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ABSTRACT: When identifying the properties of existing structures, the so-called non-classical 
methods based on soft computing techniques have recently shown a promising robustness and 
efficacy. In particular, in the last decade an increasing attention has been paid on biologically-
inspired routines (i.e., neural networks and genetic algorithms) to identify models characterized 
by linear as well as nonlinear behaviour. In this paper, an advanced genetic algorithm has been 
presented for parameter identification of single-degree-of-freedom nonlinear system when 
subject to ground acceleration, e.g. due to earthquakes. Specifically, the well known smooth 
endochronic Bouc-Wen model has been investigated. The proposed algorithm utilizes several 
subpopulations, and chromosomes are represented by means of real encoding. Moreover, recent 
developments in traditional genetic operators (crossover and mutation) are taken into account, 
so that the final algorithm combines an adaptive rebirth operator, a migration strategy and a 
search space reduction technique. The computational effectiveness and the accuracy of the 
proposed strategy have shown that it outperforms two existing conventional genetic algorithms: 
the Standard Genetic Algorithm and the Micro Genetic Algorithm. Secondarily, a comparative 
study is performed to demonstrate that an improved performance can be obtained by using, 
instead of structural acceleration response, its Hilbert transform-based envelope as objective 
function in the optimization problem. Finally, system identification is conducted by using the 
proposed optimizer to verify its substantial noise-insensitive property also in presence of high 
noise-to-signal ratio.  

 
 

1 INTRODUCTION 
System identification conventionally deals with the development of appropriate mathematical 
strategies to describe the input-output behaviour in the investigated system by properly treating 
experimental data. Within the structural engineering field, its fundamental role is to provide a 
significantly accurate characterization of the investigated system. In health monitoring, 
structural identification can be performed, for instance, both, to update the current available 
structural model using acquired data, and to use it as baseline for damage detection procedures. 
In the past years, some criteria to classify existing techniques have been proposed and either of 
them can be used, according to the identification goals or to the system behaviour. In this paper, 
the classification proposed by Koh et al. (2003) has been considered. According to this 
classification, different from classical strategies, non-classical algorithms deal with socially, 



4th International Conference on Structural Health Monitoring of Intelligent Infrastructure (SHMII-4) 2009 

22-24 July 2009, Zurich, Switzerland 

 

 

- 3 - 

physically and/or biologically inspired paradigms: in this context, we propose an advanced 
genetic algorithm (GA) to identify a single degree of freedom system (SDOF) with hysteretic 
behaviour represented using the Bouc-Wen (BW) model.  

2 PARAMETRIC IDENTIFICATION BY USING GENETIC ALGORITHMS 

2.1 Objective functions 

In this work, the role of two different objective functions (OFs) has been investigated. Let 
assume a SDOF whose dynamic displacement response is denoted as y(t), while the double 
upper dots denote the acceleration response. The first OF is the mean square error between the 
measured acceleration (subscript m) and the simulated one (subscript s): 

( )
( ) ( )( )2

1

;
istN

m l s l dyn
l

acc dyn
ist

y t y t
F

N
=

−
=
∑ θ

θ

ɺɺ ɺɺ

 (1) 

where Nist is the number of instants of time and θdyn the unknown system parameters set.  

The second OF is based on the mean square error in terms of Hilbert-based envelope process: 
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where H[•] is the Hilbert transform.  

2.2 Fitness function and selection operator  

Unlike the traditional optimizer (i.e., gradient-based techniques), GAs operate on a population 
of individuals (coded candidate solutions to the problem). Specifically, we use several distinct 
subpopulations with specialized genetic operators. Each individual in the population is 
represented as chromosome, that is, the collection of parameters to identify: in this study, a real 
encoding has been adopted. The original OF is scaled according to the individual’s rank (Rank 
scaling fitness function) and the tournament selection has been performed to select parents for 
the next step. 

2.3 Genetic operators 

Crossover phase is the creation of one or more solutions (offspring) from two or more selected 
ones (parents). In this work, different crossover operators are used for each subpopulations. 
They are: i) Average and Bound crossover (ABX), i.e. Ling and Leung (2007), ii) Laplace 
crossover (LX), i.e. Deep and Thakur (2007a), iii) Simulated binary crossover (SBX), i.e. Deb 
and Agrawal (1995), iv) Heuristic crossover (HX), i.e. Miettinen et al. (2003), and v) Blend 
crossover (BX), i.e. Ling and Leung (2007). To avoid the problem of overly fast convergence, 
we force the routine to explore other areas of the search space by randomly introducing changes 
(mutations) in some variables. The real numbers in the real-coded string are gone through one 
by one and a random number is generated for each of them: if the random number is lower than 
the mutation rate, then mutation takes place. In this work, the following mutation operators have 
been used: i) Wavelet mutation (WM), i.e. Ling and Leung (2007), ii) Power mutation (PwM), 
i.e. Deep and Thakur (2007b), iii) the operator presented by Makinen et al. (1999) and here 
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briefly named as MPTM, iv) the Non-uniform mutation (NUM), i.e. Michalewicz (1996), and v) 
the Parameter-based mutation (PM), i.e. Deb and Gulati (2001). 

2.4 Stop criteria and hybrid search 

At the end of each generation and after a specific mix of the above discussed operators, we have 
a new population for the next generation. Generally, this population is processed with the same 
operators without any manipulation. This is not properly true dealing with limited population 
size. In fact, micro-genetic algorithm (µGA) proposed by Krishnakumar (1989) is very similar 
to Standard Genetic Algorithm (SGA) but, to prevent a premature convergence due to the use of 
a limited number of individuals, the population is restarted (regeneration phase) in case of 
nominal converge (this new population includes the best achieved solution, according to the 
elitist strategy). In this work, the nominal convergence is checked by comparing the design 
variables scattering in the population at hand. After regeneration, the evolutionary process 
continues in the same way. When a fixed “threshold” is reached, the evolutionary process can 
be terminated: in this case, we stop the evolutionary process when an upper limit for the number 
of generations is reached. Moreover, at the end of the evolutionary process, an improved result 
can be acquired by using a hybrid strategy that uses the Sequential Quadratic Programming 
(SQP) as local optimizer. 

2.5 Other strategies 

2.5.1 Migration operator 

If one adopts more subpopulations, then the migration operator can be used to improve the 
convergence toward the best solution. Migration is a socially-inspired paradigm: as the human 
movements can help transfer knowledge, the migration operator allows exchanges between 
species. Periodically, the best individuals from one subpopulation will replace the worst 
individuals in another subpopulation. Migration takes place from the k indexed subpopulation in 
both k+1 indexed and k-1 indexed subpopulation and wraps when k = P. In this operator, one 
parameter controls how many generations pass between two migrations, the other one defines 
the fraction of the subpopulation size involved in the migration. 

2.5.2 Rebirth operator 

When there is no improvement in the objective function for Nstag times, the mutation operator is 
stopped and a new operator, named rebirth operator, takes place. The adopted rebirth operator 
version consists in the creation of new individuals via auto-adaptive asexual reproduction of the 
best individual in the current subpopulation. Let the best chromosome (seed) in the 
subpopulation at hand be b = {b1 … bi … bV}, by using rebirth operator a new chromosome is 
generated as follows: 
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where n is a normal random number, λ1 is the scale factor, λ2 the shrink factor, τ the current 
generation number, and T the maximum generation number.  

2.5.3 Search space reduction method 

When dealing with large search space, the use of special search space reduction method 
(SSRM) is useful to improve the final results. The adopted technique is based on some 
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definitions proposed by Charalampakis and Koumousis (2008). Initially, the optimizer is 
performed for few runs q = 1,…,Mr and with few number of fitness evaluations. After each run, 
the acquired solutions cq = {c1

q … ci
 q… cV

 q}  for q = 1,…,Mr are sorted and the worse Mt ones 
are eliminated from the list. For each variable, the weighting coefficient, weighted mean and 
standard deviation are calculated as follows: 

( )( )
( )

( )( )2

1 1

1 1

max
r t r t

r t r t

M M M M
q q q q

q
i i i

q q qq
i iM M M Mq

q q

q q

w c w c mF
w    m    s

F
w w

− −

= =
− −

= =

−
= = =

∑ ∑

∑ ∑

c

c
 (4) 

At the start of the evolutionary process, the initial population is created within initial lower and 
upper bounds. Afterwards, the bounding process takes places when ν1 generations are 
completed. In particular, if iter denotes the current number iteration and citer the current best 
solution, a complete regeneration of the current population (excluding elite individuals) is 
realized within new lower and upper bounds: 

{ }11 1 ... ...new new
b iter b iter i Vp    p    s s s
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Other regulation parameters are ν2 that controls how many generations pass between two search 
space reductions, and p whose value indicates the search space reduction magnitude.  

2.6 Genetic algorithm-based strategies 

GA-based strategies illustrated in Figure 1 are investigated in BW parameter identification.  

 

Figure 1. Genetic algorithm-based strategies. 
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Two strategies are traditional and standard methodologies (SGA and µGA), the last algorithm is 
a non-conventional multispecies genetic algorithm that utilizes several subpopulation, an 
adaptive rebirth operator, the migration strategy and the SSRM (MGAR). 

3 NUMERICAL APPLICATIONS 

Magneto-rheological dampers, wood and steel joints as well as base isolation devices for 
seismic protection of buildings can be adequately represented by means of the BW model. For a 
SDOF system with constant mass modeled by means of the BW constitutive law and subject to 
external ground acceleration, the motion equations are: 
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We aim at identifying the elements of the  vector θBW = {ω0  ξ  α  XY  η}. The first numerical 
investigation deals with the use of MGAR to identify the BW model with noise-free data, 
subject to El-Centro earthquake record. It concerns the performance evaluation of SGA, µGA 
and MGAR. The following true parameters, lower and upper bounds have been considered: 
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For each subpopulation, the following genetic operators have been applied: i) ABX & WM, ii) 
SBX & PM, iii) LX & PwM, iv) BX & MPTM, v) HX & NUM. Results are plotted in Figure 2. 

 

Figure 2. Bouc-Wen identification with noise-free data using MGAR. 



4th International Conference on Structural Health Monitoring of Intelligent Infrastructure (SHMII-4) 2009 

22-24 July 2009, Zurich, Switzerland 

 

 

- 7 - 

In Figure 2 one observes a good convergence of the evolutionary process (total number of 
fitness evaluation is 3480). The initial solution is poorly reliable but, after 20 generations, the 
OF value is very close to its minimum value. This result is achieved especially looking for the 
correct values for ω0  and  ξ. The SSRM allows a faster converge for parameters that define the 
hysteric cycle shape (α, XY and η). After re-initialization with SSRM at generation number 30, α 
and η rapidly tend to the true values. Another re-initialization at generation number 45 allows 
the quasi-exact identification for XY and η. In Figure 3 the convergence histories of MGAR, 
SGA and µGA are plotted. 

 

Figure 3. Comparative performance in Bouc-Wen identification. 

The MGAR shows better performance when compared to SGA and µGA. It is possible to 
observe that MGAR tends to the optimum value faster than SGA and µGA. Particularly, µGA is 
strongly penalized by the limited population size. Increasing the population size, SGA is able to 
find a better solution in the identification problem (final value of the OF is 1.6839) in 
comparison to µGA but it is worse when compared to MGAR (whose final result is 0.2467). 
The identification results obtained by means of (1) and (2) are listed in Table 1 and Table 2.  

Table 1. Results for acceleration-based objective function 

Run ω0 ξ α XY η Facc 

A01 6.2817 0.0503 0.0970 10.2219 2.0188 0.3187 

A02 6.2844 0.0504 0.0999 9.9464 2.0061 0.4248 

A03 6.2844 0.0504 0.0999 9.9464 2.0061 0.4248 

A04 6.2844 0.0499 0.1009 10.0025 2.0112 0.4368 

A05 6.2815 0.0504 0.1008 10.4421 2.0272 0.3392 

A06 6.2868 0.0490 0.0966 10.4776 2.0294 0.3763 

A07 6.2868 0.0490 0.0966 10.4776 2.0294 0.3763 

A08 6.2868 0.0490 0.0966 10.4776 2.0294 0.3763 

A09 6.2859 0.0501 0.1003 10.0451 2.0056 0.3965 

A10 6.2944 0.0504 0.0999 9.9464 2.0061 0.4248 

Mean error 0.03 % 1.02 % 1.55 % 2.31% 0.85%  
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Table 2. Results for envelope-based objective function 

Run ω0 ξ α XY η Fenv 

E01 6.2832 0.0501 0.0999 9.9854 2.0008 0.2015 

E02 6.2833 0.0498 0.1006 9.9576 2.0108 0.2707 

E03 6.2832 0.0501 0.0999 9.9854 2.0008 0.2015 

E04 6.2833 0.0498 0.1006 9.9576 2.0108 0.2707 

E05 6.2863 0.0504 0.0994 9.9732 2.0013 0.2186 

E06 6.2827 0.0499 0.0995 10.0017 2.0014 0.2316 

E07 6.2837 0.0500 0.0999 10.0005 2.0033 0.2464 

E08 6.2832 0.0501 0.0999 9.9854 2.0008 0.2015 

E09 6.2837 0.0500 0.0999 10.0005 2.0033 0.2464 

E10 6.2832 0.0501 0.0999 9.9854 2.0008 0.2015 

Mean error 0.01% 0.26% 0.29% 0.17% 0.17%  

It is possible to note that both criteria give very accurate results for ω0 and acceptable results for 
ξ  and η. On the other hand, the best improvement, in the average values, is achieved for XY and 
for α by means of the envelope-based optimum criterion. In general, the envelope-based 
criterion gives more accurate results in both single run and, in the average, for multiple runs (see 
the mean errors values at the end of each table). The MGAR robustness by using the envelope-
based optimum criterion is corroborated under high noise-to-signal ratio (NSR). Results are 
plotted in Figure 4. 

 

Figure 4. Bouc-Wen identification with noise corrupted data. 

Generally, the system identification in presence of noise is performed under small NSR values 
(usually in the range 1%÷5%, especially using classical identification methods). In Figure 4 we 
have plotted the BW identification by using MGAR and the envelope-based optimum criteria 
under high noise level (NSR=15%) for the measured acceleration response. Final result is very 
interesting: by comparing the “clear” measured envelope and the simulated one, it is possible to 



4th International Conference on Structural Health Monitoring of Intelligent Infrastructure (SHMII-4) 2009 

22-24 July 2009, Zurich, Switzerland 

 

 

- 9 - 

appreciate a very good system identification, without the use of pre-filtering techniques on the 
contaminated response. 

4 CONCLUSIONS 

Parameter identification of nonlinear systems is a peculiar and hard optimization problem. 
Therefore, advanced numerical strategies have to be adopted in order to acquire robust and 
reliable results. To this aim, the paper has shown that MGAR is very competitive and efficient 
in nonlinear system identification, since it outperforms both SGA and µGA. Moreover, the 
Hilbert transform-based envelope of the acceleration response has been proposed as optimum 
criterion in the optimization problem. Following this way, an improved convergence has been 
achieved in comparison to the objective function formulated on the pure acceleration response. 
Finally, it has been demonstrated that MGAR allows a correct identification also in the presence 
of high intensity noise signals. 
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