
all three dimensional directions.  

The chosen robot's walking optimality is measured by a 
certain fitness function. The optimal parameter set consists 
of values in which the fitness function reaches its 
minimum or maximum value. In the previous research a 

fitness function was already defined and used for the same 
problem [5]. This was modified in this case in order to 
obtain the results in accordance with our demands (1): 

a) The averaged velocity was quadraticly taken into 
account in order to emphasize it at least as such as the 
small energy consumption and the small accelerations, i. 
e. these two aspects influence the system oppositely. 

b) The inverse of the fitness function described in [5] 
was defined. In this research the optimum refers to the 
maximum value, where the zero-maximum domain was 
defined instead of the minimum-infinity domain. 
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Where 
XV  - the average walking speed (in direction 

X); 
WALKE  - electric energy is needed for crossing unit 

distance;
GEARF  - root mean square of the aggregated gear 

torques; 
ACCF  - root mean square of acceleration of the 

robot’s body; 
ACCANGF 

 - root mean square of angular 

acceleration of the robot’s body; 
LOSSZ  - loss of height in 

direction Z during the walk. More detailed description of 
this fitness function can be found in [5, 6]. 

B. Experimental case 

The straight-line hexapod walking on even ground is 
the simplest and most linear case. It has been assumed that 
in such case probably the robot goes for a farther target 
point, without any maneuver and other operations. Thus 
the most important task will be to achive a fast and low-
cost (low energy consumption) locomotion. The presented 
fitness function (1) expressed the quality measurement of 
these features.  

For the mentioned walking a three-dimensional ellipse-
based trajectory curve was generated which defines the 
feet’s (end of the extremity) desired cyclic movement in 
relation to the robot body. More detailed description of 
this elliptic trajectory calculation can be found in [4]. 

Both the trajectory curve and the driving motor 
controller’s behavior directly influence the real or 
simulated movement. Therefore the PI motor controller 
and the parameters of the mentioned trajectory have been 
chosen, this can be seen in Table I. The lower (min.) and 
upper (max.) bounds of these parameters were defined 
empirically in the most cases. Except the upper bound of 
the fourth “length of the step” (B) parameter is given by 
the structural dimension of the robot. 
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TABLE I.  OPTIMIZATION METHODS 

 Parameter Symbol Min. Max. 

1 PID Controller’s proportional P 0.05 0.5 

2 PID Controller’s integral I 0 1 

3 The cycle’s time duration  Time [sec] 0.9 1.7 

4 Length of step – stride B [m] 0.1 0.18 

5 Height of walk trajectory Height [m] 0.01 0.04 

6 Lift (A) and cycle (A+B) ration A/(A+B) 0.45 0.75 

7 Lowpass FIR filter strength FIR order [msec] 4 300 

 

Since the change of these parameters will influence the 
optimal values of the other parameters – that is, 
parameters are not independent – that’s why the optimal 
parameter set should be found in the multi-dimensional 
space. Naturally, parameters can be grouped, meaning that 
not all parameters have to be monitored simultaneously, 
only those that have significant influences on one another. 
We ran the selected optimization algorithms on these 
correlative parameter groups.  

II. OPTIMIZATION METHODS 

Such optimization methods have been searched and 
compared that are adequate for the walking and driving 
optimization on the Simulink model of Szabad(ka)-II as a 
non-differentiable black-box. Because of the influence of 
the black-box object on the optimization we don't know 
whether the function that is to be optimized is convex, 
concave or differentiable. Therefore neither the techniques 
that give local solutions nor the gradient based methods is 
an option. Furthermore, it is an important aspect to receive 
the results quickly, due to the complexity of the model, 
one iteration takes 2-4 minutes on an Intel-i7-2600K 
processor. Table II details the methods that meet the 
criteria outlined above. 

TABLE II.  OPTIMIZATION METHODS 

Method Convergence Characteristics 

Genetic 
algorithm (GA) 

No convergence 
proof [10] 

Stochastic Iterations 
Automatic initial populations 

or user supplied, or both[10] 

Mixed-Integer Optimization 
[19]; Multiobjective [10] 

Particle Swarm 

Optimization 

(PSO) 

No convergence 

proof to the global 

optimum [25] 

Stochastic Iterations  

Automatic initial populations 

or user supplied 

Simulated 

Annealing 

(SA) [9] 

Proven to converge 

to global opt. for 

bounded problems 
with very slow 

cooling schedule 

[10] 

Stochastic Iterations 

User supplied initial population 

[10] 

Pattern Search 
(PA) 

Proven convergence 

to local optimum 

[10] 

Deterministic Iterations 

User supplied initial population 

[10] 

Non-smooth 

optimization by 
Mesh-Adaptive 

Direct search 

(NOMAD) 

Hypothetic 

convergence to 
Second-order 

Stationary Points 

[15] 

Stochastic Iterations; 

Automatic initial populations 

or user supplied; Categorical 
variables, discrete; Mixed 

variables optimization; Bi-

objective; Mixed variables 
optimization[30]; 

 

In this research the PSO method was chosen, because of 
its speed, and its simple adjustability (details in II. B). 
Comparison is made with GA, because that method [10] 
has been thoroughly experienced, both methods tested 

under the same conditions. It was also a criteria that the 
method has a Matlab implementation, which can be easily 
parallelized too.  

A. Genetic Algorithm (GA) 

The genetic algorithm uses a collection of possible 
solutions for a specific problem, using various strategies it 
groups them, then picks the more optimal results, creates 
new files and proceeds to an acceptable (maybe optimal) 
result [34]. 

The greatest advantage is that the algorithm is problem 
independent. In addition, unlike many other optimization 
methods, in many cases, it reaches the desired solution 
much faster [11]. It's considerable advantage is that it is 
parallel, multiple solutions are tested in the same time, can 
work with large-scale search spaces, 1000 bit or larger 
space is not uncommon, i.e. where the number of options 
is over 2

1000
 [11]. Performs well in situations [13, 21-23] 

where the fitness function is complex, not continuous, and 
full of errors [11]. Works without knowing the original 
problem, can produce solutions, so that does not use its 
properties. Thus the method is perfectly suitable for 
situations where this problem can’t be described but can 
value the results [11]. 

Disadvantage is that for specific optimization problems 
and problem instances, other optimization algorithms may 
find better solutions than genetic algorithms, but in most 
cases, a sufficiently good solution can be constructed with 
it [11]. Without the problem’s thorough knowledge, it is 
difficult to give an effective fitness function and fine-tune 
the parameters. Using guesses or solutions from a 
previous optimization, one must assume of what value 
should be changed in order to achieve a better 
approximation [11]. If it’s nearly impossible to find an 
adequate setup for the problem, than ultimately we can 
use a higher optimization to setup the parameters.  

These advantages and disadvantages were observed in 
the previous [5] and current research too: a) Analytical 
evaluation of any sort wasn’t needed to be performed on 
the target model, only running the simulation; b) the time-
consuming calculation could be easily sped up using 
parallelized computing; c) the resulted optimum depends 
on the optimization method’s parameters; d) in case of not 
comprehensive fitness function the result may be 
unexpectedly false. 

GA’s most important parameters [17]: 

 Population Size – default value is 20, if the problem 
has many variables, it is advisable to use larger 
populations. For more complex problems using at 
least 100 is recommended [24]. 

 Elite Count – default value is 2, it might be 
appropriate to increase with number of population. 

 Crossover Function – default value is scattered, 
alternatives: one-point, two-point, heuristic, etc. 
There’s no standard process for choosing the 
appropriate method. [18][24] 

 Crossover Fraction – default value is 0.8, 
recommended to keep in (0.7, 0.9) interval. [24] 

B. Particle Swarm Optimization (PSO) 

Swarm intelligence describes the collective behavior of 
decentralized, self-organized systems, natural or artificial 
[31]. Particle swarm optimization (PSO), is one of the 
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most important swarm intelligence paradigms [32]. The 
PSO uses a simple mechanism that mimics swarm 
behavior in birds flocking and fish schooling to guide the 
particles to search for globally optimal solutions [33]. 
Each individual of the swarm describes a solution in the 
search space. Each particle knows the best previous value 
of their neighbors and of course himself (the current local 
optimum) and best value achieved by the swarm (the 
current global optimum). With every step, the particles 
modify their position in the previous local and global 
optimum as well as in combination with current or past 
situation. This algorithm uses random values in the 
process [12, 14, 20]. 

The algorithm's most important part is the update of the 
particles position and velocity [12]. 

)(tvΔt(t)x)(tx

(t)][g(t)-xr(t)]+c[p(t)-xr(t)+cvw)(tv

iii
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  (2) 

Where w is called the inertia weight, c1 and c2 are 
weights on the attraction towards the particle’s own best 
known position p and the swarm’s best known position g. 
These are also weighted by the random numbers r1 and r2 
between (0,1). 

Advantages are that it is intelligent, fast, simple and 
robust. Has no overlapping and mutation calculation, 
therefore a particle is not tested multiple times [25]. 
Performs well in situations [13], where the objective 
function is complicated and not continuous. 

Disadvantages are that the method easily suffers from 
the partial optimism, which causes the loss of accuracy at 
the regulation of its speed and the direction. The method is 
unable to work out the problems indefinable in a coordinate 
system [25]. 

There is no built-in PSO algorithm in Matlab, therefore 
external sources exploration was needed [27-29]. 
Considering their characteristics for the first try was 
chosen to implement the own one [27]. Easy to learn, has 
the ordinary Matlab-like syntax, and has only the 
necessary options. The other two implementations [28, 29] 
are better documented; due to their complexity it is 
understandable and also required. They have more tools 
for analyzing problems; however setting them up for 
different problems is more time-consuming.  

Different problems need different setup. However the 
process performs surprisingly well with the default values 
if a problem is not overcomplicated. Important 
parameters, which are worth altering: 

 Inertia Weight (w) – tests [16] show that the value 
should be linearly decreasing between 1 and 0.3. So 
in the chosen implementation [27] the value 0.9 
should be suitable. [7] 

 Cognitive Attraction, Social Attraction (c1, c2) – 
default values in order (0.5, 1.5). The practice shows, 
that the sum of these values should be between 2 and 
4, and c2 should be bigger than c1. [7][26] 

 Populations – low number of population (0-15) is not 
suitable, the ideal value starts from 20 [16]. If the 
problem has many variables and/or needs bigger 
search space, it’s advisable to use bigger population.  

 Generations – number of generations should be set as 
high as possible. The algorithm will stop after 50 

stationary populations. Of course, this value and also 
the sensitivity can be adjusted. 

III. RESULTS 

For both methods the number of generation was 
selected to NG=50, and the population size was NP=40. 
The other GA-specific parameters were: elite count EL=2, 
the crossover function was one-point, the crossover 
fraction CF=0.88. The other PSO-specific parameters 
were: inertia weight w=0.9, cognitive attraction c1=0.5, 
social attraction c2=1.5. These parameters were selected 
partly from the literature [7, 8, 16, 17], partly from own 
experience.  

In the initial state of the chosen simulation case, the 
robot’s bottom point was 1mm above the ground, the legs 
were set to the initial points of the desired trajectories. The 
simulation time was selected for only three seconds in 
order to hasten the runtime as much as possible, but at 
least to let simulate one and a half walking cycle. The 
ground was even with 0.9 friction constant. 

The results of three optimization cases have been 
compared:  

a) GA-2010-P, run GA method with results published in 
2010 [5], but then the PID controller parameters were not 
included into the optimization, just there was a working P 
controller.  

b) GA-2013-PI, run GA during current research based 
on parameters in Table I.  

c) PSO-PI, run PSO during current research based on 
parameters in Table I. 

The Table III comprises of the fitness evaluation’s (1) 
detailed partial results for these three cases. The used PSO 
gave the best results with a prominent velocity and the 
smallest electric energy consumption. The torques and the 
robot-body’s accelerations have similar magnitude for all 
three cases, moreover which are acceptably small. Since 
the velocity was more emphasized quadraticly compared 
to earlier fitness function [5] the current results exactly 
show the expected form. Fig. 1 compares the mentioned 
simulation results and it can be apparently observed that 
the better fitness value accompanied with the more linear 
walk-direction movement prevails, i.e. its velocity has 
marginal fluctuation. Herewith a typical walking problem 
of the Szabad(ka)-II robot can be eliminated. 

TABLE III.  RESULTS OF FITNESS FUNCTION 

 
GA-2010-

P 

GA-2013-

PI 
PSO-PI 

Gear torques  NmFGEAR
 9.89 9.56 9.12 

Body acceleration  2/ smFACC
 1.67 1.76 1.80 

Body angular acceleration 

 2/ sradF ACCANG
 17.0 16.5 17.2 

Energy per meter  mWsEWALK /  68.1 49.2 42.5 

Loss of height  mZLOSS
 -0.00684 -0.00708 

-

0.00733 

Mean velocity  smVX /  0.118 0.139 0.152 

Fitness value F 1.97 3.78 5.17 

Number of function calls 1902 1902 645 
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Figure 1.  Simulation results of walking characteristics based on three kinds of optimized parameters: top-left the body movement in X direction 

(BX), bottom-left its velocity (BVX), top-right the aggregated motor current (ISUM), bottom-right the magnitude of body 3D acceleration 

 

Figure 2.  Simulated trajectory curves resulted by three optimization cases and the real Szabad(ka)-II robot  

A. Visual Evaluation of the Optimization Results 

During the walking parameters’ optimizing process, the 
main issue was to determine the fitness function, i.e. what 
counts as proper or optimal walking. However, the 
emphasis primarily was put on the evaluation of the 
results and the measurement of their reliability.  

Since both the GA and PSO run the object function in 
two-dimensional form, i.e. the number of generation and 
the population size, thus the same presentations can be 
created. The Fig. 3 shows the evolution of the fitness 
values during the generations, which partly presents when 

and how much the fitness improved, partly shows the 
evolvement from the best item in initial random 
population to the final aggregated best fitness. Practically 
only this increment counts the beneficial performance of 
the optimization, not the value of the optimum point itself. 

B. Parameter Convergence Rate 

Generally a multi-parameter optimization is required, 
where M is the number of parameters, and such a 
parameter combination (namely a gene with M 
dimensions) is to be found where the specified fitness 
function gives the best value. The result of the GA or PSO 
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is a pair consisting of a parameter combination arranged in 
a matrix (item p, matrix P) and the corresponding fitness 
value (item f, matrix F), see equation (3). These matrix 
dimensions are the number of generations (NG) and the 
population size (NP). Fig. 3 shows the fitness values in 
such a matrix form in the bottom graph; while the top 
graph includes the histogram of fitness values; and the 
middle graph illustrates the changing of fitness 
distribution during generations and the increasing of 
fitness maximums during generations. 

    NPNGMNPNGM FPfp   ,,  (3) 

In order to measure and present the convergence of 
certain parameters the fitness thresholds (TF) have been 
determined and divided into N number of logarithmic 
scale between the minimum and maximum of the fitness 
values (4).  
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For every item of the mentioned fitness threshold those 
parameter values can be selected from all the P matrix, 
where the fitness value pairs are greater or equal to this 
threshold value (for each parameter separately 

 Mm ,..,2,1 ). The standard deviation (P
m

STD) can be 
calculated on this selected parameter set (5). 
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If this parameter deviation decreases to zero while the 
fitness threshold increases, it can be assumed that this 
parameter converges toward the current optimum. To 
express this convergence rate (CR) a specific simple 
expression has been defined (6). Fig. 4 illustrate parameter 
convergence with the calculated convergence rate for the 
GA and PSO results, where N=12. The parameters do not 
converge always toward an optimum with equal intensity, 
while the fitness value increases. Vertically, Fig. 4 shows 
the distribution of parameter values, and horizontally the 
increasing fitness threshold. A certain convergence rate 
(CR) and a confidence interval for a particular fitness 
threshold can also be determined for each parameter. In 
case if the convergence rate is small or this interval is 
relatively wide, the obtained optimum cannot be 
considered as reliable, or this parameter does not affect the 
fitness function i.e. to the subject of this optimization. 

 

     

Figure 3.  Visualized results of GA (left column) and PSO (right column) 

IV. CONCLUSION 

The three examined and compared results (optimums) 
are not the same, they specify different parameters with 
different fitness values. If these optimization processes 
were called more times, they would probably not reach the 
same result, in other words, they would converge only 
toward a local optimum point. The obtaining of the global 
optimum required a comprehensive search with other 
suitable or mixed methods, maybe it needs applying more 
instances of running, with different parameterized runs.  

In spite of this, the best given result - by PSO method - 
is currently acceptable and makes a significant headway 
compared to the previous research. It can be concluded 
from the current comparison that the used PSO algorithm 
is more suitable for this complex problem than the used 
GA implementation. 

In the future a more comprehensive optimization of the 
robot driving is planned, with the aim to find the best 
effective multi-parameter optimization method, instead of 
the exact single timely determination of the optimum.  
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Figure 4.  Parameter convergence from PSO 
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