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ABSTRACT 

 
A dual-objective structural identification method utilizing differential evolution 

algorithm is presented in this paper. The limitation of utilizing single-objective structural 
identification method for a twelve-story finite element model is illustrated. The dual-
objective data driven system identification strategy, considering both prediction 
precision and the prediction reliability, is proposed to alleviate deteriorated 
simplification in the identification process. Based on the construction of Pareto front and 
the proposed identification strategy, a series of reduced-order models are identified 
preliminarily and a group of models with the properties of both model complexity and 
model reliability are assumed to be the options of simplified complex structures. The 
influence, such as the excitation dependency and the restraints of different 
measurement conditions etc., to the reliability of the identified model is discussed. 
Finally, a favorable performance of the proposed dual-objective structural identification 
strategy is shown in an illustrated numerical example and a deteriorated performance 
of the optimized model identified utilizing single-objective structural identification 
method is observed as a comparison. 
 

1. INTRODUCTION 
 

Vibration-based non-destructive structural parameters identification method play 
key roles in the field structural health monitoring (SHM) for structural damage detection, 
performance evaluation, model updating, active control and others(Sun 2014). The goal 
of system identification (SI) is not to update or calibrate a model to improve its 

performance in some specific cases, but to find description of systems which are 
compatible with observations(Goulet 2013). Therefore, the stability, effort or complexity 
for model construction, and parameter interpretability should be taken into 
consideration in the process of structural parameter identification(Talic 2015). 

Depending on the analysis construction domain, classical methods for the 
purposes of system identification can be classified as frequency domain methods and 
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time domain methods. The frequency domain method for modal quantities estimation is 
well established, such as transfer function method and power spectra density method 
etc. However, it is not practical to construct a physical model, which is applicable to 
mimic the dynamic characteristics of the complex structures with high fidelity in many 
unknown cases, by only using modal parameters due to several reasons(Astroza 2016, 
García-Palencia 2013, Sun 2014): 1) frequencies sometimes vary greatly because of 
environmental effects; 2) mode shape and modal damping values cannot be accurately 
captured due to measurement noise and modal extraction errors; 3) modal parameters 
represent limited information at structural resonances. In the frame work of finite 
element model updating, the conventional time domain method is denoted more 
efficient than method based on frequency(Gautier 2015). However, most time domain 
techniques, such as least-squares methods, Kalman filters etc., require a proper guess 
of initial and a proper function gradient(Sun 2014), which arises the difficulty in practical 
use. 

Considering the simplification of shear-type structure as well as its extensive 
application in structure identification(Franco 2004, Koh 2000, Koh 2003, Wang 1997), 
model parameters of a building structure, such as mass, stiffness, and damping values, 
are practical to construct a simulation model for structural damage assessment, 
performance evaluation and structural control, such as in the research of the health 
monitoring damage diagnosis method(Shan 2016), the nonlinear interstory drift 
estimation method(Shan 2015) and structure control(Yang 2014). Apart from 
aforementioned methods, heuristic algorithms, such as genetic algorithm (GA) (Koh 
2000, Koh 2003, Marano 2011), evolutionary algorithm (EA) (Charalampakis 2008, 
Franco 2004), and differential evolution algorithm (DEA) (Tang 2008) etc., is widely 
utilized in the field of SI. Moreover, acceleration response, available from SHM, which 
is commonly measured in real practice, is the only used data in the identification of 
structural physical parameters (Franco 2004, Koh 2000, Koh 2003). 

Differential evolution algorithm, firstly proposed by Storn and Price, converges 
faster and is more robust with more certainty than many other global optimization 
methods(Storn 1997). Multi-objective optimization problem (MOP) mainly focus on: 1) 
the preservation of nondominated points and associated solution points in the objective 
space and decision space, respectively; 2) the diversity of points on Pareto front(Coello 
2007). Unlike single-objective optimization problem (SOP), which attempt to find the 
global optimum without the consideration of influence of model error and measurement 
noise etc., MOP aim to produce vectors whose component represent trade-off in 
objective space(Coello 2007). 

In the present study, a two-stage dual-objective structural identification method 
utilizing differential evolution algorithm is presented in section 2. In section 3, a 12-story 
finite element frame structure is mimicked to represent the limitations of single-objective 
optimization method and the favorable performance of multiple-objective optimization. 
Four incomplete measurement conditions are considered as a simulation of placement 
of sensors in real world practice. The performance of identified results in pareto-front 
are studied considering different types of ground motions and finally, one noise 
condition with signal-to-noise-ratio (SNR) as 20dB is discussed. 

 



2. PROPOSED METHODOLOGY 
 
Generally, the formulation of a linear structure can be represented as 

gx   Mx Cx Kx Mh  (1) 

where, x , x , and x  are relative displacement, velocity, and acceleration vectors, 
respectively; M , C , and K  are global mass, damping, and stiffness matrices of the 

physical model, respectively; gx  is excitation vector representing ground acceleration 

distributed by the influence vector h . 
Because the shear-type model is extensively used for the purpose of system 

identification, structural control and damage diagnosis, the shear-type model is used as 

the mechanical model from a complex structure by using translational acceleration from 
limited measured degrees-of-freedom (DOF). An illustrative example is demonstrated in 
Fig. 1(a), which represents the schematic of the construction of the 4-DOF shear-type 
model from an 8-story finite element structure. Considering the placement of 
accelerometers, the first floor, second to third floor, fourth to sixth floor and seventh to 
eighth floor are supposed to identified as substructure I, substructure II, substructure III 
and substructure IV, respectively. And the lumped mass of each substructure is the 
mass of all corresponding floors, i.e. the lumped mass of substructure III is the total 
mass of fourth to sixth floor.  

 
 

 (a)  (b) 
 
Fig. 1 (a) the illustrative example of structural simplification; (b) the 12-story finite 
element frame structure 
 
 

In the current work, all the lumped masses are predetermined utilizing the 
construction information apropos material density and cross-section dimensions, which 
more or less induce model errors into the identification results. Moreover, the classical 
Rayleigh damping is adopted as an appropriate idealization for simulating damping 
mechanisms throughout the structures, instead of the typical interstory damping 
coefficients. The damping matrix C  is assumed to be proportional to the mass and 

stiffness matrices (M  and K ), and can be determined from specified damping ratios 



1  and 2 . Hence, the candidate vector z  of identified parameters can be assigned as 

the interstory stiffness ik  along with the two fundamental damping ratio 1  and 2 .  

The widely used performance objective for structural identification is the 
minimization of system output errors according to the iterations of model parameters, 
such as the following normalized root-mean-square (rms ) error function.  
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where rms  is root-mean-square operator;  i ty  is measured structural responses of 

the instrumented structure;  ˆ ,i ty z  is system outputs under a particular set of 

parameters z ; and N  is the number of substructures of the order-reduced model. 
Moreover, the measured structural responses can be defined as absolute acceleration 

 ta , relative displacement  tx  or interstory drift  tY . 

For the sake of establishing a stable and reliable system identification method as 
well as considering that most regular building structures are constructed with uniformly 
distributed stiffness, the second objective for identification stability is considered as the 
standard deviation (STD) measure of stiffness variables and is defined as  
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Finally, a two-stage dual-objective DE-based identification strategy can be 
proposed herein as 

Minimize       1 2,J JJ z z z  

s.t. Sz ,  min, max,: , 1,2, ,i i iS z z z i n    z  
(4) 

where, S  is the constrained search space. 
In the theory of multiple-objective optimization strategy, a whole group of 

acceptable compromise solutions, known as Pareto optimal solutions, may be expected 
rather than one unique solution in the manner of single objective optimization. The 
standard procedure of DE-based optimization can be referred to publications(Storn 
1997, Tang 2008), and the proposed two-stage optimization schematic is illustrated in 
Fig. 2. The first stage is to provide two endpoints for the Pareto optimal set, such as 

point A     1,min 2,max,J Jz z  and B     1,max 2,min,J Jz z  illustrated in Fig. 2, which 

represent optimization on performance and stability objective, respectively; the second 
stage is for the computation of Pareto fronts for non-dominated candidate solutions, 

illustrated in Fig. 2. In the second stage, an area-type evaluation index pA , illustrated in 

Fig. 2, with the initially inserted endpoints from Stage I is then proposed for the 
stopping criteria for obtaining Pareto front solutions 
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where G is current generation number; maxG is user defined maximum generation; 1N  is 

number of effective generations taken into account for the stopping criteria; minpA ， is 

user defined tolerance of improvement; var is variance calculation operator; and 

minpA ， is user defined tolerance of discrepancy. 

 
 

 
 
Fig. 2 Illustration of propsed optimization process with two endpoints and the area-type 
index and the major purpose of the structural identification procedure for real-world 
structures 
 
 

In the current work, the object function  1J z , in the proposed two-stage dual-

objective identification algorithm, is specified as the system acceleration output errors 
Furthermore, to investigate the stability and reliability of identified results based 

on single-objective optimization procedure, another four performance objective 
functions are defined herein as 
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where, if  is the i th identified modal frequency,  if z is the corresponding i th estimate 

modal frequency, fN  is the number of available identified modal frequencies, iΘ  is the 

i th identified mode shape,  iΘ z  is the corresponding i th estimate mode shape, and 

N  is the number of available identified mode shape. 

 
3. NUMERICAL SIMULATION 

 
The illustrative example considered herein was a 12-story finite element frame 

structure, demonstrated in Fig. 1(b). The fundamental parameters of the illustrated 

model are listed in Table 1. Eight excitation scenarios with eight earthquake motion 
records were assumed for numerical analysis, as summarized in Table 2. Four 
measurement conditions, listed in Table 3, were considered in the attempt to simulate 
the incomplete condition in real-world seismic monitoring practice. Eight fitness function 
were considered in the following simulations, and the fitness function of system 
acceleration errors, interstory drift errors, displacement errors, frequency errors, modal 
shape errors, acceleration and interstory drift errors, acceleration and displacement 
errors, and the stability fitness function were denoted as Fitness I to VIII, respectively.  

 
 
Table 1 fundamental parameters of the 12-story finite element frame model 

 

Items Parameters 

Floor height (m) 0.56 

Length of beam (m) 0.61 

Section area of beam (m
2
) 36.45 10  

Section area of column (m
2
) 41.43 10  

Density (kg/m
3
) 2713 

Elastic modulus (Pa) 107 10  

Second axial moment of area of beam (m
4
) 88.67 10  

Second axial moment of area of column (m
4
) 108.08 10  

 
Table 2 Basic information of selected ground motions for numerical analysis 

 

Earthquake Year Station Magnitude PGA (g) Record 

Imperial Valley 1940 El Centro 7.10 0.35 GM1 

Kobe 1995 KJMA 6.90 0.83 GM2 

Northridge 1994 Sylmar-Olive View Med FF 6.69 0.84 GM3 

Denali, Alaska 2002 TAPS Pump Station #10 7.90 0.33  GM4 

Imperial Valley-06 1979 El Centro Array #11 6.53 0.37  GM5 

Landers 1992 Coolwater 7.28 0.28  GM6 

Northridge 1994 Newhall Fire 6.69 0.59 GM7 

San Fernando 1971 Pacoima Dam (upper left abut) 6.61 1.22  GM8 

 



 
The Comparison of performance of single-objective optimization with different 

fitness functions, subjected to GM1 with measurement condition as IM-I, was illustrated 
in Fig. 3. The 12-story finite element frame structure is identified as a 6-DOF lumped 
mass structure. Each substructure represents two floors, i.e. substructure VI represents 
the eleventh to twelfth floor, and the mass of each substructure was assumed as 

21.772  kg. In Fig. 3, the performance of identified models based on fitness II, VI, and 
VIII are preferable than the performance of identified models based on fitness I, III, and 
VII. Moreover, the discrepancy of acceleration and the estimated interstory drift of 
substructure VI of the identified model with fitness IV and V are not acceptable. 

 
 

 
 

Fig. 3 Comparison of performance of identified model with different fitness functions 
 
 
The comparison of discrepancy of different dynamic characteristics, such as 

structural responses and modal parameters, of identified model based on different 
fitness functions was illustrated in Fig. 4. The performance of identified model with 
fitness function of interstory drift, fitness II, was favorable than other fitness functions, 
because of its lower normalized discrepancy. Moreover, the discrepancy results of 
identified model with fitness function as frequency and modal shape indicated that 
modal parameters are not preferable as the fitness function in system identification, 
which is also observed in Fig. 3. Moreover, the normalized acceleration and drift 
discrepancy of identified model based on fitness II was 0.18 and 0.068, respectively, 
and the normalized acceleration and drift discrepancy of identified model based on 
fitness I was 0.13 and 0.14, respectively, which indicated the existence of error 
compromise between structural acceleration and structural drift. Furthermore, the 
performance results of fitness function I, II, III, VI, VII and VIII, illustrated in Fig. 3, 
seems to be part of the pareto-front, demonstrated in Fig. 2. 

 



 
 
 

Table 3 Four incomplete measurement scenarios 
 

Scenario IM-I IM-II IM-III IM-IV 

Sensor placement 2,4,6,8,10,12 3,6,9,12 4,8,12 6,12 

 
Fig. 4 Comparison of normalized discrepancy of different dynamic characteristics of 

identified model with different fitness functions 
 
 
Comparing to the single-objective optimization results, subjected to GM1 with 

measurement condition as IM-I, represented in Fig. 3, the pareto-front, based on the 
proposed two-stage dual-objective DE-based optimization strategy, was identified and 
delineated in Fig. 5(a). To investigate the performance of the identified pareto-front, the 
discrepancy of acceleration and interstory drift subjected to eight scenarios of different 
ground motions excitation was illustrated in Fig. 5. The discrepancy of acceleration and 
interstory drift of model identified with fitness II was illustrated in Fig. 5(a). The 
acceleration discrepancy with diamond marker was almost in the pareto-front, and the 
candidate identification results with minimum discrepancy of interstory drift in pareto-

front is 0.099, which is close to the drift discrepancy with triangle marker as 0.079. A 
stable performance of the pareto-front is observed in Fig. 5, which indicate that the 
candidate identification results selected from pareto-front are irrelevant to the ground 
motions.  Additionally, the identification results of single-object optimization utilizing 
fitness I, subjected to different earthquake excitations, may not be the same as 
illustrated in Fig. 5(c), (d) and (e). 

The identification results of the single-objective optimization problem with fitness I, 
subjected to GM1 with measurement condition as IM-I, were denoted as damping ratio 

   1 2 0.02, .02, 0    and stiffness   3

1 2 3 4 5 6 3.5 4.2 4.3 4.4, , , , , =[ , , , ,3.8 8., ] N/m01 1k k k k k k  . 



Apparently, the estimation of stiffness of substructure VI, which is two-fold of the 
stiffness of other substructures, will induce model error in this substructure. The 
performance of the identified pareto-front of each substructure is illustrated in Fig. 6. As 
can be seen in Fig. 6, the individual performance of pareto-front in substructure I to V is 
similar to the overall performance of pareto-front, illustrated in Fig. 5(a), however, the 
individual performance of pareto-front in substructure VI show the unreliable estimation 

of stiffness 6k . Furthermore, the tendency of interstory drift performance of pareto-front 

in each substructure is similar to the results in Fig. 5(a), and the threshold, illustrated in 
Fig. 2, is needed for model selection, due to the minimum drift discrepancy of each 
substructure is not occurred in same identified model, delineated in Fig. 6(a), (c), (d), 
and (f). 

 
 

 
 

Fig. 5 The performance of pareto-front under eight scenarios of different ground motions 
excitation 



 
 

Fig. 6 The performance of identified pareto-front in each substructure 
 
To further investigate the performance of pareto-front, four incomplete 

measurement scenarios, such as IM-I, IM-II, IM-III, and IM-IV, and one noise scenario, 
such as IM-I with SNR as 20dB, were considered herein. In all five scenarios, the 12-
story structure was assumed to be identified as 12-DOF shear-type structure, which is 
different from the schematic aforementioned in Fig. 1(a). Only measurable acceleration 
responses in each scenario were used to identify the Pareto-front based on the 
proposed identification procedure. In Fig. 7, all the 12-story responses were used to 
evaluate the performance of the identified pareto-front. As can be seen, the overall 
performance of the pareto-front under different measurement condition were almost the 
same, if only the variance of stiffness stays in a lower level. Furthermore, the 
identification results based on single-objective strategy and the candidate results based 
on the proposed strategy were demonstrated in Fig. 8(a) and Fig. 8(b), respectively. 
Comparing to the results illustrated in Fig. 8(a), the more stable identification results 
were observed in Fig. 8(b). 

 
 



 
 

Fig. 7 The overall discrepancy of pareto-front under different measurement conditions 
 
 

4. CONCLUSION 
 
A two-stage DE-based multi-objective data-driven structural parameter 

identification method is proposed for the system identification and simplification. The 
12-story finite element frame model is illustrated. The comparison of identification 
results based on eight single-objective fitness function and the proposed identification 
strategy indicate that the performance of proposed multi-objective strategy is favorable. 
Four incomplete measurement conditions and one noise condition were discussed 
which also shows a preferable results utilizing proposed strategy.  

 
Fig. 8 Identified results based on different identification strategy under five scenarios 
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