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Abstract 

In this study, a novel optimization method based on Imperialist Competitive Algorithm (ICA) 

was proposed to simulate endurance time (ET) excitations. These excitations are monotonically 

intensifying acceleration time histories that are used as dynamic loading for seismic response 

analysis and design. The ICA as a population-based evolutionary algorithm was used in this 

study and the discrete wavelet transform was also employed to reduce the number of 

optimization variables. Optimal parameter values of the ICA algorithm for simulating ETEFs 

were evaluated and were utilized to simulate ET excitations. In order to increase the capability of 

ICA and provide further search in the optimization space, this algorithm was combined with 

simulated annealing (SA). The new excitation results were compared with the current practice 

for simulation of ET excitations. It was shown that the proposed ICA-SA method leads to more 

accurate ET excitations than the classical optimization methods. 

Key words: endurance time method; imperialist competitive algorithm; dynamic analysis; 

discrete wavelet transform; classical optimization methods; simulated annealing. 

1 Introduction 

Endurance Time (ET) method is a dynamic analysis in which structures are subjected to 

intensifying acceleration time histories (Estekanchi, Vafai, and Sadeghazar 2004). The ET 

method provides seismic demand prediction of structures in terms of the correlation between 

engineering demand parameter (EDP) and intensity measure (IM) with considerably lower 

computational demand as compared to conventional time history analysis. The ET method is 

used in different areas of earthquake engineering such as seismic assessment, performance based 

design, and probabilistic based earthquake engineering (Riahi, Amouzegar and Falsafioun, 2015; 

Mirzaee and Estekanchi, 2015; and Estekanchi, Harati and Mashayekhi, 2018). The central part 
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of the ET method is the ET excitation functions (ETEF), which are used as time-history analysis 

input motions. ETEFs are synthetic records generated mathematically. The ETEFs dynamic 

characteristics are compatible with recorded ground motions and with its intensity increasing in 

time.  While intensification is a key feature of ETEFs, the corresponding EDP calculated by the 

ET method must be compatible with the EDP obtained from the incremental dynamic analysis 

(IDA) at each intensity measure. 

A major matter in successful implementation of the ET method is the problem of 

generating appropriate ETEFs. The target of generating ETEFs is to reach acceptable consistency 

with real ground motions. This problem is generally represented by equations that compute 

differences between ETEFs dynamic characteristics and real ground motions. Since the number 

of variables is much less than the number of equations, optimization procedures are typically 

used. Several studies have been reported in the literature with the intention of generating ETEFs. 

Nozari and Estekanchi (2011) suggested a trust region reflective optimization procedure for 

generating ETEFs. Kaveh and Mahdavi (2012) presented a process for generating ETEFs based 

on the Quasi Newton and Nelder-Mead methods. The covariance matrix adaption evolutionary 

strategy (CMA-ES) approach  has also been adopted by Kaveh et al. (2013) for generating 

ETEFs. Mashayekhi and Estekanchi (2013) investigated the influence of strong motion duration 

in simulating ETEFs. Mashayekhi et al (2018) investigated different optimization space in 

simulating ETEFs.  Mashayekhi et al. (2018) used Trust-Region Reflective method to simulate 

hysteretic energy compatible ETEFs. Mashayekhi et al. (2018) used Trust-Region Reflective to 

simulate ETEFs that can be employed for predicting probabilistic structural response parameters. 

Simulating ETEFs is a global optimization problem that deals with optimizing a function 

according to certain criteria. Presence of many local optima in ETEFs optimization space 

complicates the problem significantly. Local optimizers are methods that find the optimum near 

the starting point, and global optimizers are methods that find the lowest cost, no matter where 

the search starts from. The existing simulating processes for generating ETEFs employ classical 

optimization methods that generally end up with the nearest local optimum. Whereas these 

simulation procedures produce acceptable ET excitations, they are not straightforward 

approaches and require several trials and errors to find the best result. This makes the simulation 

process of ETEFs complicated and time consuming. On the other hand, the evolutionary 

algorithms have the advantage of not getting trapped in local optimum.    

Numerous evolutionary algorithms based on the computer simulation of natural processes 

have been proposed. These algorithms have been widely used in different engineering practices 

(Kaveh and Zolghadr 2017; Kaveh and Ghazzan 2018). The most well-known evolutionary 

optimization technique, namely, the genetic algorithm (GA), was inspired by natural genetic 

variation and natural selection (Holland 1975). Particle swarm optimization (PSO) is another 

technique motivated by the social behaviors of bird flocking and fish schooling (Eberhart.R.C 

and Kennedy 1995). Although these kinds of evolutionary algorithms are widely applied in 

several practical engineering fields, they are not used for simulating ETEFs. As a novel 

approach, this study presents a new evolutionary algorithm, called the imperialist competitive 

algorithm (ICA), to simulate ETEFs. This algorithm was proposed by Atashpaz-Garagari (2007). 

ICA is a population based evolutionary algorithm inspired by social-political behaviors. Similar 

to other evolutionary algorithms, ICA starts with a random initial population of candidate 

solutions. Each candidate solution is called a country, and the countries are categorized into 

colony and imperialist states that collectively form empires. Imperialist competitions among 



these empires are the basis of the ICA. During this competition, weak empires collapse and 

powerful ones take their colonies. Imperialist competition leads to the powerful imperialist or the 

optimum points. As another evolutionary algorithm, simulated annealing (SA) is inspired from 

annealing process of physical systems in thermodynamics. A computational algorithm that 

simulates the annealing process was proposed by Metropolis et al. (1953). The analogy between 

the simulated annealing and the optimization of functions was established by Kirkpatrick et al 

(1983). 

This paper presents an ICA-based algorithm in conjunction with the discrete wavelet 

transform (DWT) to simulate ETEFs. Simulating ETEFs can be considered as a benchmark 

example in the field of NP-hard problems due to the presence of many design variables, dynamic 

nature, and complexity of objective functions. In order to increase the capability of ICA, this 

algorithm is combined with SA. The proposed method for simulating ETEFs is applied to the 

case study of a problem. The new results are compared with ETEFs simulated with currently 

used optimization algorithms.           

2 Simulation of Endurance Time Excitation Functions 

The aim of simulating ETEFs is to find a set of decision variables that make the 

minimum differences with targets. This can be expressed as 
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where {x} is the set of decision variables which are wavelet coefficients of ETEFs, n is the 

number of wavelet coefficients which are considered, and FETEF{x} is the objective function that 

computes discrepancies between dynamic characteristics of ETEFs and targets. It should be 

mentioned that ETEF simulating problem is an unconstrained optimization problem and hence 

the methods developed in this study are suitable for unconstrained problems. For constrained 

optimization problems, it is necessary to transform problems to unconstrained ones. A detailed 

review of some constraint handling approaches is available in (Coello Coello 2002)   

Dynamic characteristics of ETEFs are supposed to increase with time with a specified 

profile, meanwhile they are compatible with the dynamic characteristics of a suite of ground 

motions. Subscript “T” in dynamic characteristic notations denotes target. For example, SaT(t,T) 

denotes ETEFs target acceleration response spectra , which is computed according to,  

 ( ) ( ) ( )target,aT aS t T g t S T=   (1) 

where Sa
target(T) is the target acceleration response spectra at the target time and g(t) is the 

intensifying profile, which controls the shape of increasing acceleration response spectra in time.  

Sa(t,T) is the acceleration response spectra produced by ETEFs at time t and period T. 

Acceleration response spectra of ETEFs are evaluated using, 

 ( ) ( ) ( )( ), max 0S t T x a ta g  = +    (2) 



where ẍ(τ) is the relative acceleration response of a single degree of freedom (SDOF) system 

with a natural period T and damping ratio of 5% under the ETEFs, and ag(τ) is the acceleration 

time history of ETEFs.  

In simulation of linear ETEFs, acceleration response spectra consistency is solely 

considered in the objective function. The objective function given by Equation (3) integrates 

acceleration response spectra residuals over all periods and times.  That is,  
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where tmax is the duration of ETEFs, and Tmin and Tmax are minimum and maximum considered 

natural periods in the simulation process. 

 In this study, ETEFs are simulated based on design spectra prescribed by the ASCE07 

standard (ASCE/SEI 7-10 2010). In the target acceleration response spectra, parameters Ss and S1 

are computed for Tehran according to Mirzaee and Estekanchi (A. Mirzaee, Estekanchi, and 

Vafai 2012). Ss and S1 are short period and long period spectral response acceleration parameters, 

respectively.  

Note that discretization is required for solving such objective functions and in fact the 

type of discretization used may impact the results. Given that the time durations s are sampled at 

n points tj (j=1:n) and the natural periods are sampled at m points Ti (i=1:m), after discretization 

is applied, the double integrals in the objective function given by Equation (3) converts to double 

summations.  That is,  
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In this study, 120 natural periods with a logarithmic distribution between 0.02 second and 

5 seconds are opted. The logarithmic distribution produces more data in the low period region, 

where fluctuation of acceleration response spectra is considerably higher than that in the high 

period region.  Time t is sampled at 2048 points with equal intervals of 0.01 second. 

3 Imperialist Competitive Algorithm 

ICA as an evolutionary algorithm simulates the social-political process of imperialism 

and imperialist competition. This algorithm contains a population of countries. The pseudo-code 

of the algorithm is as follows 

Step 1: Generating initial countries 

Similar to other evolutionary algorithms, the ICA starts with an initial population called 

"country." Each country is identified by a set of decision variables.  That is, 

 
var2, ,...,i i Ncountry x x x =    (5)  

where Nvar is the dimension of the optimization problem. 

The primary locations of countries are determined by assigning a set of values to each 

decision variable. Because of the dynamic nature of the ETEFs simulation problems, the 

variables are highly correlated. Moreover, the objective function is complicated and requires 

considerable evaluation time. If the correlation of variables is not considered in the algorithm, 



the large numbers of variables (in the order of 500) hinder the global convergence. A method is 

developed to generate initial countries considering the correlation of variables. This method is 

not limited to this problem and it can be applied to other problems. 

This initializing method starts with a set of simulated ETEFs. It should be mentioned that 

the ETEFs are generated based on different objective functions and the present method only 

requires the correlation of their variables. This method artificially generates initial countries 

based on statistics of existing ETEFs. It should be mentioned that none of the simulated ETEFs 

are used as initial countries and only their statistics are employed for generating initial countries. 

Moreover, existing ETEFs are not optimized based on the objective function of this study and 

their objective functions widely differ it. Respective variable values of ETEFs are summarized in 

a matrix (Y) as depicted in Table 1. The mean vector MY and covariance matrix ΣYY are 

estimated by using the data in Table 1. MY is a vector whose element are the mean of each 

column of Y. Also, the covariance matrix can be computed according to  

 YY Y YY YΣ =D R D  (6) 

 

where DY is a diagonal matrix containing standard deviation quantities of each column and RYY 

is the correlation coefficient matrix. Using the aforementioned statistics, one can infinitely 

generate artificial samples as initial countries according to Equation (7) 

 Z=DY Y YL U M+  (7) 

where LY is the lower-triangular decomposition of the correlation matrix RYY so that 
T

YY Y YR =L L .  

Because the correlation matrix is positive definite, LY can be computed by the Cholesky decomposition of 

RYY. U is the standard normal random vector with zero mean and unit covariance matrix.   

Table 1. Sample Y matrix (data of existing ETEFs) 

Variable Number x1 x2 . . . xNvar 

1 x1,1 x1,2 . . . x1,Nvar 

2 x1,2 x2,2 … x2,Nvar 
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M xM,1 xM,,2 … xM,Nvar 

    

Step 2: Generating initial empires 

The best countries in the initial population are selected as imperialists while others are 

considered as their relevant colonies. The cost of each country identifies its power. The total 

number of initial countries is set to Ncountry and the number of the most powerful countries, which 

act as imperialists for empires, is equal to Nimp. The remaining Ncol (Ncol=Ncountry-Nimp) of the 

initial countries is the number of colonies of these empires. All colonies of initial countries are 



divided among imperialists based on their power. Thus, the number of colonies of an empire 

must be inversely proportional to its cost value. In order to proportionally divide colonies among 

imperialists, a normalized cost for an imperialist is defined as  
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where 
( ),

cost

imp j
f  is the cost of the j-th imperialist, α is a weight constant, and Cj is the normalized 

cost. Colonies are divided among empires based on their power and for the j-th empire will be as 

follows  
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Where NCj is the number of colonies associated with the j-th empire, which are selected 

randomly among empires. These colonies together with the j-th imperialist form the j-th empire.        

Step 3: Moving colonies toward the relevant imperialist 

In the ICA, all colonies are moved toward imperialists inspired by the assimilation policy 

pursued by some of the former imperialist states. This movement is shown in Figure 1. In this 

movement, the colony moves toward its imperialist by a random vector that is uniformly 

distributed between 0 and 1. This movement is given as,  

        1new old
randx x d V= +     (10) 

where β is a parameter that controls the amplitude of movement and d is the distance between 

colony and imperialist. β>1 makes the colonies move closer to the imperialist state from both 

sides. A value of   very close to one reduces the search power of the algorithm. In Equation 

(12) {V1} is a unit vector that its start point is the previous location of the colony, and its 

direction is toward the imperialist location. {rand} is a random vector and the sign   denotes 

element-by-element multiplication. Since these random numbers are not necessarily equal, the 

colony deviates from the direction of {V1}. 

 

Figure 1. Movement of colony toward the imperialist 



 

Step4: Revolution 

In the ICA, an operation, which is called revolution, brings sudden random changes in the 

position of some colonies in the search space. Revolution in the ICA is the counterpart of 

mutation in GA, which increases exploration and prevents the early convergence of countries to 

the local optimum. Figure 2 illustrates the role of the revolution in the ICA. The colony located 

at the point A can be transferred to some point between A and B by assimilation. In this case, the 

colony is trapped at the local optimum. On the other hand, through a revolution, the colony 

suddenly jumps from the point A to the point C, resulting in an escape from local optimum. 

 

Figure 2. Illustration of revolution in the ICA 

In the revolution operation, µrev denotes the percentage of colonies which are chosen for 

this operation. In fact, the number of rounds (µrev*Ncol) is randomly chosen from colonies of an 

empire for suddenly changing their positions.  

In the revolution operation, prev denotes the percentage of the countries’ variables which 

are changed during the revolution. Consequently, at a problem with Nvar variables, Nrev=round 

(prev*Nvar) variables are changed. A number of Nrev variables are selected randomly from the total 

number of Nvar. Indices of these selected variables are referred to as {i1, i2,…, iNrev}. The 

revolution operation is performed according to  
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where σrev is the standard deviation of revolution and rand is a random number, which is 

normally distributed between 0 and 1. This revolution  equation is designed for continuous 

problems and differ from those used in discrete optimization problems (Rabiee et al. 2014; Jolai, 

Rabiee, and Asefi 2012; and Wang et al. 2014).The value of σ is derived according to  

 ( ),max ,min0.1rev i ix x = −  (12) 

where xi,max and xi,min are upper bound and lower bound of optimization variables, respectively. 

Step 5: Revolution of imperialists 



The revolution operation is also performed on imperialists. All formulations and 

assumptions for imperialist evolutions are in total correspondence to those for the colonies, with 

the difference that with the imperialists, a revolution is not accepted unless the cost function of 

the new point is improved.    

Step6: Imperialist updating 

With assimilation and revolution operations, the cost of new countries is changed. The 

cost function of new colonies is compared with the cost function of the updated imperialist in 

each empire. If the new position of a colony is better than that of its relevant imperialist, the 

imperialist and the colony exchange places and the country with the lower cost becomes the 

imperialist.    

Step7: Total power of an empire 

The total power of an empire is computed based on the power of its imperialist and a 

fraction of the power of its colonies., That is, 

 
( )

( ),

cost
, 1

cost

jNC

col i

imp j i
j

j

f

TC f
NC

 == +


 (13) 

where jTC  is the total cost of the j-th empire and   is a positive number, which is considered to 

be less than 1. The value of 0.1 for   is found to be suitable in most of the implementations. A 

small value of   emphasizes a greater influence of the imperialist power in determining the total 

power of an empire, while a large value of   indicates larger influence of the mean power of 

colonies in determining the total power of the empire.  

Step 8:  Imperialist competition 

Imperialist competition is another strategy utilized in the ICA. During the competition among 

imperialists, weaker empires will gradually collapse. Weaker countries lose their colonies, while 

stronger empires take control of the colonies of the weaker empires. The imperialist competition 

is modeled by picking some of the weakest colonies of the weakest empire and imposing a 

competition on all other empires to take control of that colony. In fact, the weakest colony from 

the weakest empire is the subject of competition among (Nimp-1) empires.   

Empires are ranked based on their total power. The first empire, i.e., the weakest one, 

loses the weakest colony and the empires of ranks 2 to Nimp compete to take possession of that 

colony. The normalized total power is defined by 
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where jNTC  is normalized total power of the j-th empire. The possession probability of each 

empire is computed based on its normalized total power according to  
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A mechanism similar to the Roulette Wheel in GA is utilized to allot the weakest colony among 

empires based on their possession probabilities. 

Step 9: Collapsing the weakest empire (if necessary) 

When an empire loses all of its colonies, it is assumed to collapse. In the current 

implementation, the imperialist relevant to the collapsed empire is allotted to other empires based 

on the imperialist competition approach discussed in the previous step. 

Step 10: Terminating criteria control 

There are several terminating criteria, which can be adopted to control termination of the 

algorithm. For example, when the amount of improvement in the best result is reached, the 

algorithm is stopped. In the current implementation, the number of iterations is checked and if it 

reaches a pre-specified value, the searching process is stopped. The movement of colonies 

toward their relevant imperialists along the imperialist competition makes all countries to 

converge on a state in which there is one empire in the world and other countries are colonies of 

the imperialist of that empire. 

A summary of the ICA algorithm which is implemented in this study is depicted in 

Figure 3.    



 

Figure 3. The ICA algorithm 

4 Discrete Wavelet Transform 

This study uses the Discrete Wavelet Transform to represent ETEFs. In fact, decision 

variables are wavelet coefficients.  

In contrast to the Fourier Analysis, which uses sinusoidal waves as tools for 

decomposition, wavelet transform utilizes scaled and translated versions of the scaling function 

ϕ(t) and wavelet function ψ(t). Different scaled versions cover different frequency resolutions, 

and different translated versions represent different time positions. Basis functions and scaling 

functions of wavelet transformations are given in Equations (16) and (17): 
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where j is the dilatation parameter and k is the position parameter. ϕ refers to the scaling 

function, while ψ refers to the wavelet function or mother wavelet.  

The scaling function (ϕ) is derived from the dilatation equation.  That is, 
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where ck refers to wavelet coefficients. The corresponding wavelet function is given by 
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k
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Signals in simulating ETEFs in the DWT space are represented  
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Here aj.k are specified by the optimization process for ETEFs simulation. In Equation (20), a 

signal consisting of 2M data points, where M is an integer, is considered. DWT requires 2M 

wavelet coefficients to fully describe this signal. DWT decomposes a signal into M+1 levels, 

where levels are denoted by i and numbered as i = -1, 0, 1,. . . , M-1 (Newland 1993). In this 

equation, signals over time duration maxt  are sampled at N equally spaced time-sequenced t s; N 

is an integer to power of 2. In this study, the first eight levels are considered and by way of this, 

decision variables reduce to 512. 

  

5 Parameter tuning of ICA 

In this section, the proposed method is applied to simulate new ETEFs. First, it is required to 

find optimal parameter values of the Imperialist Competitive Algorithm (ICA), i.e., npop, nemp, β, 

µrev, ζ, and prev. In order to find the optimal parameter values for simulating ETEFs, 20 

optimization scenarios are defined. For each scenario, the ICA algorithm is executed and the best 

cost and computational time are evaluated. Characteristics of these scenarios are provided in 

Table 2. 

 Table 2. Parameters of defined scenarios 

Scenario ID popn  empn    rev    revp  

SC1 200 15 2 0.05 0.1 0.1 

SC2 200 15 2 0.1 0.1 0.1 

SC3 200 15 2 0.15 0.1 0.1 

SC4 200 15 2 0.2 0.1 0.1 

SC5 200 15 1 0.05 0.1 0.1 



SC6 200 15 1 0.1 0.1 0.1 

SC7 200 15 1 0.15 0.1 0.1 

SC8 200 15 1 0.2 0.1 0.1 

SC9 200 15 0.5 0.05 0.1 0.1 

SC10 200 15 0.5 0.1 0.1 0.1 

SC11 200 15 0.5 0.15 0.1 0.1 

SC12 200 15 0.5 0.2 0.1 0.1 

SC13 400 30 2 0.05 0.1 0.1 

SC14 400 30 2 0.1 0.1 0.1 

SC15 400 30 2 0.15 0.1 0.1 

SC16 400 30 2 0.2 0.1 0.1 

SC17 800 60 2 0.05 0.1 0.1 

SC18 800 60 2 0.1 0.1 0.1 

SC19 800 60 2 0.15 0.1 0.1 

SC20 800 60 2 0.2 0.1 0.1 

 

The results of the mentioned optimization scenarios are summarized in Table 3, where 

the cost function values and computational times are provided. The mean value and the standard 

deviation of minimum objective function values are 894 and 105, respectively.  

 

Table 3. The minimum objective functions of defined scenarios 

Scenario ID 
Minimum Objective Function 

Values 
Computational Time (sec) 

SC1 908.8 342219 

SC2 839.7 343619 

SC3 836.3 365175 

SC4 842.6 333612 

SC5 965.5 345001 

SC6 875.6 341048 

SC7 907.7 329589 

SC8 974.1 318502 

SC9 1076.4 337265 

SC10 1094.6 346044 



SC11 1029 329251 

SC12 1065 320830 

SC13 870.1 679075 

SC14 816.7 669614 

SC15 818.1 671705 

SC16 739.0 723261 

SC17 810.1 885964 

SC18 789.0 984483 

SC19 800.7 997081 

SC20 815.4 988556 

 

Table 3 shows great variability in cost functions which emphasizes the necessity of 

determining best parameter values of the ICA for simulating ETEFs. COV of costs of simulated 

ETEFs is about 12%, which is relatively high. The influences of different parameters are 

discussed in the subsequent sections.  

Figure 4 shows the influence of μrev (percentage of colonies chosen for revolution in the 

ICA) on the accuracy of simulated ETEFs. It is seen that μrevs of 0.1 and 0.15 generally create 

better results. As an engineering judgment, the value of 0.1 is assigned as the optimal value to 

μrev.    

 

 

Figure 4. Variations of the best costs of simulated ETEFs for different μrev. 



Figure 5 shows the influence of β (the parameter that controls the amplitude of 

movement) on the accuracy of simulated ETEFs. It can be seen that β=2 leads to more accurate 

ETEFs in all cases. 

 

Figure 5. Variations of the best costs of simulated ETEFs for different values of β.  

Considering the trade-off between accuracy and computational time, the population size of 

400 is used as the optimal number. It is observed that an increase in the number of population 

from 400 to 800 improves the accuracy of ETEFs by about 0.7%, while it increases the analysis 

time by 50%. The 0.7% improvement is too infinitesimal to justify the increase in computational 

time.  

Optimal ICA parameter values for simulating ETEFs are provided in Table 4. The 

number of considered values for finding the optimum value is also presented. It should be 

mentioned that only one value is considered for   and revp .   

 Table 4. Optimal parameters of ICA for simulating ETEFs 

Parameter Optimum Value Number of Considered 

Values 

popn  400 3 

empn  30 3 

  2 3 

rev  0.1 4 

  0.1 1 

revp  0.1 1 



 

6 Significance of optimization space and initial population generating approach in 

simulating ETEFs  
In this section, efficiency of the proposed method is investigated. In this regard, ETEFs simulated 

in time domain are compared with ETEFs simulated in discrete wavelet transform space. In addition, the 

influence of generating random initial population based on existing ETEFs, which is presented by 

Equation (7), is investigated.  

 The convergence history of the ICA optimization by using the proposed method (SC14) 

is depicted in Figure 6. The convergence history associated with the ICA in time domain is also 

presented. In addition, results of the ICA algorithm by using wavelet transform and random 

initial population are shown for comparison.  

 

Figure 6. Convergence history of simulating linear ETEFs 

Figure 6 shows that the proposed method creates better ETEFs. Although the ICA in wavelet 

domain, using initial random population, creates an acceptable ETEF, the accuracy of the ICA 

with initial random population based on existing ETEFs is about 5% higher. However, the ICA 

algorithm in time domain does not converge toward an acceptable ETEF. It should be mentioned 

that the existing ETEFs have been simulated in time domain using gradient-based optimization 

methods, and not with the ICA method. Therefore, the fact that the algorithm does not converge 

in time domain space using the ICA method is not related to the existing methods of simulating 

ETEFs. It can be seen that the best cost of the time domain optimization is worse than that in the 

proposed method, even at initial population.  

7 Significance of optimal parameter in simulating ETEFs 

In this section, results of ICA algorithm with optimal parameters are compared with 

results presented in previous section.  Six ETEFs are simulated by the ICA using the optimal 

parameter values listed in Table 4. The corresponding results are provided in  

Table 5.   



Table 5. Results of simulated ETEFs by using the ICA with optimal parameters. 

Run 

Number 

Minimum Objective Function  Computational Time (sec)  
Number of Function 

Evaluations 

Values Mean 
Standard 

Deviation 
 Values Mean 

Standard 

Deviation 
 Values Mean 

Standard 

Deviation 

1 839.6 

832 24 

 723107 

728519 4433 

 6598242 

6596363 1283 

2 812.7  732251  6595368 

3 805.4  722575  6595989 

4 869.4  731030  6594670 

5 846.9  731478  6596921 

6 816.7  730676  6596986 

 

From Table 5, it can be seen that the simulation of ETEFs by the ICA using optimal 

parameter values leads to 10% improvement and 76% decrease in standard deviation of cost 

function values. Using optimal parameter values of ICA decreases the mean value of minimum 

objective function from 894 to 832. In addition, using optimal parameter values decreases the 

standard deviation from 105 to 24. It is obvious that a higher standard deviation of cost function 

values requires a larger number of ICA runs to achieve an acceptable ETEF. Both these 

mentioned facts prove the necessity of using optimal parameter values in simulating ETEFs. 

8 Comparison of simulated ETEFs with targets  

In this section, comparison is drawn between acceleration spectra of simulated ETEF by 

using ICA with targets. The acceleration time history of an ETEF simulated by the method is 

shown in Figure 7. This ETEF is hereafter denoted by ETEF-ICA. 

 

 



Figure 7. Acceleration time history of ETEF-ICA  

Acceleration spectra of ETEF-ICA are compared with targets at t=5sec, 10sec, 15sec, and 

20sec in Figure 8. The time variation of the acceleration response spectra is also compared with 

targets for different periods of T=0.05sec, 0.8 sec, 2.0 sec, and 3.0 sec in Figure 9. These figures 

show outstanding correspondence between the simulated ETEF and targets; a correspondence 

that highlights the efficiency of the proposed method in simulating ETEFs. 

 

Figure 8. Acceleration response spectra of simulated linear ETEF vs. targets at (a)t-5sec, (b) t=10sec, 

(c) t=15sec, and (d) t=20sec.  

 

Figure 9. Time variation of acceleration response spectra of simulated linear ETEF vs. targets for 

different natural periods of (a)T=0.05sec, (b) T=0.8sec, (c) T=2.0sec, and (d) T=3.0sec.  



9 Hybridization of ICA with SA 

In this section, simulated annealing (SA) is combined with ICA so as to improve the 

efficiency of simulating ETEFs. The hybridization of ICA and SA for discrete optimization 

problems is available in the literature (Ghasemi et al. 2014; Ghasemi et al. 2015; and Ghasemi et 

al. 2016). Because discrete ICA-SA methods cannot be applied to the continuous problems, in 

this paper, a hybrid ICA-SA algorithm for continuous problems is developed. The inspiration for 

SA comes from annealing in metallurgy, a physical process of controlled cooling of molten 

material to increase the size of its crystals and reduce their defects. In the mathematic 

formulation of SA, the position of current solution is perturbated to a new solution with different 

cost function. If the new solution improves, the candidate is accepted, and is allowed to replace 

the current solution. Otherwise, the non-improved solution may be accepted or not based on the 

probability computed by Equation (21). After computing the acceptance probability, a random 

number (z) between 0 and 1 with uniform probability distribution is generated and if this number 

is less than the computed acceptance probability, the new solution is accepted and otherwise the 

new solution is rejected and the current solution is kept for further assessment.  That is, 

      ( )
( )new old

new

old
exp

f f
P x

T f

 − −
 =
 
 

     (21) 

where oldf  and newf  are the objective function value of the current solution and the new 

solution, respectively. T is the current temperature. Temperature is the variable that controls 

optimization process in SA. At the beginning of the algorithm, a high value is assigned to 

temperature, permitting large random and disordered changes for new solutions. In other word, 

the probability of accepting non-improved solutions are high. With the progress of algorithm, 

temperature is slowly reduced and therefore the probability of accepting non-improved solution 

is also decreased. Geometric cooling is shown in Equation (22). In this Equation, α is a positive 

constant number in the range of (0,1) which is called cooling factor.  That is,   

       
1r rT T+ =       (22) 

The algorithm of SA is defined as follow: 

Initialize 

k=1; 

while (k<=nvar) 

pertub xold to create xnew 

  old new old new

var1,2,..., ,x m x mm n x x i m x x     =  

             If ( ( )new old 0f f f = −   ) 

               
new oldx x=  ; 

              else 

               
old

exp
f

P
f T

 
=  

 
;  



               z=rand(); 

                          if (z<=P) 

                            
new oldx x=  

                           End for 

                  End If 

k=k+1; 

End While 

In the hybridization of ICA and SA, colonies of the best imperialist are selected and their 

position are changed according to above-mentioned SA algorithm. The proposed algorithm for 

hybridization of ICA and SA is shown in Figure 10. 

 



 

Figure 10. Flowchart for ICA-SA 

In order to set the cooling schedule, the approach suggested by Balling (1991) is employed. 

Starting temperature and cooling factor which are respectively denoted by Ts and α are 

determined as follow:  

( )
1

ln
s S

T
P

= −                             (23) 
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where Ps and Pf are starting acceptance probability and final acceptance probability which are 

respectively set to 0.5 and 1E-7 according to suggestion made by Hasangebi and Erbatur (2002). 

NC is the number of cooling cycle which in this study is equal to iteration number of ICA. 

10 Statistical comparison of the proposed method with conventional simulating 

approaches 

In this section, proposed algorithm results are presented and compared with the results of the 

current practice of simulating ETEFs. Twenty ETEFs are simulated by the ICA-SA method using 

the optimal parameter values listed in Table 4. The current practice uses the Trust-Region 

Reflective algorithm to simulate ETEFs.  This algorithm is a classic optimization method. It is 

implemented in the Matlab by the command “lsqnonlin”. In this study, this algorithm is used to 

simulate twenty ETEFs by using twenty different initial random motions. In order to make it 

possible simulating high number of ETEF in this section, the duration of excitations is assigned 

to 5sec. Although 20sec ETEFs are required for practical use as simulated in previous sections, 

the main purpose of this section is to compare the proposed method with the existing approach.   

Descriptive statistics of ETEFs simulated by the proposed method and Trust-Region 

Reflective are summarized in Table 6. The mean objective function values of ICA-SA and Trust-

Region Reflective are 23.35 and 26.33, respectively. It can be seen that the ETEFs simulated by 

ICA are about 12.5% more accurate than those simulated by conventional approaches. In 

addition, standard deviation of ETEFs simulated by ICA-SA and Trust-Region Reflective are 

0.72 and 1.23, respectively. It implies that ICA-SA is about 40% less than that generated by 

Trust-Region Reflective algorithm. In other words, sensitivity of ETEFs accuracy to initial 

motions is decreased in ICA-SA as compared to the Trust-Region Reflective algorithm. These 

conclusions are limited to two selected samples. In order to generalize the conclusion for these 

two methods, inferential statistics is employed. In this regard, hypothesis test and confidence 

interval are conducted. The null hypothesis and alternative hypothesis which are respectively 

termed H0 and H1 are defined in Equation (25) . The null hypothesis is expressed in term of 

differences between the mean of two data sets. The summary of the hypothesis test and 

confidence interval results are presented in Table 7. It is observed that p-value of the test is 

considerably much less than 0.05, and therefore the null hypothesis is rejected and alternative 

hypothesis is accepted at the 0.05 level. In fact, it is concluded that the mean of ICA-SA is less 

than Trust-Region Reflective with 95% confidence level. In addition, confidence interval shows 

that with 95% certain, the difference of the mean of ICA-SA objective function values and Trust-

Region Reflective lie within the range [-3.64,-2.33].   

Table 6. Descriptive statistics of objective function values of ETEFs simulated by the proposed 

method and Trust-Region Reflective 

Group 
Number of 

samples 

Optimization 

algorithm 
Mean 

Standard 

deviation 

Standard 

error mean 

1 20 ICA-SA 23.35 0.72 0.16 

2 20 Trust-Region 26.33 1.23 0.27 



Reflective 
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: 0
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− 
     (25) 

 

Table 7. Hypothesis test and confidence interval results of objective function values of ETEFs 

simulated by the proposed method and Trust-Region Reflective 

t-test for equality of means 

p-value t-value 
Mean 

differences 

Standard 

error 

differences 

Lower 

confidence 

interval 

Upper 

confidence 

interval 

3.45E-11 -9.19 -2.98 0.32 -3.64 -2.33 

 

Required computational time of the proposed method and Trust-Region Reflective are also 

compared with each other. Descriptive statistics of results are presented in Table 8. Results 

indicate that ICA-SA requires more than 26 times computational time required in the Trust-

Region Reflective algorithm.  

Table 8. Descriptive statistics of computational times of simulating ETEFs by using the proposed 

method and Trust-Region Reflective 

Group 
Number of 

samples 

Optimization 

algorithm 
Mean 

Standard 

deviation 

1 20 ICA-SA 75009 12511 

2 20 
Trust-Region 

Reflective 
2864 1408 

 

11 Conclusions 

 

Endurance Time (ET) method is a dynamic analysis in which structural seismic 

assessment is performed with a low computational demand as compared to conventional time 

history analysis. The ET method exposes structures to intensifying acceleration time histories, 

which are also known as Endurance Time Excitation Functions (ETEFs). In fact, the ETEF is the 

core of the ET method. ETEFs are generated such that their dynamic characteristics are 

compatible with recorded ground motions. Unconstrained nonlinear optimization is used to 

generate ETEFs. This problem contains a large number of highly correlated optimization 

variables. In this paper, an ICA based algorithm was proposed to deal with these two difficulties. 

Discrete wavelet transform was used to reduce optimization variables. Regarding high 

correlation of decision variables, a method that employed covariance matrix of variables was 

developed to generate an initial population. In order to increase the efficiency of simulating 



ETEFs, ICA is combined with simulated annealing (SA). Statistics comparison between the 

proposed method and the existing approach is perfoemed.  The proposed method was then 

applied to an example for simulating ETEFs. The main conclusions are listed below:  

• It was shown that simulating ETEFs via the ICA algorithm in the discrete wavelet transform 

space made them converge to acceptable values. This is in contrast with the ICA algorithm in 

time domain space that could not be used to simulate ETEFs.  

• The procedure for evaluating the optimal parameter values of the ICA algorithm for simulating 

ETEFs were presented. Accuracy of simulated ETEFs by using these optimal parameters showed 

that they could be conveniently used for simulating new ETEFs.        

• Results showed that ETEFs simulated by the ICA with optimal parameter values were about 10% 

more accurate than ETEFs simulated by the ICA with arbitrary parameter values. Moreover, 

optimal parameter values led to 75% decrease in the standard deviation of cost functions of 

simulated ETEFs. 

• Dynamic characteristics of the newly simulated ETEFs were compared with targets. These 

comparisons showed good agreement between the ETEFs and the targets, showing the efficiency 

of the proposed method. 

•  Comparison between the ICA and Trust-Region Reflective algorithm showed 12.5% higher 

accuracy level and 40% less standard deviation in the ETEFs simulated by the ICA algorithm. 

However, simulating ETEFs by the ICA required 26 times longer computational time than by the 

Trust-Region Reflective algorithm.  

• Results showed the applicability of the ICA algorithm for simulating ETEFs. Although results 

were satisfactory, further research is needed to improve the efficiency of this algorithm. For 

example, the ICA algorithm parameters can be controlled by a fuzzy engine during the process of 

optimization.    

12 Nomenclature 

 

ag(τ) acceleration time history of an Endurance Time excitation 

C normalized cost defined for empires 

ck wavelet coefficients 

COV coefficient of variation 

ET endurance time method 

ETEF endurance time excitation function 

FETEF objective functions of simulating endurance time excitations 

GA genetic algorithm 

g(t) intensifying profile 

H0 null hypothesis 

H1 alternative hypothesis 

ICA imperialist competitive algorithm 

m sample number of periods 

n sample amount of time 



NC number of colonies of an empire 

Ncol total number of colonies 

Ncountry total number of countries 

nemp number of empires 

Nimp number of imperialists 

npop population size 

Nrev number of variables selected for revolution 

NTC normalized total cost of empires 

Nvar dimension of optimization problem 

prev variable percentage of a colony changed during revolution 

P acceptance probability 

PSO particle swarm optimization 

Pf final acceptance probability 

PS starting acceptance probability 

p-value probability value 

SA simulated annealing 

S1 long-period spectral response acceleration parameter 

Sa(t,T) acceleration spectra produced by Endurance Time excitations at time t 

and period T 

SaT(t,T) target acceleration spectra 

Sa
target(T) target acceleration spectra 

SS short-period spectral response acceleration parameter 

T period 

T temperature 

t time 

TC total costs of empires 

Tmax maximum period considered in the simulation process 

tmax duration of endurance time excitations 

Tmin minimum period considered in the simulation process 

t-value t-student test value 

xi optimization variable 

ẍ(τ) acceleration response of single degree of freedom systems 



xi,max  upper bound of optimization variables 

xi,min lower bound of optimization variables 

α weight constant 

α cooling factor 

β assimilation parameter 

ξ weight factor for computing total cost of empires 

µrev percentage of colonies chosen for revolution in the ICA 

σrev standard deviation of revolution 

ϕ(t)  scaling function 

ψ(t) mother wavelet function 
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