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1. Introduction 

 

Civil structures may inevitably accumulate damage 

during their service period, due to environmental loads, 

material degradation, fatigue and corrosion, etc. If the 

gradually developed structural damage is not accurately 

detected in time, this potential threat may affect 

performance of structures, or even lead to the collapse of 

overall structure, resulting in catastrophically unaffordable 

tragedy. Therefore, to detect damage at early stage to avoid 

unexpected failures, considerable number of structural 

health monitoring and damage detection techniques have 

been proposed to detect, locate, and quantify the damage 

over the past two decades. In general, structural parameter 

identification and damage detection methods can be 

classified into two categories: frequency domain methods 

and time domain methods (Lu and Gao 2005). The former 

frequency domain methods utilized the modal information, 

such as natural frequencies (Maity and Tripathy 2005, 

Liang et al. 2019), model shapes (He and Zhou 2019), 

model strain energy (Dewangan et al. 2020), mode shapes 

curvatures (Cao et al. 2014), model flexibility (Liu et al. 

2018, Wickramasinghe et al. 2020) etc. to identify structural 

physical parameters, such as stiffness, mass and damping 

ratio etc. Although fruitful research results have been 
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achieved on their practical application, these frequency 

domain methods remain the drawbacks that the low modes 

of modal information are less sensitive to local minor 

damage and high mode modal responses are difficult to be 

acquired. 

For the latter time domain methods, it is straightforward 

to identify structural parameters utilizing measured 

structural dynamic responses with some sensors, and it can 

be easily treated as an optimization problem with objective 

function of minimizing the difference between estimated 

and measured structural responses. Many traditional 

optimization methods for structural parameter identification 

were proposed, e.g., a sensitivity-based damage detection 

methods (Mirzaee et al. 2015), an enhanced response 

sensitivity approach (Lu and Wang 2017), a modified 

extended Kalman filter method (Lee and Yun 2008), an 

adaptive extended Kalman filter (AEKF) approach (Zhou et 

al. 2008), a unscented Kalman filter (UKF) method (Chatzi 

and Fuggini 2015), an iterative method combining 

biconjugate gradient method and reduction of search space 

(Sotoudehnia et al. 2019), an adaptive quadratic sum-

squares error method (Yang et al. 2009). For most 

traditional methods, a good initial value and gradient 

information are usually required, otherwise the accuracy of 

identification results are difficult to be guaranteed. 

Compared with these traditional methods, some non-

classical methods such as neural networks (Padil et al. 

2020, Ding et al. 2020) and swarm intelligent heuristic 

algorithms which have the advantages of strong global 

search capacity, loose initial guess and ease of 
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implementation, becoming one of current research hotspots. 

Plenty of modern heuristic intelligent algorithms have been 

proposed and widely applied for structural parameter 

identification, such as the genetic algorithm (Kim et al. 

2007), the particle swarm optimization algorithm (Zhang et 

al. 2016), the differential evolutionary (DE) algorithm (Vo-

Duy et al. 2016), artificial bee colony (Ding et al. 2016), 

the firefly algorithm (Pan et al. 2016), wolf optimization 

algorithm (Yi et al. 2016), dolphin echolocation algorithm 

(Kaveh et al. 2016), etc. In recent years, a new nature-

inspired swarm intelligent algorithm by mimicking the 

foraging and mating behavior of butterflies (Arora and 

Singh 2015), named butterfly optimization algorithm 

(BOA), has been proposed to solve complex optimization 

problems. It is found that the mechanism to propagate 

fragrance information is the main characteristic of BOA and 

plays an important role in its performance. Some relevant 

researches have been reported in recent years. Arora and 

Singh (2017b) applied BOA to locate the position of the 

sensor nodes in wireless sensor networks, presenting the 

better accuracy and efficiency than firefly algorithm and 

particle swarm optimization. To further examine the 

performance of BOA compared with more other heuristic 

search methods, a set of 30 benchmark test functions and 

some realistic engineering problems, such as spring design, 

welded beam design and gear train design were taken as 

targets, and BOA yielded best optimization solution 

compared with genetic algorithm, DE, artificial bee colony, 

firefly algorithm, particle swarm optimization, and cuckoo 

search (Arora and Singh 2018). Although BOA 

demonstrated strong global and local search ability in the 

benchmark test problems, it still faces the problems of slow 

convergence and the unneglected threat of falling into local 

optimum. To further improve the performance of BOA, Li 

et al. (2019) proposed the cross-entropy method embedded 

into the BOA to achieve a tradeoff between global 

exploration and local exploitation. Singh and Anand (2019) 

developed an adaptive butterfly optimization algorithm by 

making operator vary with iteration, achieving better 

performance than original BOA. Besides further exploring 

the merits of BOA to improve its performance, hybrid 

algorithm provides an alternative with concept of 

effectively combing the advantages of different algorithms 

due to considerable number of successful applications, such 

as a hybrid genetic algorithm and particle swarm method 

(Vosoughi 2015), immune monkey algorithm (Yi et al. 

2015), A hybrid ant lion optimizer (Chen and Yu 2019), 

particle swarm method hybrid with cuckoo search (Huang 

et al. 2019), a modified bat algorithm in conjunction with 

the DE (Yildizdan and Baykan 2020) etc. Some researchers 

also have tried to incorporate other optimization methods to 

further improve the performance of BOA, such as a hybrid 

BOA and artificial bee colony algorithm (Arora and Singh 

2017a), a hybrid BOA and learning automata algorithm 

(Arora and Anand 2018). 

In one aspect, some research results showed that 

effective incorporation with other optimization methods is 

able to significantly improve the performance of BOA. In 

other aspect, DE is a simple but powerful global 

optimization algorithm, and it has received much attention 

and application due to its excellent global optimization 

ability. For example, Tang et al. (2008) utilized DE to 

identify structural parameters including mass, stiffness, and 

damping. Seyedpoor et al. (2018b) proposed a multi-stage 

improved differential evolution algorithm (MSIDEA) to 

detect multiple damage of structural system. The excellent 

global search ability of DE owns to its embedded crossover 

and mutation operators, which allows DE explore more 

potential candidates. Therefore, in this paper, a hybrid 

butterfly optimization and differential evolution algorithm 

(HBODEA), introducing the mutation and crossover of DE 

into BOA, is proposed to improve the global search 

capability of BOA. In the proposed hybrid algorithm, the 

strong local exploitation capability of BOA and global 

exploration capability of DE are effectively incorporated to 

improve the convergence rate as well as reduce the risk to 

be trapped in local optimum. For comparison study, three 

different optimization methods, namely BOA, DE and 

HBODEA, are applied to identify the single or multiple 

damage of structures subjected to unknown white noise 

excitations numerically (a simply supported beam and truss) 

and experimentally (8-floor steel frame). The numerical and 

experimental results show that the proposed HBODEA is 

more competitive and robust to accurately detect structural 

damage. Subsequently, the effect of search space, two 

dynamic operators, population size on identification 

accuracy and efficiency are further investigated. 

 

 

2. Problem formulation 
 

2.1 Structural damage model 
 

The equation of motion for a damped linear structural 

system can be stated as Eq. (1) 

 

𝑀𝑢̈(𝑡) + 𝐶𝑢̇(𝑡) + 𝐾𝑢(𝑡) = 𝐹(𝑡) (1) 

 

where M, C, and K denote mass, damping and stiffness 

matrices of the structural system, respectively; 𝑢̈(𝑡), 𝑢̇(𝑡) 

and 𝑢(𝑡) represent acceleration, velocity and displacement 

vectors, respectively; F(t) is the time-dependent excitation 

force applied to the structure. The damping can be modeled 

as Rayleigh damping and 5% critical damping is assumed 

for the first two modes in the numerical examples of the 

present study. 

In general, structural local damage is assumed only in 

the form of reduction of structural elemental stiffness, and 

damage is not accompanied by a change in mass (Kang et 

al. 2012, Huo et al. 2016, Ding et al. 2019). The damaged 

global stiffness matrix 𝐾𝑑 can be expressed as Eq. (2) 

 

𝐾𝑑 = ∑(1 − 𝑎𝑖)

𝑛

𝑖=1

𝐾𝑖
𝑒 (2) 

 

where n stands for total number of structural elements; 𝐾𝑖
𝑒 

represents i-th undamaged element stiffness matrix, αi is the 

corresponding damage index, e.g., αi = 0 implies that there 

is no damage in structure, and αi = 1 stands for the structure 
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gets completely damaged. Therefore, the problem of 

structural damage identification can be concluded to 

identify damage index α. 

 

2.2 Objective function 
 

The basic idea of vibration-based structural damage 

identification is that damage in the structure would change 

its physical properties such as mass and stiffness etc., 

leading to variation of its dynamic responses. Therefore, it 

is feasible to inversely identify structural damages with its 

dynamic responses (displacement, velocity, acceleration) 

measured by some sensors. In this paper, since acceleration 

are easy and economical to be accurately acquired in 

practice, they are applied in the objective function for 

evaluation of possible candidates. The objective function is 

defined by minimize the difference between the measured 

response Rmea and the calculated response Rcal as below 

(Wang et al. 2020) 
 

𝑓𝑖𝑡𝑛𝑒𝑠𝑠 =
1

𝑐 + ∑ ∑
|𝑅𝑐𝑎𝑙(𝑖,𝑗)−𝑅𝑚𝑒𝑎(𝑖,𝑗)|2

𝐸(𝑅𝑚𝑒𝑎
2 (𝑖))

𝐿
𝑗=1

𝑀
𝑖=1

 (3) 

 

where L and M are the number of data points and 

measurements; 𝐸(𝑅𝑚𝑒𝑎
2 (𝑖)) = ∑ 𝑅𝑚𝑒𝑎

2 (𝑖)/𝐿𝐿
𝑛=1  represents 

the mean squared value of i-th measurements. Constant c is 

chosen to have the same order of normalized summed 

square error (the second term in the denominator of the 

fitness function). 

It is noted that structural parameter identification is a 

typical type of inverse problems with considerable number 

of unknowns and limited measurements, which may 

introduce huge difficulties to some traditional optimization 

methods, leading to unsatisfactory identification results, or 

even local optima. In contrast, considerable number of 

modern swarm intelligence heuristic search methods have 

demonstrated their powerful global search capacity, and 

they would facilitate structural parameter identification, a 

complex optimization problem, for accurate and efficient 

identification results. 
 

 

3. The algorithm for structural damage 
identification 
 

3.1 Butterfly optimization algorithm 
 

BOA is a recently developed swarm intelligent heuristic 

algorithm by mimicking foraging behaviors of butterflies. It 

is found that butterflies can utilize smell to sense 

chemoreceptors which are distributed over their body to 

determine the potential location of food or mating partner 

(Blair and Launer 1997, Raguso 2008). In BOA, the 

location of butterflies can be known as feasible solutions, 

meanwhile butterflies will emit fragrance associated with 

their fitness. More specifically, the fitness will vary if 

butterflies move from one position to another in search 

domain, and fragrance spreads with movement of butterflies 

simultaneously, thus each butterfly can sense fragrance 

produced by other butterflies and move toward to the best 

butterfly location. 

Similar with other population-based algorithm, initial 

population of butterflies 𝑥𝑖𝑗  is produced as 

 

𝑥𝑖𝑗 = 𝑥𝑖𝑗
𝑙 + 𝑟𝑖𝑗 × (𝑥𝑖𝑗

𝑢 − 𝑥𝑖𝑗
𝑙 ) (4) 

 

where 𝑥𝑖𝑗
𝑢  and 𝑥𝑖𝑗

𝑙  denote the upper and lower boundary 

of the search domain; 𝑟𝑖𝑗  is a random number uniformly 

distributed over the interval [0, 1]. 

Modulation fragrance to guide the search is the main 

characteristic of BOA, which is dependent on three vital 

parameters, namely sensory modality (C), stimulus intensity 

(I) and power exponent (A). The fragrance ( f ) perceived by 

butterflies is calculated as a function of the stimulus 

intensity (Arora and Singh 2018) as follows 
 

𝑓𝑖 = 𝐶𝐼𝐴 (5) 
 

where 𝑓𝑖  stands for the magnitude of fragrance smelt by 

the i-th butterfly; C denotes the sensory modality taken 

from [0, ∞], determining the speed of convergence; I is the 

magnitude of stimulus intensity, correlated with the encoded 

objective function; A is the power exponent influencing 

reduction of fragrance within the range of [0, 1]. A = 1 

means no loss of fragrance, in other words, the amount of 

fragrance produced by a butterfly equals to that perceived 

by other butterflies. On the contrary, A = 0 implies all 

fragrance lost, so it is impossible for any butterflies to sense 

the fragrance. A butterfly will move toward to the best 

butterfly location, if it can sense fragrance emitted by the 

best butterfly, thus the new potential solution is generated 

by 

𝑥𝑖
𝐺+1 = 𝑥𝑖

𝐺 + 𝑟2 × (𝑔𝑖
∗ − 𝑥𝑖

𝐺) × 𝑓𝑖  (6) 

 

where 𝑥𝑖
𝐺+1 and 𝑥𝑖

𝐺 are the solutions of the i-th butterfly 

in iteration of G+1 and G, respectively; 𝑔𝑖
∗ stands for the 

best-so-far solution among all iterations; r is a random 

number uniformly distributed over the interval [0, 1]; 𝑓𝑖  

represents magnitude of fragrance smelt by the i-th 

butterfly. 

A butterfly will take a random walk, if it cannot sense 

fragrance emitted by any other butterflies. The new 

candidate will be generated by randomly choosing two 

different butterflies from the solution space, which would 

significantly improve the exploration ability of BOA 

 

𝑥𝑖
𝐺+1 = 𝑥𝑖

𝐺 + 𝑟2 × (𝑥𝑗
𝐺 − 𝑥𝑘

𝐺) × 𝑓𝑖  (7) 

 

where 𝑥𝑗
𝐺  and 𝑥𝑘

𝐺  are the solutions of j-th and k-th 

butterflies in iteration of G, respectively. 

It is clear that Eqs. (6)-(7) guide the possible candidates 

approach to the location of the best butterfly and explore the 

new potential solutions, corresponding to the local and 

global search in BOA, respectively. To balance the local and 

global search, a switch probability parameter P taken from 

[0, 1] is introduced in BOA, which is implemented by the 

comparison between a random number in [0, 1] and the 

parameter P. If the random number is smaller than P, local 

search phase will be chosen, otherwise global search phase 
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Fig. 1 The flowchart of the BOA 
 

 

is the alternative. Therefore, the parameter P is crucial to 

control the performance of exploring the search space and 

exploiting the solutions. 

The main process of BOA to identify structural damage 

is shown in Fig. 1, which mainly includes three phases: 

Phase 1: initialize population and predefine various 

parameters; 

Phase 2: employ BOA to minimize objective function 

until the predefined maximum iteration number reached or 

the convergence criteria in Eq. (8) satisfied 
 

𝑒𝑟𝑟𝑜𝑟𝑖 =
‖𝛼𝑖 − 𝛼𝑖−1‖

‖𝛼𝑖−1‖
× 100% < 𝑇𝑜𝑙 (8) 

 

where errori stands for the error after i-th iteration; αi and αi-

1 represent the identified structural damage index parameter 

vector at the i-th, and (i-1)-th iteration, and Tol means the 

convergence tolerance. 

Phase 3: output global optimal solution, including 

damage location and extent of structure. 

 

3.2 Standard differential evolution algorithm 
 

The differential evolution (DE) is a typical population-

based intelligent algorithm by simulating the biological 

evolution mechanism of nature, mainly including four steps: 

initialization, mutation, crossover, selection (Mallipeddi et 

al. 2011). 

 

3.2.1 Initialization 
In DE, each candidate in the population of NP is 

randomly generated in the search space as 
 

𝜃𝑖𝑗 = 𝜃𝑖𝑗
𝑙 + 𝑟𝑎𝑛𝑑(0,1) × (𝜃𝑖𝑗

𝑢 − 𝜃𝑖𝑗
𝑙 ), 

𝑖 = 1,2 … , 𝑁𝑃,      𝑗 = 1,2 
(9) 

 

where 𝜃𝑖𝑗  stands for the j-th vectors of candidate 𝜃𝑖 ; 𝜃𝑖𝑗
𝑢  

and 𝜃𝑖𝑗
𝑙  denote the upper and lower boundary of the search 

domain; 𝑟𝑎𝑛𝑑(0,1)  is a random number uniformly 

distributed over the interval [0, 1]; NP and N are the size of 

population and the number of variable vector, respectively. 
 

3.2.2 Mutation 
It is a remarkable feature of DE to realize individual 

variation through differential strategy, rendering it effective 

to generate candidate solution. In the mutation step, two 

different individual vectors are randomly selected from 

population and subtracted each other to generate a 

difference vector, then multiplying a weighting coefficient 

to the difference vector and adding to a third individual 

vector. The mutation operation is 
 

𝑆𝑖
𝐺+1 = 𝜃𝑟1

𝐺 + 𝐹 × (𝜃𝑟2
𝐺 − 𝜃𝑟3

𝐺 ) (10) 
 

where 𝑆𝑖
𝐺+1 stands for the mutation vector, namely, the 

new candidate solution; 𝜃𝑟1
𝐺 , 𝜃𝑟2

𝐺  and 𝜃𝑟3
𝐺  denote three 

different candidate solution at G-th generation, randomly 

chosen from the population of NP; F is the mutation 

operator determining the amplification of the difference 

vector within the range of [0, 2]. 
 

3.2.3 Crossover 
To increase the diversity of the population, binomial 

crossover process is applied after mutation operation. The 

mutated vector 𝑆𝑖
𝐺+1 intersects with an original individual 

vector 𝜃𝑖
𝐺  to generate a trial vector 𝑇𝑖

𝐺+1  according to 

following rules 
 

 

(

11) 

 

𝑇𝑖𝑗
𝐺+1 = {

𝑆𝑖
𝐺+1  if  (𝑟𝑎𝑛𝑑(𝑗) ≤ 𝐶𝑅) or  (𝑗 = 𝑟𝑎𝑛𝑑𝑛(𝑖))

𝜃𝑖𝑗
𝐺      otherwise                                                      

 (11) 

 

where 𝑖 = 1,2 … , 𝑁𝑃  , 𝑗 = 1,2, … 𝑁 ; 𝑟𝑎𝑛𝑑(𝑗)  is a 

random number taken from [0, 1]; 𝑟𝑎𝑛𝑑𝑛(𝑖) is an integer 

randomly chosen from 1 to NP; CR denotes crossover 

operator within [0, 1]. 
 

3.2.4 Selection 
To keep the better candidate solution, greedy selection is 

performed after evaluation of each candidate. The fitness 

value of the trial vector 𝑇𝑖
𝐺+1 is compared with that of 

original individual vector 𝜃𝑖
𝐺 and the better one is retained 

(Tang et al. 2008) 
 

𝜃𝑖
𝐺+1 = {

𝑇𝑖
𝐺+1  𝑓(𝑇𝑖

𝐺+1) ≤ 𝑓(𝜃𝑖
𝐺)

𝜃𝑖
𝐺      otherwise               

 (12) 

 

The latter three steps will continue until the termination 

criterion is met. 

Initialize population and parameters

Calculate objective function values

Termination criterion
 reached?

Calculate fragrance using Eq.(5)

rand(0,1)  < P?

Global search by Eq.(7) Local search by Eq.(6)

Update BOA parameters

Termination criterion 
satisfied?

Yes

No

Find the best butterfly  

Yes No

Yes

No

Output best solution

Start

( )( ) ( )( )1

1

G

ijG

ij G

ij

rand j CR or j randnS i

otherwise

if
T



+

+


=
=



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3.3 Hybrid butterfly optimization and differential 
evolution algorithm 

 

In BOA, concentrating on local search is more likely to 

fall into local optimum, on the contrary, focusing on more 

global search may lead to slow convergence. Therefore, it is 

necessary to keep a balance between global exploration and 

local exploitation in view of accuracy and efficiency of 

identification results. In this paper, the hybrid algorithm 

HBODEA, introducing the adaptive mutation and crossover 

operation of DE into BOA, is proposed to further improve 

the global search capability of the BOA as well as retain its 

excellent local search ability. 

It is noted that the parameters such as mutation operator 

and crossover operator have significant effect on 

performance of algorithm, which are constant in the original 

DE (Tang et al. 2008, Seyedpoor et al. 2018a). To find 

suitable coefficients for mutation and crossover operator, a 

strategy of trial-and-error search is usually applied before 

addressing the optimization problem (Mallipeddi et al. 

2011). In one aspect, it is obvious that the trial-and-error 

procedure would inevitably consume plenty of computa- 

tional resources for a good estimation of these two 

coefficients. In the other aspect, these two estimated 

constant operator coefficients are quite suitable in the early 

stage of search, but may have difficulties to achieve a good 

performance after initial search. Therefore, to improve 

performance of the proposed HBODEA, a new mutation 

 

 

operation is applied in Eq. (13), owing to its excellent 

global search capability 
 

𝑆𝑖
𝐺+1 = 𝜃𝑖

𝐺 + 𝐹 × (𝜃𝑟1
𝐺 − 𝜃𝑟2

𝐺 + 𝜃𝑟3
𝐺 − 𝜃𝑟4

𝐺 ) × 𝑓𝑖  (13) 

 

where 𝑆𝑖
𝐺+1 represents the new mutation vector; r1, r2, r3, 

r4 are random integers taken from [1, NP] with the 

constraints r1 ≠ r2 ≠ r3 ≠ r4 ≠ i; F is an adaptive mutation 

operator varied with the iteration number as 
 

𝐹 = 𝐹0 × 2
𝛾

,          𝛾 = 𝑒
1−

𝐺𝑚
𝐺𝑚+1−𝐺

 (14) 

 

where F0 is the initial value of the mutation operator, whose 

value is 0.35 in this study; Gm stands for the maximum 

number of iterations, and G denotes the current iteration 

number. 

An adaptive crossover operator, varying with the fitness 

value, is introduced in the proposed HBODEA 

 

𝐶𝑅𝑖 = 𝐶𝑅𝑚𝑖𝑛 + (𝐶𝑅𝑚𝑎𝑥 − 𝐶𝑅𝑚𝑖𝑛) ×
𝑓𝑖 − 𝑓𝑚𝑖𝑛

𝑓𝑚𝑎𝑥 − 𝑓𝑚𝑖𝑛
 (15) 

 

where 𝑓𝑚𝑎𝑥  and 𝑓𝑚𝑖𝑛  are the best and worst individual 

fitness values in the current population, respectively; 

𝐶𝑅𝑚𝑎𝑥  and 𝐶𝑅𝑚𝑖𝑛  are the upper and lower boundary, 

whose values adopted are 0.7 and 0.3, respectively. 

In addition, in original BOA, sensor modality C is taken 

 

 

Step 1. The initialization phase 

Set the size of population NP, the dimension of problem N, termination criterion, initial value 

of the mutation operator F0, crossover operator CRmax and CRmin 

Define sensor modality C, power exponent A and switch probability P 

Generate initial population of butterflies in search domain using Eq. (4) 

Define objective function f(x), calculate stimulus intensity I 

Step 2. The iteration phase 

While termination criterion is not reached do 

For butterfly i = 1 to NP do 

Calculate fragrance using Eq. (5) 

End for 

Sort fitness values and find the best butterfly  

For butterfly i = 1 to NP do 

Produce a random number uniformly distributed over the interval [0, 1] 

If  rand(0,1) < P 

Update the butterfly population using Eq. (6) 

Else 

Update solution by mutation using Eq. (13) 

End if 

End for 

Update solution by crossover using Eq. (11) 

Update parameters F, CR, C using Eqs. (14), (15), (16) respectively 

Greedy selection strategy is used in every iteration to find better solutions 

End while 

Step 3. Output results 

Output the best solution and optimal value 

 

Fig. 2 The flowchart of HBODEA 

*

ig
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as a constant, whereas in the proposed HBODEA the value 

of the C is varied with the iterations by 
 

𝐶𝐺+1 = 𝐶𝐺 × (1 + 0.01 ×
𝐺𝑚

𝐺
) (16) 

 

where Gm stands for the maximum number of iterations and 

G denotes the current iteration number. It is obvious that the 

values of the C will increase with the iterations of the 

algorithm, resulting in generation of diverse candidates to 

reduce the chance of entrapment in local optima. Fig. 2 

presents the whole implementation procedure of the 

proposed HBODEA. 
 

 

4. Numerical simulation 
 

Two numerical examples of a simply supported beam 

and a 37-bar truss structure are employed to verify the 

effectiveness and robustness of the proposed HBODEA. 

Meanwhile, BOA and DE are introduced for comparison 

study. The parameters from paper of Arora and Singh 

(2018) for BOA and DE are employed in this paper, listed 

in Table 1. This numerical simulation assumes that the mass 

parameter is known and stiffness parameter needs to be 

identified for each element of these two structures. 
 

4.1 A simply supported beam 
 

As shown in Fig. 3, a simply supported beam of 960 

mm length, 50 mm width and 3 mm height is modeled with 

16 identical beam elements (i.e., n = 16), resulting in 

element length of 60 mm. Among 17 nodes totally, each 

node has two degrees of freedom, namely, a vertical 

 

 

Table 1 Parameters of three algorithms used for structural 

damage detection 

Parameters BOA DE HBODEA 

Population size NP 60 60 60 

Maximum iteration Gm 200 200 200 

Termination criterion TOL (tolerance) 10-3 10-3 10-3 

Mutation operator F  0.5 Eq. (14) 

Crossover operator CR  0.5 Eq. (15) 

Sensor modality C 0.01  Eq. (16) 

Power exponent A 0.1  0.1 

Switch probability P 0.8  0.8 
 

 

 

translation and a rotation. Due to the large ratio of beam 

length to its height, Euler-Bernoulli beam theory is applied 

with ignored shear strain. The Young’s modulus and mass 

density of the simply supported beam are 2.1×1011 N/m2 and 

7860 kg/m3, respectively. There is an ambient excitation 

which has zero mean and unit standard deviation acting at 

node 5, as shown in Fig. 3 in vertical direction. The 

acceleration responses are calculated with Newmark’s 

constant acceleration method, which will be used for 

structural damage identification. As highlighted in Fig. 3, 

six accelerometers are installed to obtain dynamic responses 

in vertical direction with sampling rate of 2000 samples/s 

and total record time of 2 s. 

Some extent of damages is introduced in the 2nd, 4th 

and 10th elements, modeled by 30%, 20% and 20% 

reduction of the stiffness, indicating damage index α2 = 0.3, 

α4 = 0.2, α10 = 0.2, respectively. In practice, measurements 

are inevitably contaminated by noise, leading to adverse 

effect on accuracy of identification results. To investigate 

the robustness of the proposed method to measurement 

noise, white Gaussian noise is added to the clean 

measurements 𝑅𝑐𝑙𝑒𝑎𝑛 (Trinh and Koh 2012) 
 

𝑅𝑚𝑒𝑎 = 𝑅𝑐𝑙𝑒𝑎𝑛 + 𝑁𝑙 𝑁𝑛𝑜𝑖𝑠𝑒𝑅𝑀𝑆(𝑅𝑐𝑙𝑒𝑎𝑛) (17) 
 

where 𝑁𝑙  is the noise level, 𝑁𝑛𝑜𝑖𝑠𝑒  is noise vector of 

Gaussian distribution randomly generated with zero mean 

and unit standard deviation, and 𝑅𝑀𝑆(𝑅𝑐𝑙𝑒𝑎𝑛) denotes the 

root-mean-square of the clean measurement. In the 

numerical examples presented in this paper, three levels of 

noise including 0%, 5% and 10% noise are introduced into 

the acceleration measurements. The presented identification 

results in Fig. 4 and Table 2 is the summarized average 

values based on five times of implementing identification 

procedure by BOA, DE and HBODEA. 

By the results presented in Fig. 4(a) and Table 2, BOA 

and HBODEA provide satisfactory identification results 

with uncontaminated measurements, while some 

unneglected identification error is observed at element 9 

and 16 with DE. By the results of 5% noise case presented 

in Fig. 4(b), it can be observed that damage locations are 

successfully detected, but damage extent isn’t accurately 

identified by BOA and DE, with maximum relative error 

23.65% and 35.1%, respectively. On the contrary, 

HBODEA provides more competitive results with 

maximum relative error of 6.2%. For 10% noise case, DE 

has some difficulties to accurately identify damage extent of 

the 10th element with relative error up to 54.3%. Although 

BOA acquires more accurate damage index for α4, obvious 
 

 

 

 

Fig. 3 Numerical model of the simply supported beam 
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Fig. 5 Convergence process of fitness (noise free) 

 

 

false identification occurs at the 9th and 12th elements. The 

identification results from proposed HBODEA are 

acceptable with maximum relative error of 11.27% as well 

as without apparent false identification, which indicate that 

the proposed HBODEA is more robust to accurately 

identify structural multiple damages with limited sensors 

and polluted measurements. 

 

 

 

 

 

Fig. 6 Convergence process of α4 (noise free) 

 

 

It is showed that more accurate identification results are 

achieved with the proposed HBODEA compared with those 

from BOA and DE. In addition, the convergence study 

results of BOA, DE and HBODEA are shown in Fig. 5, and 

it is observed that HBODEA provides the identification 

results owing to the satisfied convergence criterion before 

the maximum iteration number reached, and BOA and DE 
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Fig. 4 Identified results with (a) 0% noise; (b) 5% noise; (c) 10% noise 

Table 2 Identified damage index for simply supported beam structure (%) 

Noise 

level 

Damage 

extent 

BOA DE HBODEA 

Mean Relative error Mean Relative error Mean Relative error 

0 

α2 = 20 28.89 3.70 28.48 5.07 29.99 0.03 

α4 = 20 20.11 0.55 17.89 10.55 20.00 0.00 

α10 = 20 18.93 5.35 18.67 6.65 19.98 0.10 

5 

α2 = 30 35.29 17.63 27.41 8.63 28.14 6.20 

α4 = 20 19.94 0.30 15.62 21.90 19.98 0.10 

α10 = 20 15.27 23.65 12.98 35.10 19.56 2.20 

10 

α2 = 30 23.54 21.53 18.27 39.10 26.62 11.27 

α4 = 20 18.49 7.55 14.29 28.55 17.87 10.65 

α10 = 20 14.79 26.05 9.14 54.3 21.63 8.15 
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Fig. 8 Identified results with (a) 0% noise; (b) 5% noise; 

(c) 10% noise 

 

 

still has significant discrepancy between the estimated and 

measured structural acceleration responses with maximum 

iteration reached, indicating excellent performance of 

HBODEA in terms of accuracy and efficiency. 

In addition, the convergence processes of element 

damage index α4 is taken for example to compare the 

performance of the three algorithms, shown in Fig. 6. It is 

found that only around 50 iterations are needed for 

HBODEA to converge to the exact value, while around 100 

iterations are required for BOA still accompanied with 

fluctuations afterwards, and DE needs more than 200 

 

 

 

 

iterations to achieve convergence. 
 

4.2 A 37-bar truss structure 
 

As shown in Fig. 7, to examine the performance of 

HBODEA, the second numerical study is carried on a plane 

37-bar truss structure, consisting of 37 elements connected 

by 20 nodes. The boundary condition of truss is modeled as 

a pin support at node 1 and a roller support at node 20. The 

cross-sectional area of each element is 0.0016 m2 and the 

Young’s modulus and mass density are 2.1×1011 N/m2 and 

7.8×103 kg/m3, respectively. An ambient excitation with 

magnitude of 200 N, zero mean and unit standard deviation 

is applied at node 6 in vertical direction, and eight 

accelerometers shown in Fig. 7 are employed to obtain 

dynamic responses in vertical direction for 2 s with 

sampling rate of 2000 samples/s. It is assumed that there are 

30%, 20%, 20% reduction of the stiffness at the 3th, 9th, 

16th elements, implying damage index α3=0.3, α9=0.2, 

α16=0.2, respectively. The effect of measurement noise on 

the performance of the proposed method is investigated by 

introduction of 0%, 5% and 10% white Gaussian noise. 

After five times of computation with BOA, DE and 

HBODEA, the summarized average identification results 

are displayed in Fig. 8 and Table 3. 

It is noted that the proposed three algorithms are able to 

accurately detect the damage locations with uncontaminated 

measurements, and the identified damage index in Table 3 

shows that the hybrid algorithm supplies more accurate 

identification results, with maximum relative error only 

2.8%. By the results of 5% noise case, HBODEA provides 
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Fig. 7 Numerical model of the plane 37-bar truss structure 

Table 3 Identified damage index for the 37-bar truss structure (%) 

Noise 

level 

Damage 

extent 

BOA DE HBODEA 

Mean Relative error Mean Relative error Mean Relative error 

0 

α3 = 30 28.71 4.30 25.68 14.40 29.47 1.77 

α9 = 20 17.89 10.55 18.88 5.60 19.98 0.10 

α16 = 20 19.88 0.60 15.54 22.30 19.44 2.80 

5 

α3 = 30 21.65 27.83 18.34 38.87 27.28 9.07 

α9 = 20 16.57 17.15 17.24 13.80 20.67 3.35 

α16 = 20 17.65 11.75 15.05 24.75 21.69 8.45 

10 

α3 = 30 19.61 34.63 15.33 48.90 24.75 17.5 

α9 = 20 13.23 33.85 16.39 18.05 17.19 14.05 

α16 = 20 26.26 31.30 14.82 25.90 22.48 12.40 
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Fig. 9 Evolutionary process of fitness (noise free) 

 

 

more accurate identification results with the maximum 

relative error 9.07%, compared with 27.83% and 38.87% 

from BOA and DE. When noise level increases to 10%, the 

maximum relative errors of BOA, DE and HBODEA 

increase to 34.63%, 48.9%, and 17.5%, but the proposed 

hybrid algorithm still presents a better performance. By the 

identification results in Fig. 8 and Table 3, it is concluded 

that increase of noise level leads to a significant increase in 

the identification error, implying its significant impact on 

the accuracy of identification results, however, the proposed 

HBODEA exhibit better performance compared with BOA 

and DE. 

Furthermore, the convergence study of BOA, DE, and 

HBODEA is also conducted, shown in Fig. 9 and the 

iteration process of the identified damage index α9 is 

presented in Fig. 10. It is observed that HBODEA takes less 

than 150 iterations to meet the convergence criteria but DE 

and BOA obtain the solution due to the maximum iteration 

number reached, implying fast convergence rate of 

HBODEA. 

 

 

 

 

 

 

 

Fig. 10 Convergence process of α9 (noise free) 

 

 

5. Experimental verification 
 

Laboratory studies on an 8-story shear-type steel frame 

is conducted to validate the proposed structural damage 

identification method with experimental testing data. 

 

5.1 Experimental setup and initial model updating 
 

The tested steel frame with height of 2 m and width of 

0.6 m is shown in Fig. 11. The frame consists of eight 

identical steel floors and two steel columns with same size, 

as shown in Fig. 11(b). The geometries for steel floors are 

600×100×25 mm and steel columns have the dimension of 

2000×50×5 mm. The steel floors and columns of frame are 

welded together, and the frame is a typical shear-type 

structure due to strong floors and comparatively weak 

column with the cross-section ratio of 10. The bottom end 

of frame is welded to a large and thick steel plate. The mass 

density and elastic modulus of the steel frame are 7850 

kg/m3 and 2.0×1011 N/m2. 

To get dynamic characteristics of steel frame structure, 

its free vibration data in horizontal direction is recorded by 

the installed accelerometers at each floor at sampling rate of 
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Fig. 11 The laboratory tested steel frame 
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1024 samples/s after a hit by a hammer with rubber tip. The 

measured natural frequencies are extracted from the 

measured accelerations with aid of Fast Fourier Transfer 

technique, listed in Table 4. As shown in Fig. 11(c), the 

frame is simplified as a lumped-mass finite element model, 

which would inevitably introduce the modelling error 

during the process of structural parameter identification. To 

alleviate the adverse effect of modeling error on the 

accuracy of identification results, an initial model updating 

is implemented by updating elemental stiffness parameters 

of the analytical model with vibration testing data. 

Vibration test was performed by using the hammer to hit 

at every floor of the tested steel frame, and total eight 

acceleration responses are recorded for 60 s for computation 

of measured natural frequencies. The stiffness and natural 

frequencies are updated by the proposed HBODEA with 

objective function of minimizing the discrepancy between 

the measured and the calculated natural frequencies. The 

stiffness and natural frequencies of before and after model 

updating are shown in Fig. 12 and Table 4, and the lumped-

mass finite element model is validated by the small 

discrepancy between the measured and analytical natural 

frequencies before updating. To minimizing the influence of 

modeling error, the updated stiffness values are taken as the 

baseline for the next damage detection. 
 

 

 

Fig. 12 Stiffness of before and after model updating 

 

 

5.2 Damage identification for the tested structure 
 

In this experiment, damage is introduced by cutting the 

columns of tested steel frame. As shown in Fig. 13, 40% 

cross section is reduced in one column at the 2th floor of the 

frame, indicating 20% reduction of the equivalent stiffness, 

namely α2 = 0.2. In fact, cutting the cross section of 

columns would inevitably lead to reduction of mass and 

stiffness of the frame, which are suggested to be identified 

simultaneously from a practice point of view. Nevertheless, 

mass remains unchanged since only around 3% slight 

reduction of mass caused by this damage in the lumped-

mass model, and such small variation of mass is difficult to 

be accurately identified. With the same parameter settings 

of the numerical simulation in Table 1, BOA, DE and 

HBODEA are employed to detect damage of the frame, and 

the identification results are shown in Fig. 14. 

The results in Fig. 14 show that three methods in this 

paper give reliable identified damage location and extent 

with vibration data. The identified relative errors of the 2th 

floor by BOA, DE and HBODEA are 16.31%, 17.09% and 

3.4%, which illustrates excellent performance of the 

proposed HBODEA. In addition, the observed maximum 

false identification 5.23%, 5.45% and 2.17% by BOA, DE 

and HBODEA further demonstrates that the proposed 

HBODEA can accurately identify structural damage even 
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Table 4 Measured and calculated natural frequencies before and after updating 

Mode 
Measured Before updating After updating 

(HZ) Analytical (Hz) Relative error (%) Analytical (Hz) Relative error (%) 

1 4.645 4.718 1.577 4.645 0.002 

2 13.705 13.793 0.648 13.704 0.007 

3 22.554 22.959 1.798 22.558 0.018 

4 30.695 30.902 0.676 30.701 0.019 

5 38.241 38.293 0.138 38.247 0.016 

6 44.434 44.252 0.411 44.444 0.023 

7 48.826 48.332 1.012 48.791 0.072 

8 52.306 51.464 1.609 52.421 0.220 
 

  

Fig. 13 20% reduction of stiffness in the second floor 
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Fig. 14 Identified results of steel frame 
 

 

with modelling error by assumed constant mass and 

environmental noise. 
 

 

6. Discussion 
 

6.1 Search space 
 

To examine the robustness of search space range on the 

accuracy of identification results with BOA, DE and 

HBODEA, the numerical study on a simple 13-bar truss 

model shown in Fig. 15 is carried out. The 13-bar truss 

structure has same cross-sectional area and material 

properties with 37-bar truss structure. There is an ambient 

excitation with zero mean and unit standard deviation 

applied at node 4 in vertical direction, and its magnitude is 

200 N. In addition, three accelerometers highlighted in Fig. 

15 are installed to measure dynamic responses with same 

sampling rate of the 37-bar truss structure. 

For convenience, define 𝛿𝑖 = 1 − 𝛼𝑖  (0 ≤ 𝛿𝑖 ≤ 1) 
 

 

 

Fig. 15 Numerical model of the plane 13-bar truss structure 
 

 

as a fraction of the intact stiffness of the i-th element, and 

𝛿𝑖 = 0 denotes that the i-th structural element completely 

loses its stiffness while 𝛿𝑖 = 1  indicates that the 

structural element is intact. In this example, three different 

search spaces of each parameter, namely [0.75, 1.25], [0.5, 

1.5] and [0.5, 2.0] of their corresponding exact value are 

assumed in BOA, DE and HBODEA for comparison study 

in terms of accuracy and efficiency of identification results. 

The corresponding identification results are shown in 

Fig. 16 and identification error is presented in Table 5. 

By the results presented in Fig. 16 and Table 5, it is clear 

that identification error increases with search space since 

the initial value has a significant deviation from the exact 

value, leading to negative effect on the convergence to the 

exact value. When search space of 𝛿 is [0.75, 1.25] times 

of their corresponding exact values, excellent identification 

results are achieved with BOA, DE and HBODEA with 

maximum error of 1.42%, 1.67% and 0.36%, respectively. 

When the search range increases to [0.5, 1.5] of the exact 

values, the identification maximum error increases to 

6.84%, 2.51% and 1.84% for BOA, DE and HBODEA, 

respectively. It is shown that BOA provides unfavorable 

results compared with DE and HBODEA. When the search 

range continues to increase to [0.5, 2.0] of the exact values, 

there is a significant increase in the maximum identification 

error, namely 18.79%, 6.39% and 3.11% for BOA, DE and 

HBODEA, respectively. It is concluded that BOA is more 

sensitive to the search space range, implying heavy 

dependence on the initial guess of unknown parameters. 

Due to the relatively weak exploration capability, it would 

possibly provide unsatisfactory identification results or even 

fall into local optima with wide search space or imperfect 
 

 

 

Fig. 16 Identification results with search spaces 

(a) [0.75, 1.25]; (b) [0.5, 1.5]; (c) [0.5, 2.0] 
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Table 5 Identification error with different search space (%) 

Search spaces 
BOA DE HBODEA 

Max error Mean error Max error Mean error Max error Mean error 

[0.75, 1.25] 1.42 0.54 1.67 0.33 0.36 0.13 

[0.5, 1.5] 6.84 2.99 2.51 1.14 1.84 0.41 

[0.5, 2.0] 18.79 4.95 6.39 1.76 3.11 0.61 
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parameters setup of BOA, such as sensor modality C, power 

exponent A, switch probability P, etc. In general, owing to 

its powerful global search ability, DE has a pleasant 

performance with acceptable identification results due to 

the embedded mutation and crossover operations for broad 

search. Among these three methods, the hybrid method 

presents the best results, implying that introduction of the 

mutation and crossover operators of DE into BOA is 

beneficial to improve its global search ability without 

compromising its local search capacity. 

To further evaluate the performance of these three 

methods in aspect of computational efficiency, the 

convergence process and computational time for these three 

methods are shown in Fig. 17 and Table 6. With search 

space [0.75, 1.25] of the exact values for each parameter, 

BOA and DE needs 190 and 200 iteration to achieve the 

converged identification results, but HBODEA only takes 

150 iterations to satisfy the convergence criteria, resulting 

in less computation resources consumption for the proposed 

hybrid strategy with similar consumed time for each 

iteration. With wide search space [0.5, 1.5] and [0.5, 2.0] of 

the exact values applied for each parameter, BOA, DE and 

HBODEA provide their converged results with maximum 

iteration number reached. Although similar computational 

resources are exhausted for these three methods, the 

proposed HBODEA provides more favorable identification 
 

 

 

Fig. 17 The convergence process with [0.75, 1.25] 

search space 
 

 

with negligible identification error, demonstrating its merit 

of high computational efficiency compared with BOA and 

DE. Therefore, in the proposed hybrid algorithm, effective 

combination of the strong exploitation capability of BOA 

and exploration capability of DE can balance the 

computation resources on global and search to detect 

structural damages accurately and efficiently. 

 

6.2 Dynamic operator 
 

In the proposed HBODEA, dynamic mutation and 

crossover operators shown in Eqs. (14)-(15) are introduced 

to further improve its performance. Therefore, to investigate 

truss structure is still employed, and search space is defined 

as [0.5, 2.0] of their corresponding exact values. The final 

identified error is presented in Fig. 18, which shows that the 

dynamic operators contribute to produce more accurate 

identification results compared with those of applied 

constant operators. 

 

 
Table 7 Operator setups of DE and HBODEA 

Operator DE1 DE2 DE3 HBODEA 

F 0.5 0.5 0.7 Eq. (14) 

CR 0.5 0.8 0.3 Eq. (15) 
 

 

 

 

Fig. 18 Identified error with DE and HBODEA 
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Table 6 Computational time for the proposed three methods in three search spaces 

Search space Methods Number of iterations Time for single iteration (s) Total time (s) 

[0.75, 1.25] 

BOA 190 10.85 2062 

DE 200 11.23 2246 

HBODEA 155 10.91 1693 

[0.5, 1.5] 

BOA 200 10.82 2164 

DE 200 11.19 2238 

HBODEA 200 10.87 2175 

[0.5, 2.0] 

BOA 200 10.80 2160 

DE 200 11.07 2214 

HBODEA 200 10.85 2166 
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Fig. 19 Mutation operator over the process of the iterations 
 

 

To further understand the positive effect of the dynamic 

operators, values of mutation operator in each iteration are 

demonstrated in Fig. 19. The results show that the dynamic 

mutation operator offers large mutation rate at initial search 

stage, which helps to maintain the individual diversity to 

avoid premature convergence, and the mutation rate 

gradually decreases with increasing iteration number, which 

contributes to keep good solution and converge to global 

optimum. For the constant mutation operator, it may have 

high possibility to be trapped in local optimum with small 

mutation rate, and it may suffer slow convergence rate with 

large mutation rate. It can be concluded that the mutation 

operator is the most important factor to balance the 
 

 

 

 

Fig. 20 Value of crossover operator for a population 
 

 

computational resources between global and local search, 

and the embedded dynamic mutation operator is capable of 

reasonably and efficiently assigning the computational 

resources, since it focuses on global search with large value 

of mutation rate at early search stage and concentrates on 

local search with small value when the search is close to the 

global optimum. 

In addition, values of crossover operation for a 

population are presented in Fig. 20, which show that 

dynamic crossover operator give each candidate a different 

crossover rate, mainly determined by its fitness value. For 

the individuals with high fitness values, small value of 

crossover rate is applied, resulting in large chance to be 
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Fig. 21 Identification results with population size (a) 10; (b) 20; (c) 40; and (d) 60 
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Table 8 Mean and maximum identification error with 

different population size (%) 

Population 

size 

BOA DE HBODEA 

Max 

error 

Mean 

error 

Max 

error 

Mean 

error 

Max 

error 

Mean 

error 

10 39.52 11.87 43.65 17.84 29.07 9.38 

20 16.57 7.44 19.06 4.01 10.85 2.19 

40 9.41 4.08 7.97 3.74 3.67 1.11 

60 6.84 2.99 2.51 1.14 1.84 0.41 
 

 

 
restored in the next population. In contrast, large value is 

applied to the worst candidates, implying low possibility to 

survive during generation of the new population. Compared 

with constant crossover rate, the dynamic value is beneficial 

to reserve the best individual and eliminate the worst 

candidates, contributing to improve accuracy and efficiency 

of the identification results. 

 

6.3 Population size 
 

In general, population size is another important 

parameter in determining the performance of most swarm 

intelligence heuristic search methods, since small 

population size is beneficial for convergence but has high 

chance to fall into local optimum and large population size 

can improve search ability but suffers by the slow 

convergence rate. To investigate the population size on the 

robustness of the proposed identification strategy, 10, 20, 40 

and 60 are considered in the numerical example of the 13-

bar truss structure, and search space is defined as [0.5, 1.5]. 

The final identified results are presented in Fig. 21 and 

Table 8. 

With population size of 10, multiple false identifications 

are detected, thus none of the three methods can accurately 

identify structural parameters with very small population 

size. When the population size increases to 20, although 

large identification errors are still observed for these three 

methods, HBODEA provides comparatively better 

identification results with maximum error of 10.85% and 

mean error of 2.19%, compared with those of BOA and DE. 

With large population size of 40 and 60, all these three 

methods are able to provide satisfactory identification 

results, but HBODEA performs best in terms of 

identification accuracy. All these results show that the 

population size has a significant effect on the accuracy of 

identification results for these three methods, and improper 

value of population size would probably lead to converge to 

local optimum or slow convergence rate. Despite high 

sensitivity on the population size, HBODEA provides the 

best identification result with same population size 

compared with other two methods. 

 

 

7. Conclusions 
 

In this paper, a hybrid identification strategy, effective 

incorporation of powerful local exploitation ability of BOA 

and excellent global exploration capacity of DE, is 

proposed to detect the presence, location and magnitude of 

damage in structures. In the proposed strategy, mutation and 

crossover operations of DE, as well as dynamic adaptive 

operators are introduced into original BOA to enhance the 

global search ability without compromising its local search 

capacity. The performance of proposed hybrid method is 

examined by two numerical examples, namely a simply 

supported beam and a 37-bar truss structure, and an 

experimental study on an 8-story shear-type steel frame. In 

addition, the effect of search space, two dynamic operators, 

population size on identification accuracy and efficiency are 

further investigated. Some conclusions can be summarized: 
 

● The numerical and experimental results show that 

the proposed HBODEA provides more favorable 

identification results in terms of accuracy and 

efficiency compared with BOA and DE. The 

introduction of dynamic mutation and crossover 

operations into original BOA is an effective 

approach to enhance its global search ability, leading 

to reasonable and efficient assignment of 

computation resources on global and local search. 

● For these three methods, it is found that it has a great 

possibility to achieve unpleasant identification 

results with assigned wide search range or small 

population size, implying their significant influence 

on the accuracy of identification results. Despite 

heavy dependence on size of search range or 

population, HBODEA still has better performance 

with relatively small maximum and mean 

identification errors compared with other two 

methods. 

● The two dynamic operators generate adaptive 

mutation rate in each iteration and crossover rate for 

each candidate to further improve performance of 

the proposed strategy. The dynamic mutation 

operator offers large value of mutation rate during 

the initial search stage, implying more attention 

focused on the global exploration, and gradually 

decreased value of mutation rate, suggesting more 

engagement of local search with the progressing of 

seeking the global optimum. In addition, for each 

candidate, the dynamic crossover operator provides 

different crossover rate decided by its fitness, which 

is beneficial to keep the best candidates and 

eliminate the worst ones. 
 

By the preliminary results presented in this paper, it is 

found that search space and population size play an 

important role in the proposed strategy, ongoing research 

includes appropriate estimation of search space with aid of 

sampling methods with purpose of identifying parameters 

with unknown exact values or extremely wide search range, 

adaptive population size during each iteration to further 

improve the computation efficiency of proposed strategy. 
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