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Abstract. In this article the real coded genetic 

algorithm (GA) and the particle swarm optimization 
(PSO) method are both applied in three parameter 
estimation tasks. For this purpose, three highly 
nonlinear models of the separately excided DC 
machine, the Lorenz attractor and the wind turbine 
are prepared. The Monte Carlo simulation method 
with random combination of the varied 
experimental factors is used. The integer coded GA 
and the PSO versions of both algorithms are applied 
in another -structure identification task, in which 
autoregressive exogenous model of a heat exchange 
process trainer is used. The simulation results are 
compared in terms of accuracy of assessment and 
calculation performance. The best factor’s values 
for the GA and PSO algorithms are established.  

Keywords: parameter estimation, structure 
identification, particle swarm optimization, genetic 
algorithm 

I. INTRODUCTION 
Artificial intelligence studies methods for creating 

automated systems that behave similarly to human 
thought processes (eg, perception, decision-making, 
induction, deduction, analogy). Many concepts and 
methods of artificial intelligence are currently 
developed and actively applied in the field of systems 
identification [1]: 

 CBR - Case-Based Reasoning; 

 RBS - Rule Based Systems; 

 ANN - Artificial Neural Networks; 

 CA - Cellular Automata; 

 FS - Fuzzy Systems; 

 MAS - Multi Agent Systems; 

 RL - Reinforcement Learning; 

 HS - Hybrid Systems; 

 GA - Genetic Algorithms; 

 SI - Swarm Intelligence. 

In the present study, we examine the application of 
two common algorithms in identifying the parameters 
or structure of the complex dynamic systems. These are 
the genetic algorithm (GA) and particle swarm 
optimization (PSO). The last one is a variant of the group 
of algorithms using the swarm intelligence. We have 
developed a real and an integer coded versions of these 
algorithms, which are used to estimate corres-
pondently the parameters or structure of the four test 
models of a complex nonlinear dynamical systems: 

 Separately excited DC machine – nonlinear 
model witch include commutation noise; 

 Nonlinear Lorenz chaotic system model; 

 Wind turbine – highly  nonlinear model; 

 Autoregressive exogenous (ARX) model of a heat 
exchange process - an airflow blown by a fan 
through a tube with a heater. 

The research is conducted by means of a stochastic 
approach both: by using the method of the Monte Carlo 
simulation with random combination of the varied 
experimental factors and trough using a random-
number dependent data processing by the GA and PSO 
algorithms. The simulation results are compared in 
terms of accuracy of assessment and calculation 
performance. 
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II. GA AND PSO ALGORITHMS 

A. Genetic algorithm 
GA was proposed in 1975 by Holland [2] and is based 

on the concept of imitating the natural evolution of a 
population, allowing solutions for reproduction, 
creating new solutions that then compete for survival 
in the next iteration. The quality of the population 

increases over the generations and in the end, the best 
solution is obtained. The GA is a method for solving 
both constrained and unconstrained optimization 
problems. We can apply the genetic algorithm to solve 
a variety of optimization problems  that are not well  
suited for standard optimization algorithms, including 
problems in which the objective function is  
discontinuous, non-differentiable, stochastic, or highly 
nonlinear.  

GA uses three basic rules when creating the next 
generation of the current population: 

 Rules for selection of individuals, called parents, 
who contribute to the population of the next 
generation; 

 Crossing rules, combining both parents in the 
formation of children for the next generation; 

 Mutation is taken by random chromosomes of 
parents in the formation of children. 

The simplified block diagram of the genetic 
algorithm is presented in Figure 1. 

Genetic algorithm (GA) techniques are used effect-
tively to estimate model parameters. GA simulta-
neously evaluates many points in the parameter space 
and approaches the global solution. It does not require 
space to be differentiable or continuous [3,4]. 

In our case, the test procedure based on the real 
coded genetic algorithm is written as a function in 
Matlab using the following syntax: 

[A B AvSAE] = ga_proc(err, popsize, mutation_r, 
crossover_f, n_generations), 
where: A is a vector containing the estimated 'a' - group 
parameters; B is a vector containing the estimated 'b' - 
group parameters; AvSAE is the vector of average sum 
of absolute error between the model output and the 
real process output for all past generations; err is the 
tolerance of the error; popsize is the size of the 
population; mutation_r is the mutation rate; 
crossover_f is the crossover factor; n_generations is 
the maximum number of generations. 

B. Particle swarm optimization 
There are two popular methods inspired by swarm 

behavior: Ant colony optimization (ACO) and Particle 
Swarm Optimization (PSO). PSO is a population-based 
stochastic optimization technique developed by 
Eberhard and Kennedy in 1995, inspired by the social 
behavior of birds in flight and fish in passage [5]. In PSO, 
possible solutions called particles fly into the space of 
the problem, following the current best particles. The 
PSO procedure is initialized with a group of particles 
(solutions) randomly located in the parameter space, 
after which it seeks the optimum by updating the 
generations. In each iteration, each particle is updated 
with the following two best values. The first is the best 
solution (quality), which is considered to be too far 
away. (The quality value is also remembered.) This 
value is called pbest. The other best value that is 
tracked by the PSO is the best value achieved by any 
particle in the population. This value is the globally best 

 
Fig. 1. Simplified block diagram of the genetic 

algorithm 
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and is called gbest. When a particle participates in part 
of a population as its topological neighbor, the best 
value is locally the best and is called lbest. 

After finding the two best values, the particles 
update their velocities and positions using the following 
equations: 

v[ ] = v[ ] + c1 * rand( )*(pbest[ ] - present[ ] ) + 
+c2*rand( )*(gbest[ ] - present[ ] );  (1) 

present[ ] = persent[ ] + v[ ],   (2) 

where v[ ] is the velocity of the particle; persent[ ] the 
current particle (solution); pbest[ ] and gbest[ ] are 
different, as mentioned earlier; rand( ) is a random 
number between (0,1); c1 and c2 are learning factors. 
Usually c1 = c2 = 2. 

The simplified block diagram of the PSO algorithm is 
presented in Figure 2. 

The syntax of the Matlab function implementing the 
PSO-based evaluation algorithm is:  

[A B AvSAE] = pso_proc (swarm_size, 
correction_factor, inertia, iterations, err), 
where A, B, AvSAE and err have the same meaning as 
in the ga_proc function, but also: swarm_size is the size 
of the swarm; correction_factor is the factor 
(coefficient) of learning; inertia is a coefficient of 
inertia; iterations is the number of iterations. 

III. THE MODELLED SYSTEMS 
As noted above, four models have been developed 

to test the algorithms. 

A. DC Machine Model 
The Simulink model of the separately excited DC 

machine, which include commutation noise and several 
nonlinearities, is shown in Figure 3 a, b. 

B. Chaotic System Test Model 
The chaotic system test model is shown in Fig. 4. It 

was developed based on the original system of 
equations proposed by Lorenz [6].  

The system parameters SIGMA, BETA, R and the 
initial conditions x0, y0, z0 are external to the model. 
They are set as global variables in the Matlab 

 
Fig. 2. Simplified block diagram of the PSO 

algorithm. 

 
a) 

 
b) 

Fig. 3. DC Machine Model: a) main model; b) 
mechanical subsystem model 
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workspace. The typical values for the Lorentz system 
are [7] SIGMA = 10, R = 28, and BETA = 8/3. The graph 
of the X-Z coordinate trajectory for the case above is 
presented in Fig.5. The system dynamics highly 
depends on the initial condition values x0, y0 and z0. 

 

Fig. 4. Chaotic system test model (Lorenz 
attractor), developed in Simulink 

 

 

Fig. 5. Graph of the X-Z coordinate trajectory 

C. Wind Turbine Test Model 
The wind turbine model is taken ready from the 

examples in the Matlab Simscape library and was 
developed based on the equations proposed in [8]. 

The original values of the estimated parameters are: 
Rsum = 0.894 – the um of armature and load resistance 
(Ohm); Rf = 2.524; - the excitation armature resistance 
(Ohm); L12 = 0.152 – the mutual inductance (H); L1 = 

0.0117 – the own synchronous inductance (H); J = 0.02 
– the total inertia (kg.m2). 

D. ARX model of the process trainer PT  326 
The last one - ARX model of the process trainer PT 

326 [9], was used to perform the system structure 
identification task. We used a record for the system 
input (the voltage of the heater) and the system output 
(the temperature of the outlet air). The input – output 
data record, taken from PT 326 is shown in Fig. 6. 

The ARX model structure in discrete time is 
explained by the equation (3): 

y(t)+a1y(t−1)+...+anay(t−na)=b1u(t−nk)+...+bnbu(t−nb−nk+
+1)+e(t),  (3) 

where: y(t)- output at time t; na - number of poles; nb - 
number of zeroes plus 1; nk - number of input samples 
that occur before the input affects the output; 
y(t−1)…y(t−na) - previous outputs on which the current 
output depends; u(t−nk)…u(t−nk−nb+1) - previous and 
delayed inputs on which the current output depends; 
e(t) - White-noise disturbance value. 

 

Fig. 6. Input – output data record, taken from the 
PT 326 process trainer 

IV. THE EXPERIMENT RESULTS 
Monte Carlo simulation method was applied by a 

random evaluation of 90 test experiments with random 
values of the both algorithm factors for each of the 
tested systems and algorithms. The experimental 
planning uses a central composite design. Firstly, we 
choice of the input factors to be varied. In GA algorithm, 
they are cossover_p - the crossover probability 
parameter and mutarion_r - the mutation rate. Varied 
parameters in PSO algorithm are chosen to be 
correction_factor - the learning factor and inertia - the 
inertia factor. Bounds for each parameter are defined 
in the parameter space: crossover_p = 0 … 1; 
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mutation_r = 0.05 … 0.5; correction_f = 1.6 … 2.4; 
inertia = 0.4 … 0.8. The position of the factors in the 
space of the parameters in GA is shown in Fig.7.  

 

Fig. 7. Central composite design in the GA factor’s 
space 

The тwo algorithms: real coded GA and PSO are 
consequently applied to estimate system parameters. 
Another two algorithms: integer coded GA and PSO 
wеrе used in the structure identification tasks. 

A. DC Machine Model Parameter Estimation 
The system parameter estimation results of the first 

five (of a total of ninety) tests, obtained by GA and PSO 
algorithms are listed in Table I and Table II respectively. 

Table III presents the best parameter’s fitting, using GA 
and PSO. 

The combined scatter plots for the AvSAE value 
versus the factor’s rates in GA and PSO tasks are 
presented in Fig.8 and Fig.9 respectively. The best 
values (with lower AvSAE and closely grouping) for the 
crossover parameter and the mutation rate are 0.2 and 
0.5. The best values for the correction factor and the 
inertia are 2.4 and 0.6. 
 

 

Fig. 8. Scatter plot of AvSAE versus crossover 
parameter and mutation rate in GA tests 

TABLE I.  RESULTS OF THE PARAMETER ESTIMATION OF THE DC MACHINE MODEL AT TEST RUN NUMBER, USING GA 

 

TABLE II.  RESULTS OF THE PARAMETER ESTIMATION OF THE DC MACHINE MODEL AT TEST RUN NUMBER, USING PSO 

 

Run No crossover mutation AvSAE Ra La Rf Lf Laf J Bm Tf ω 0 
1 1 0.5 6.4716 3.2924 0.0622 638.13 185.18 1.0257 0.01 0.01 0.5045 8.9464 
2 0.6 0.275 6.9464 3.3306 0.0862 941.13 330.25 3.2083 0.017 0.005 0.1 1.7549 
3 0.6 0.05 13.8726 3.5849 0.0841 932.87 309.06 3.6877 0.012 0.001 0.17 86.8854 
4 1 0.05 14.2586 3.6376 0.0750 891.00 50 0.97192 0.018 0.00295 0.2518 0.355 
5 0.6 0.05 7.9547 2.9776 0.0956 571.30 132.27 3.999 0.04 0.0085 0.4639 4.4981 

… 90 … … … … … … … … … … … … 

Run No correction inertia AvSAE Ra La Rf Lf Laf J Bm Tf ω 0 
1 2 0.8 2.1408 2.9934 0.01 339.81 181.576 0.80266 0.01 0.01 0.11044 0 
2 2.4 0.4 1.3774 2.7366 0.0118 361.28 351.70 1.5784 0.014 0.01 0.27823 0 
3 1.6 0.4 4.2187 2.763 0.01318 464.82 500 3.6127 0.025 0.01 0.23404 5.9565 
4 2 0.6 1.6582 2.8055 0.0947 357.7 368.64 1.4562 0.01 0.01 0.42498 0 
5 2 0.8 1.4081 2.8185 0.0997 392.93 500 2.0999 0.012 0.01 0.23623 0.64227 

… 90 … … … … … … … … … … … … 
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TABLE III.  THE BEST PARAMETER’S FITTING, USING GA AND PSO  

 

 

Fig. 9. Scatter plot of AvSAE versus correction 
factor and Inertia in PSO tests 

Sorted by values of AvSAE plots, versus run number 
for both of the algorithms are presented in Figure 10. 
The PSO reports a better estimation accuracy. 

 

Fig. 10. Sorted by values of AvSAE error plots, versus 
run number for both of algorithms PSO (-red) 
and GA (-blue) 

B. Wind Turbine Model Parameter Estimation 
The system parameter estimation results of the first 

five tests, obtained by GA and PSO algorithms are 
presented in Table 1 and Table 2 respectively. 

TABLE IV.  RESULTS OF THE PARAMETER ESTIMATION OF THE 
WIND TURBINE MODEL AT TEST RUN NUMBER, USING GA 

Ru
n 

N
o 

 C
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Rsum, 
 

Ohm 

Rf, 
 

Ohm 

L12, 

 
H 

L1, 

 
H 

J 
 

Kg.m2 
1 0.6 0.05 8.781 0.83969 2.1095 0.14288 0.01199 0.0812 
2 0.2 0.5 25.53 0.98713 3.0567 0.31685 0.0236 0.01458 
3 1 0.275 46.70 0.53758 0.9729 0.074 0.0544 0.01351 
4 1 0.5 37.12 0.69762 1.4955 0.07375 0.00768 0.00523 
5 1 0.05 57.36 0.48262 0.6502 0.05 0.00609 0.0095 

..90 … … … … … … … … 
 

TABLE V.  RESULTS OF THE PARAMETER ESTIMATION OF THE 
WIND TURBINE MODEL AT TEST RUN NUMBER, USING PSO 
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e 
Rsum, 

 
Ohm 

Rf, 
 

Ohm 

L12, 

 
H 

L1, 

 
H 

J 
 

Kg.m2 
1 2 0.8 5.493 1.0016 2.5279 0.61985 0.0481 0.01592 
2 1.6 0.6 70.32 3.1422 19.9406 0.99357 0.01348 0.2 
3 2 0.8 4.102 0.9912 2.5451 0.40782 0.0316 0.01449 
4 2.4 0.6 7.983 1.0482 2.5577 0.8053 0.06334 0.005 
5 2.4 0.8 15.57 0.9133 2.4368 0.54215 0.04386 0.15934 

..90 … … … … … … … … 
 

TABLE VI.  VALUES OF THE PARAMETERS AND THEIR ERRORS, 
ESTIMATED BY GA AND PSO ALGORITHMS 

Wind Turbine Rsum Rf L12 L1 J 
Original values 0.894 2.524 0.152 0.0117 0.02 

PSO 0.9362 2.4347 0.18024 0.01439 0.02089 
GA 0.88925 2.5581 0.15901 0.01212 0.0195 

Error PSO, % - 4.72 - 3.53 -18.57 - 22,99- - 4.45 
Error GA, % - 0.53 - 1.35 - 4.61 - 3.58   2.5 

 

Table V presents the best parameter estimations for 
the wind turbine model, using GA and PSO and Figure 
11 shows the sorted by values of AvSAE error plots, 
versus run number, for both of algorithms GA (-red) 
and PSO (-blue). In this case, the PSO also reports a 
better estimation accuracy in most of the runs. 

C. Chaotic System Model Parameter Estimation 
The results of the Monte Carlo simulation 

experiments are presented in the similar way, as in the 
last two sections in Table VII, Table VIII, Table IX and in 
Figure 12. 

DC Machine Model Crossover 
factor 

Mutation 
factor 

AvSAE 
(error) 

Ra, 
Ohm 

La, 
H 

Rf,  
Ohm 

Lf,  
H 

Laf,  
H 

J, 
kg.m2 

Bm 
N.m.s 

Tf 
N.m 

ω0, 
s-1 

Estimated value GA 0.2 0.275 1.4463 2.803 0.0333 335.44 260.6 1.1888 0.0157 0.0022 0.1 0.587 
Estimated value PSO 2 0.8 0.3882 2.54 0.0561 323.41 153.7 1.0999 0.023 0.01 0.738 0 
Original value --- --- --- 2.581 0.028 281.3 156 0.9483 0.02215 0.003 0.516 0 



9

 
№ 4 (3),  2021 

 
 
 

ISSN: 2682 – 9517 (print)         ISSN: 2683 – 0930 (online) 
 

 
 

              JOURNAL  OF  INFORMATICS  AND  INNOVATIVE  TECHNOLOGIES  (JIIT)   
 

 

Fig. 11. Sorted by values of AvSAE error plots, versus 
run number for both of algorithms PSO (-red) 
and GA (-blue) 

TABLE VII.  RESULTS OF THE PARAMETER ESTIMATION OF THE 
CHAOTIC SYSTEM MODEL AT TEST RUN NUMBER, USING GA 
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x0 

 
 

y0 

 
 

z0 

1 0.6 0.5 0.098505  1.542 -0.98537 -0.052285 
2 0.2 0.275 0.1749  2.556 -2.3089 -0.0072939 
3 0.6 0.5 0.075074 -0.24461  1.3216  0.057095 
4 1 0.275 0.60238  3.4545 -3.4781 -0.16737 
5 1 0.5 0.066335  0.19064  0.77132  0.015057 

..90 … … … … … … 
 

TABLE VIII.  RESULTS OF THE PARAMETER ESTIMATION OF THE 
CHAOTIC SYSTEM MODEL AT TEST RUN NUMBER, USING PSO 

 

TABLE IX.  VALUES OF THE CHAOTIC SYSTEM PARAMETERS, 
ESTIMATED BY GA AND PSO ALGORITHMS 

Chaotic System AvSAE x0 y0 z0 
Original values - 0 1 0 

PSO 0.0039734 0.010213 0.88889 -0.14356 
GA 0.013762 0.94317 -0.21107 -0.0200 

 

Fig. 12. Sorted by values of AvSAE error plots, versus 
run number for both of algorithms PSO (-red) 
and GA (-blue) 

The best factor’s values for the crossover parameter 
and the mutation rate in the chaotic system, Monte 
Carlo simulation tasks are 0.2 and 0.5. The best values 
for the correction factor and the inertia are 2.4 and 0.6. 

D. Structure Identification of the ARX Model  
In this task the Monte Carlo simulations were 

performed and the integer-coded GA and PSO were 
applied. Model order indexes are bonded in region [1 … 
10]. Experiment is planned in the same way, as in last 
three tests. The Matlab function selstruc.m was used to 
help choose a model structure (order) from the 
information contained in the matrix V obtained as the 
output from arxstruc or ivstruc commands. The default 
value of the selstruc parameter c is 'plot'. The plot 
shows the percentage of the output variance that is not 
explained by the model as a function of the number of 
parameters used. Each value shows the best fit for that 
number of parameters. Parameter c = 'aic' gives no 
plots but returns in n x n the structure that minimizes 
Akaike's Information Criterion [10] (4). 

𝑉𝑉𝑚𝑚𝑚𝑚𝑚𝑚 = 𝑉𝑉 (1 + 2𝑚𝑚
𝑁𝑁 )    ,    (4) 

where V is the loss function, d is the total number of 
parameters in the structure in question and N is the 
number of data points used for the estimation. The 
output argument Vmod has the same format as V, but it 
contains the logarithms of the accordingly modified 
criteria.  

The results are analyzed and then presented in the 
next Table X and Table XI. 

0 10 20 30 40 50 60 70 80 90
0

10

20

30

40

50

60

70

80

90

100

110

Sorted Run number

A
vS

A
E

Sorted AvSAE in GA and PSO

 

 
PSO
GA

Ru
n 

N
o 

 co
rr

ec
tio

n 
in

er
tia

 

 A
vS

AE
 fi

na
l 

va
lu

e 

 
 

x0 

 
 

y0 

 
 

z0 

1 2 0.4 0.26994 1.5792 -6.9554 3.3031 
2 2.4 0.4 0.60053 4.2597 -7.0387 -9.2593 
3 2.4 0.4 0.5462 1.9256 -7.4193 10 
4 2 0.8 0.060609 0.42487 -1.184 1.145 
5 2 0.8 0.11038 3.2454 5.3091 1.2815 

..90 … … … … … … 
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TABLE X.  RESULTS OF THE STRUCTURE IDENTIFICATION OF 
THE ARX MODEL AT TEST RUN NUMBER, USING GA 

TABLE XI.  RESULTS OF THE STRUCTURE IDENTIFICATION OF 
THE ARX MODEL AT TEST RUN NUMBER, USING PSO 

 

GA procedure returns in most of the cases values of: 
na=4, nb=5, nk=2, while PSO returns always a wrong, 
maximal values of the ARX – model structure indexes. 

V. CONCLUSIONS 
Both GA and PSO algorithm are suitable for use in 

the parameter estimation process of complex systems 
with large number of estimated parameters, 
nonlinearities   and sources of noise. The GA and PSO 
algorithms were successfully applied to estimate: 

 Wind turbine generator system model 
parameters; 

 Chaotic system (Lorenz attractor) model 
parameters; 

 Separately excited DC machine model 
parameters. 

In all of the listed above cases the PSO procedure 
reports much more accurate estimation of the       
system parameters than GA. GA reports a bit       better 
efficiency, but the difference in test time duration is 
very small. This is because the main time in carrying out 
the tests is spent for the simulation model of the wind 
turbine and to evaluate the setting of the model - 2,700 
times for each of the cases. Procedures themselves take 
up very little processor time. 

As a result of performing the Monte Carlo simulation 
method, the following optimal values of the factors 
were established (see Table XII): 

TABLE XII.  OPTIMAL FACTOR’S VALUES 
Algorithm PSO GA 

Factor correction inertia crossover mutation 
Wind Turbine 2.0 0.8 0.6 0.5 

Chaotic System 2.4 0.6 0.2 0.5 
DC Machine 2.4 0.6 0.2 0.5 
 
The PSO-based approach is not appropriate in the 

task of identifying the structure of an ARX model. In this 
case, GA works well and gives a relatively accurate 
identification of the structure. The reason for over-
estimating the order of the system is the presence in 
the real process of a net delay (absent in the ARX 
model) due to the time required to transport air 
through the tube of the dryer. 
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Run 
Nо 

Crossover Mutation AvSAE_ 
fin_value na nb nk 

1 0.2 0.5 -2.0641 5 4 2 
2 0.6 0.05 -2.0641 5 4 2 
3 0.2 0.5 -2.0646 4 5 2 
4 1 0.5 -2.0621 3 6 2 
5 1 0.275 -2.0588 5 5 2 
…90 ... … … … … … 

Run 
Nо 

Correction
_factor 

Inertia AvSAE_ 
fin_value na nb nk 

1 2.4 0.6 0.10694 3 10 10 
2 2 0.4 0.10694 3 10 10 
3 2.4 0.4 0.10694 3 10 10 
4 2.4 0.8 0.10694 3 10 10 
5 1.6 0.4 0.10694 3 10 10 
…90 … … … … … … 


