
New measures for comparing optimization algorithms on dynamic
optimization problems

Javidan Kazemi Kordestani1 • Alireza Rezvanian2,3 • Mohammad Reza Meybodi2

� Springer Science+Business Media Dordrecht 2016

Abstract Dynamic optimization problems have emerged

as an important field of research during the last two dec-

ades, since many real-world optimization problems are

changing over time. These problems need fast and accurate

algorithms, not only to locate the optimum in a limited

amount of time but also track its trajectories as close as

possible. Although lots of research efforts have been given

in developing dynamic benchmark generator/problems and

proposing algorithms to solve these problems, the role of

numerical performance measurements have been barely

considered in the literature. Several performance criteria

have been already proposed to evaluate the performance of

algorithms. However, because they only take confined

aspects of the algorithms into consideration, they do not

provide enough information about the effectiveness of each

algorithm. In this paper, at first we review the existing

performance measures and then we present a set of two

measures as a framework for comparing algorithms in

dynamic environments, named fitness adaptation speed and

alpha–accuracy. A comparative study is then conducted

among different state-of-the-art algorithms on moving

peaks benchmark via proposed metrics, along with several

other performance measures, to demonstrate the relative

advantages of the introduced measures. We hope that the

collected knowledge in this paper opens a door toward a

more comprehensive comparison among algorithms for

dynamic optimization problems.

Keywords Performance measures � Dynamic optimization

problems � Swarm intelligence � Fitness adaptation speed �
Alpha-accuracy measure

1 Introduction

Almost all aspects of science and engineering include the

optimization of a set of complex problems in which the

objectives of the optimization, some restrictions or other

elements of the problems may vary over time. In these

cases, the optimum solution(s) to the problems are subject

to change as well. Unlike the optimization in static envi-

ronments (Hasanzadeh et al. 2013; Kordestani et al. 2014a;

Hasanzadeh et al. 2016), the goal of optimization in

dynamic problems is no longer just locating the optimal

solution(s), but tracking the trajectories of optimum(s) over

time with a high level of accuracy (Kordestani et al.

2014b, 2016; Ranginkaman et al. 2014; Sharifi et al. 2015;

Alizadeh et al. 2013).

So far, extensive research has been conducted on various

aspects of dynamic optimization problems (DOPs). A

group of attempts has been focused on modeling different

dynamic situations. Different benchmark generators/prob-

lems have been devised in the literature to approximate

real-world dynamic problems. For example, Branke
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(Branke 2002) developed moving peaks benchmark (MPB)

which is a real-valued dynamic maximization problem with

a D-dimensional landscape consisting of N peaks, where

the height, the width and the position of each peak is

changed slightly every the time a change occurs in the

environment.

Numerous techniques have been developed for solving

DOPs, among them evolutionary optimization techniques

are the most widely used methods to address DOPs. These

methods should conquer several challenges in order to

obtain promising results in dynamic environments. The

most serious challenge when solving DOPs is the problem

of diversity loss in population-based evolutionary opti-

mization techniques, which arises due to convergence of

the population and may prevent individuals from success-

fully tracking the moving optima (Blackwell 2005).

Different strategies have been presented to deal with

diversity loss problem which can be categorized into four

groups: (a) increasing diversity (Woldesenbet and Yen

2009; Richter and Dietel 2010), (b) maintaining diversity

throughout the run (Yu et al. 2009; Rezvanian et al. 2010),

(c) memory-based approaches (Yang 2007; Yang and Yao

2008) and (d) multi-population schemes (Blackwell and

Branke 2006; Yang and Li 2010).

Multi-population schemes have attracted a great deal of

attention due to their effectiveness. Several multi-popula-

tion approaches with different perspectives have been

proposed in the field to deal with DOPs challenges, which

include methods based on atom analogy (Blackwell and

Branke 2006; Blackwell et al. 2008), algorithms based on a

parent population and some child populations (Li and Yang

2008; Kamosi et al. 2010a, b), space-partitioning tech-

niques (Hashemi and Meybodi 2009a, b; Noroozi et al.

2011; Kianfar and Meybodi 2012; Noroozi et al. 2012;

Sharifi et al. 2012), clustering models (Yang and Li 2010;

Li et al. 2012; Li and Yang 2012; Nickabadi et al. 2012),

collaborative approaches (Lung and Dumitrescu

2007, 2010), adaptive algorithms (Branke 2002; Rezazadeh

et al. 2011), and hybrid methods (Nabizadeh et al.

2012a, b; Kordestani et al. 2014b).

Another group of studies have examined the issue of

change in DOPs include change detection and response to

change (Hu and Eberhart 2002), change prediction (Simões

and Costa 2008, 2009), and eliminating the need for change

detection (Li et al. 2012).

In addition, several studies have been done on deep

reviewing of academic research (Cruz et al. 2010; Nguyen

et al. 2012) and analyzing different methods (del Amo et al.

2012) for solving DOPs.

Assessing the quality of different optimization tech-

niques, comparing different methods and ranking various

algorithms (or variations of the same algorithm) would be

useful for selecting an appropriate algorithm to a particular

problem. This requires a set of suitable measures and

metrics to evaluate the quality of different algorithms and

select a technique that meets the objectives intended.

Several criteria have been already proposed in the lit-

erature in order to measure the optimality of the opti-

mization algorithms for DOPs. However, most of them are

unable to provide a meaningful interpretation of the supe-

riority of one method over the others. Besides, they are not

applicable in many real-world problems where the opti-

mality is not the main concern. Therefore, other aspects

should be taken account in many real-world optimizations

problems.

In this paper, a set of two measures is presented, one for

evaluating the speed and the other for evaluating the

accuracy of the optimization algorithms, which is used for

comparing the performance of different algorithms in

dynamic environments. We will then compare a number of

state-of-the-art algorithms on MPB using the proposed

measures, as well as other metrics, to show the relative

advantages of our proposed set of performance measures.

The rest of this paper is organized as follows: Sect. 2

reviews some of the existing performance measures that

are commonly used in the literature. Proposed measures are

described in Sect. 3. Section 4 is devoted to experimental

studies and discussions. Finally, Sect. 5 concludes the

paper and presents several future directions for further

research regarding performance measurements in dynamic

environments.

2 Related work

In this section, we provide an overview on some of the

existing performance measures for dynamic environments

based on the survey by Nguyen et al. (2012). The authors

divided the existing performance measures into two major

categories: (a) optimality-based measures, and (b) behav-

ior-based measures. The following provides a detailed

description of each class of performance measures.

2.1 Optimality-based performance measures

Optimality-based performance measures are those metrics

that evaluate the ability of different algorithms in terms of

finding the optimum or near optimum solutions. Several

optimality-based measures will be examined in the sequel.

2.1.1 Best-of-generation

The most commonly used measure in the literature to

compare different algorithms is the Best-of-generation, in

which the best fitness value at each generation is averaged

over several runs and plotted against the generation
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numbers (Yang 2008; Cheng and Yang 2010). This mea-

sure provides a visual view of the performance of different

algorithms. The advantage of this measure is that it can

provide a tangible picture of how the tested algorithm has

performed. However, it is difficult to determine whether

the final outcomes of two algorithms are statically

different.

2.1.2 Average best-of-generation

Another widely used optimality-based performance mea-

sure is the average Best-of-generation which is calculated

as follows (Yang and Yao 2008; Yang et al. 2010):

�FBOG ¼ 1

G
�
XG

i¼1

1

N
�
XN

j¼1

FBOGij

 !
ð1Þ

where G is the total number of generations in a run, N is the

total number of runs and FBOGij
is the fitness value of the

best individual of generation i of run j.

2.1.3 Mean fitness error

This measure (Richter and Yang 2009; Wang et al. 2010) is

expressed as the mean difference between the best fitness

value of the population and the optimum value of the

search space averaged across the total number of runs,

which is then averaged over all generations. Mean fitness

error is formulated as below (Wang et al. 2010):

�EBG ¼ 1

G
�
XG

i¼1

1

N
�
XN

j¼1

F�
ij � FBGij

� � !
ð2Þ

where G is the number of generations, N is the total number

of runs, F�
ij and FBGij

are the fitness of global optimum and

the best particle in the population of generation i of run j,

respectively.

2.1.4 Best-error-before-change

This measure is described as a difference between the value

of the current best individual in the population and the

optimum value of the environment ‘‘just before the

moment of change’’ (Trojanowski and Michalewicz 1999;

Li et al. 2008). This measure is calculated as follows:

�Es ¼
1

C
�
XC

i¼1

es;i ð3Þ

Where C is the total number of changes and es;i is the

fitness error of the best individual right before the ith

change. The smaller the obtained value, the better the

optimization algorithm. Although this measure is useful

in situations where we are interested in the average quality

of the best solution right before the change, it does not

allow studying the performance of an algorithm along the

whole search process. Moreover, the measure requires the

information about the global optimum value of the envi-

ronment at each period, which may be unavailable in real-

world applications.

2.1.5 Modified offline error

One of the most commonly used performance criteria in

DOPs is modified offline error (Branke 2002) which is

calculated as:

EMO ¼ 1

T
�
XT

t¼1

e�t ð4Þ

where T is the total number of function evaluations so far

and e�t is the minimum error gained by the optimization

algorithm since the last change. Closer value of this mea-

sure to zero shows a better optimization process. Despite

the fact that offline error is a generally accepted perfor-

mance measure in dynamic environments, the interpreta-

tion of this measure is not always meaningful. For

example, comparison of different algorithms in unknown

dynamic environments, where the number of peaks are

varying during the optimization, is only meaningful when

the algorithms are solving a problem with an equal number

of peaks.

2.1.6 Distance to the optimum

This measure is calculated as the distance between the best

individual of the population and the current optimum in the

environment (Ursem 2000; Li and Dam 2003).

DTO ¼ Dist besttp � opttp

� �
ð5Þ

where DTO represents distance to the optimum, Dist is

distance function, besttp and opt
t
p are the position of the best

individual of the population and the position of the opti-

mum solution in the search space at time t, respectively.

Smaller value of this measure means that the position of the

best individual in the population is nearer to the optimum

position of the search space. It is worth noticing that this

measure is only valid when the peaks in the landscape are

symmetric. Besides, the required information about the

exact position of the global optimum in the search space

may not be available in real-world situations.

2.1.7 Accuracy

Accuracy (Weicker 2002) is a measure in the range of

[0,1], with 0 for the least accurate and 1 for the most

accurate optimization. It is measured as:

New measures for comparing optimization algorithms on dynamic optimization problems
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accuracytF;EA ¼
F besttEA
� �

�MintF
MaxtF �MintF

ð6Þ

where F besttEA
� �

is the fitness value of the best individual

in the population of evolutionary algorithm at time t, MaxtF
and MintF are the maximum and the minimum fitness val-

ues of the search space at time t, respectively. However, the

computation of this measure depends on the absolute

maximum and minimum values in the search space, which

are not necessarily available in real-world situations.

Moreover, if the whole search space is a plateau in any

generation t, then the accuracy measure is not defined.

2.2 Behavior-based performance measures

Behavior-based performance measures evaluate a certain

aspect of the algorithms rather than the optimality. In the

following, we review some of the existing behavior-based

measures in the literature.

2.2.1 Stability

This measure (Weicker 2002), determines the impact of

environmental changes on the optimization accuracy.

stabtF;EA ¼ Max 0; accuracyt�1
F;EA � accuracytF;EA

n o
ð7Þ

The value of stability is in the range of [0, 1], with 0 for the

most stable optimization and 1 for the least stable opti-

mization. It should be noted that the most stable algorithm

is not necessarily the best performing one in terms of

producing high quality solutions.

2.2.2 Reactivity

How fast an algorithm can adapt to changes in the envi-

ronment, is determined by the reactivity measure (Weicker

2002). The e-reactivity for an algorithm at time t is defined

as:

react
tð Þ
F;EA ¼ min

� t0 � tjt\t0 �maxgen; t0 2 N;
accuracy

t0ð Þ
F;EA

accuracy
t0ð Þ
F;EA

� 1� e

( )

� [ maxgen� tf g ð8Þ

which maxgen refers to the number of generations in

evolutionary algorithms, or other types of generation-based

algorithms. Algorithms with lower reactivity values are

able to react better and faster against changes in the

environment. However, the measure is undefined in periods

where accuracy is equal to zero.

2.2.3 Fitness degradation

Fitness degradation (bdegradation) measures the degradation

of algorithms in dynamic environments using linear

regression over the consecutive accuracy values achieved

at the end of each period (Nguyen et al. 2012; del Amo

et al. 2012). This measure is calculated as:

y ¼ bdegradationx~þ e ð9Þ

xi ¼
1

N

XN

j¼1

f periodbest ji
� �

ð10Þ

where y is an approximation to the overall accuracy, x~ is a

vector of size equal to the environmental periods, and

bdegradation is the slope of the regression line. Each xi is the

accuracy of the best solution found in period i averaged

over all independent runs N.

The positive value of bdegradation indicates that the

algorithm can produce high quality solutions after changes

in the environment. On the contrary, a negative value

implies the loss of solution quality, where a smaller value

implies a deeper degradation.

2.2.4 Area below curve

A more general performance measure for DOPs is area

below curve (ABC) (Alba and Sarasola 2010). This crite-

rion calculates an attribute of a population as the area

below curve. If pA xð Þ be the function which determines a

certain attribute value achieved by algorithm A in each

generation, then the normalized area below pA xð Þ is cal-

culated as:

abcAp ¼ 1

N

ZN

1

pA xð Þdx ð11Þ

where N is the total number of generations, and r
N

1

pA xð Þdx
is the definite integral of pA xð Þ over the interval 1;N½ �.

2.2.5 Dissimilarity factor

Dissimilarity factor (Ayvaz et al. 2012) evaluates the

ability of an optimization algorithm to recover after a

change. This measure is based on the similarity between

optimal values at each generation and the best values of a

given algorithm at each generation, in terms of Euclidian

distance and cross correlation. Dissimilarity factor of an

algorithm is calculated as:

DFEA ¼ We � eSEA þWc � csEA ð12Þ

In above equation We and Wc are the coefficients of

Euclidean distance and cross correlation, respectively. esEA
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and csEA are scaled versions of Euclidean distance and

normalized cross correlation terms, respectively. Dissimi-

larity value of an algorithm is in the range of [0,1], where 0

is for the best and 1 is for the worst. A summary of the

reviewed performance measures for dynamic environments

is given in Table 1.

Other types of performance criteria have been also

proposed for measuring other aspects of optimization

algorithms in dynamic environments such as diversity

(Branke 2002; Yang and Yao 2008), and robustness (Handa

et al. 2007).

Although all mentioned measures are very profitable in

studying and comparing different aspects of optimization

algorithms in dynamic environments, they do not provide a

general tool for selecting an appropriate algorithm for a

specific problem. Besides, they only consider one aspect of

the algorithms into account. Therefore, we believe that it is

necessary to provide a collection of measures to draw a

more comprehensive conclusion on effectiveness of an

algorithm in a practical application.

To address above discussion, we provide a set of two

measures to evaluate two different aspects of the opti-

mization algorithms in dynamic environments, simultane-

ously. First measure is fitness adaptation speed (FAS)

which is a behavior-based measure and determines the

speed of search process. Second measure is alpha-accuracy

which is an optimality-based measure and can evaluate the

accuracy of the optimization. The collection of these two

measures is used as a framework for comparing the effi-

ciency of different methods in DOPs.

3 Proposed measures

One crucial requirement in real-world optimization prob-

lems is to establish a balance between the accuracy and

speed of the optimization. To meet this requirement, in this

section we attempt to introduce two measures to assess the

speed and accuracy of algorithms in dynamic environ-

ments. A complete description of our proposed measures is

given in the rest of this section.

3.1 Fitness adaptation speed

This section presents the FAS measure for evaluating the

speed of algorithms in dynamic environments. First, let us

provide some definitions which are used in our work.

Definition 1 (speed) Consider an object moving along a

straight line, the speed of the object is the magnitude

or absolute value of its velocity. Suppose the position of

the object is a function of time t, x tð Þ, in some time range.

The average velocity of the object between any two time

step, t1 and t2, is calculated as follows:

Table 1 Summary of some of the existing performance measures for dynamic environments

Name References Measure

Mean best-of-

generation

Yang and Yao (2008), Cheng and Yang

(2010), Yang et al. (2010)

The ability of the algorithm to find a better solution at each generation

Mean fitness

error

Richter and Yang (2009), Wang et al.

(2010)

The mean difference between the best fitness value of the population and the

optimum value of the search space averaged across total number of runs

Best-error-

before-

change

Trojanowski and Michalewicz (1999), Li

et al. (2008)

The average quality of the final solution that the algorithm found, just before the

change

Modified

offline error

Branke (2002) The average fitness error of the best position found by the algorithm at every point

in time

Distance to the

optimum

Ursem (2000, Li and Dam (2003) The ability of the algorithm to find nearer positions in the search space to the

optimum

Accuracy Weicker (2002), Alba et al. (2010),

Sarasola et al. (2013)

The goodness of the best solution in the current population with respect to the best

and worst known values in the search space

Stability Weicker (2002), Alba et al. (2010),

Sarasola et al. (2013)

The impact of changes in the environment on optimization accuracy

Reactivity Weicker (2002), Alba et al. (2010),

Sarasola et al. (2013)

The ability of the algorithm to react quickly to changes

Fitness

degradation

Alba et al. (2010), Sarasola et al. (2013) The degradation of algorithms in dynamic environments

Area below

curve

Alba and Sarasola (2010) An attribute of a population as the area below curve

Dissimilarity

factor

Ayvaz et al. (2012) The ability of an optimization algorithm to recover after a change

New measures for comparing optimization algorithms on dynamic optimization problems
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�V ¼ Dx
Dt

¼ x t2ð Þ � x t1ð Þ
t2 � t1

ð13Þ

where �V is the speed of the object, Dx is the distance

travelled between x t1ð Þ and x t2ð Þ, and Dt is the elapsed time

for the object to travel from x t1ð Þ to x t2ð Þ. Considering the

position function x tð Þ, the average velocity between any

two points x1 and x2 can be obtained by calculating the

slope of the straight line which connects x1 to x2. Here we

adopt the definition of speed from the 2-dimensional (2D)

space of position and time and modify it to use in 2D space

of fitness value and function evaluation.

Definition 2 (fitness mobility) The numbers of fitness

evaluations in the interval between two successive envi-

ronmental changes, in which the best value of the algo-

rithm reaches to its highest level and then remains steady.

Definition 3 (fitness stability) The number of fitness

evaluations before the next change in the environment, in

which the best value obtained by the algorithm remains

unchanged.

The concepts of fitness mobility and fitness stability are

illustrated in Figs. 1 and 2. Figure 1 shows two different

states of a typical dynamic environment with three peaks

and change frequency 5000. In the first state (Black

peaks), the optimization algorithm spends a number of

function evaluations to get the best individual from point

x1 to point x2 and improves the quality of the best found

solution of Df. Then a change occurs and the environment

goes to the second state (Gray peaks). In second state,

again the optimization algorithm spends a number of

evaluations to elevate the quality of the best solution.

Figure 2 illustrates the evolution of the fitness value of the

best individual of the population in the first state of the

environment.

Regarding the above definitions, the FAS of the algo-

rithm between two points x1 and x2 is equal to the slope of

the straight line which connects (f1, 0) and (f2, 3000) in the

fitness mobility period (Fig. 2). Therefore, we can formu-

late the FAS as:

FAS ¼ tan h ¼ Df
fitnessmobility

ð14Þ

It is clear that between two different algorithms that reach

to the same best fitness in a period, the algorithm with the

smaller fitness mobility or bigger fitness stability is faster.

The overall average FAS of the algorithm is then calculated

as follows:

FAS ¼ 1

G
�
XG

i¼1

1

N
�
XN

j¼1

Dfij
fitnessmobilityð Þij

 !
ð15Þ

where G is the total number of environmental changes, and

N is the total number of runs. Dfij and fitnessmobilityð Þij are

Fig. 2 Evolution of the fitness

values versus the number of

function evaluations for the best

individual of the population in a

period between two successive

changes in the environment. h is

the angle between straight line

connecting f1 and f2, and the line

parallel to the function

evaluation axis

∆x 

x*
2 x2 , x*

1 x1 

m1 

f *1 

f1 

f2 

∆f f *2 

m3 

m2 

m1 

m2 

m3 

Fitness 

Search space 

Fig. 1 Two different states of a typical 1-dimensional dynamic

environment with three peaks (m1, m2 and m3). Dx is the distance

travelled between x1 and x2. Df is the improvement in quality of the

best solution in the first state of the environment (f2 - f1)
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the values of Df and fitness mobility in the ith change

period and jth run, respectively.

It should be noted that there may be several situations,

e.g. rapidly or severely changing environment, where the

optimization algorithm may not have enough time to reach

the fitness stability stage before the next change occurs in

the environment. In these situations, the FAS is calculated

as follows:

FAS ¼ 1

G
�
XG

i¼1

1

N
�
XN

j¼1

f ijmax � f
ij
init

wij

 !
ð16Þ

In above equation, again G is the total number of envi-

ronmental changes and N is the total number of runs. f ijmax is

the maximum fitness value achieved by the optimization

algorithm in the ith change period and jth run. f
ij
init is the

initial fitness value of the optimization algorithm in the ith

change period and jth run. It should be mention that in

Fig. 2, f1 ¼ f
ij
init. wij is the number of function evaluations

needed for an optimization algorithm to improve the fitness

value from f
ij
init to f ijmax in the ith change period and jth run.

This measure determines how fast an algorithm can

reach to its maximum performance in each state of the

environment. The minimum FAS is obtained when the best

value of the population remains unchanged during a period,

and the maximum FAS is obtained when the best value of

the population moves from global minimum in the search

space (Fmin) to global maximum in the search space (Fmax)

with spending just one function evaluation (seems unlikely

in practice). Hence, the range of FAS in theory will be

0; Fmax�Fmin

1

� �
.

3.2 Alpha-accuracy

This section presents the alpha-accuracy measure for assess-

ing the accuracy of the optimization algorithms in dynamic

environments. Alpha-accuracy aims to evaluate the degree of

closeness of the optimization performance to a certain level

during thewhole optimization process,which is presented as a

value in the range of [0,1]with 0 for the least and 1 for themost

accurate algorithm. Moreover, this measure is able to deter-

mine the ability of different algorithms in gaining from

information obtained in the former stages of the search pro-

cess. The alpha-accuracy defines an acceptable error threshold

at any point of optimization process. Therefore, we first need

to model the acceptable error threshold during the optimiza-

tion. For this purpose, we define a time-dependant function

a tð Þ. The value of a at each time is calculated according to the

following linearly decreasing scheme:

a tð Þ ¼ f � nð Þ � t

f � nð Þ � ainitial � afinal
� �

þ afinal ð17Þ

where f is the change frequency of the environment, n is the
total number of environmental changes, t is the current

evaluation number, ainitial and afinal are the value of a at the

beginning and ending of the optimization process, respec-

tively. Alpha-accuracy for a single run is then calculated

according to Procedure 1.

Procedure 1. General procedure for calcula�ng alpha-accuracy
1. Input: recorded fitness error of the best individual
2. Output: alpha-accuracy
3. Let denotes m different states of a typical dynamic environment DOP
4. Let indicates the success or failure of the op�miza�on algorithm corresponding to m different states of 

DOP where if the op�miza�on algorithm fails to reach to the expected accuracy in state of the 
environment, otherwise 

5. begin
6. for each state of dynamic environment DOP do
7. repeat
8. Calculate according to Eq. (17)
9. if fitness error of the best individual <= then
10. = 1
11. go to the next state of the environment (i=i+1)
12. else
13. = 0
14. end-if
15. t=t+1
16. un�l next change in the environment
17. end-for
18. alpha-accuracy 
19. End

New measures for comparing optimization algorithms on dynamic optimization problems
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The above procedure calculates the number of envi-

ronments where the optimization algorithm is able to reach

to an acceptable level of error. The alpha-accuracy is fur-

ther averaged over the total number of runs. To facilitate

the understanding of alpha-accuracy, Fig. 3 shows an

example of how to calculate this measure. Figure 3 depicts

the evolution of the current fitness error of an optimization

algorithm along with the value of alpha threshold in an

environment which changes every 5000 fitness evaluations.

Regarding Fig. 3, the alpha-accuracy is equal to the portion

of the periods that the current fitness error of the algorithm

is below the threshold alpha. Therefore, the alpha-accuracy

is equal to 27
40
¼ 0:675. In Fig. 3, the values of ainitial and

afinal are 5 and 1, respectively. The initial and final value of

alpha depends on the application where the optimization

algorithm is applied to.

4 Experimental study

In this section we first describe the features of the MPB.

Then, we briefly describe a number of state-of-the-art

algorithms used in this study. Finally, obtained results by

different methods are presented and compared with each

other via several metrics. The experiments are divided into

two parts, where the first one compares different algorithms

and the second one compares different variations of the

same algorithm. Our purpose is essentially to demonstrate

the advantages of our proposed set of measures.

4.1 Experimental setup

4.1.1 Dynamic test function

One of the most widely used synthetic dynamic optimiza-

tion test suites in the literature is the MPB proposed by

Branke (1999), which is highly regarded due to its con-

figurability. MPB is a real-valued dynamic environment

with a D-dimensional landscape consisting of N peaks,

where the height, the width and the position of each peak is

changed slightly every the time a change occurs in the

environment. Different landscapes can be defined by

specifying the shape of the peaks. A common peak shape is

conical which is defined as follows:

f ðx~; tÞ ¼ max
i¼1;...;N

Ht ið Þ �Wt ið Þ

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
XD

j¼1

xt jð Þ � Xt i; jð Þð Þ2
vuut

ð18Þ

where Ht ið Þ andWt ið Þ are the height and the width of peak i
at time t, respectively. The coordinates of each dimension

j 2 1;D½ � related to the location of peak i at time t, are

expressed by Xt i; jð Þ, and D is the problem dimensionality.

A typical change of a single peak can be modeled as

follows:

Htþ1 ið Þ ¼ Ht ið Þ þ heightseverity:rh ð19Þ

Wtþ1 ið Þ ¼ Wt ið Þ þ widthseverity:rw ð20Þ

X~tþ1 ið Þ ¼ X~t ið Þ þ v~tþ1 ið Þ ð21Þ

v~tþ1 ið Þ ¼ s

r~þ v~t ið Þj j 1� kð Þr~þ kv~t ið Þð Þ ð21Þ

where rh and rw are two random Gaussian numbers with

zero mean and standard deviation one. Moreover, the shift

vector v~t ið Þ is a linear combination of a random vector r~,

which is created by drawing random numbers in [-0.5,

0.5] for each dimension, and the current shift vector v~t ið Þ,
and normalized to the length s. Parameter k 2 0:0; 1:0½ �
specifies the correlation of each peak’s changes to the

previous one. This parameter determine the trajectory of

changes, where k = 0 means that the peaks are shifted in

completely random directions and k = 1 means that the

peaks always follow the same direction, until they hit the

boundaries where they bounce off (Table 2).

4.1.2 Selected algorithms to solve MPB

In this subsection we introduce algorithms used in this

study. These algorithms include RPSO (Hu and Eberhart

2002), mQSO (Blackwell and Branke 2006), AmQSO

Fig. 3 Current fitness error

along with alpha-accuracy

threshold in an environment

with 40 periods. The vertical

dotted lines in the

figure indicate the start of a new

period
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(Blackwell and Branke 2004), and HmSO (Kamosi et al.

2010b), which we will briefly describe in the following.

The first algorithm is re-randomization PSO (RPSO)

proposed by Hu and Eberhart (Hu and Eberhart 2002). In

RPSO, upon detecting a change in the environment, the

entire or a part of the swarm is randomly relocated in the

search space. Their results suggest that the re-randomiza-

tion of a small portion of the swarm (i.e. 10% in their

study) can improve the ability of the canonical PSO in

tracking the shifting optimum, when the step size of the

environmental change is small.

Blackwell and Branke (2006) introduced a multi-swarm

algorithm based on the atomic metaphor, named mQSO.

The mQSO starts with a predefined number of swarms,

typically equal to the number of peaks in the landscape,

exploring in the search space to locate the optima. In

mQSO, each swarm is composed of a number of neutral

particles and a number of quantum particles. Neutral par-

ticles update their velocity and position according to the

principles of pure PSO. On the other hand, quantum par-

ticles do not move according to the PSO dynamics but

change their positions around the center of the best particle

of the swarm according to a random uniform distribution

with radius rcloud. Consequently, they never converge, but

provide the swarm with a sustainable level of diversity

needed for tracking the shifting optimum. They also

introduced two operators to establish two forms of inter-

actions between swarms. The first operator was named

exclusion, which prevents populations from settling on the

same peak by reinitializing the worst performing swarm in

the search space. The second operator was referred to as

anti-convergence which is triggered whenever all swarms

converged, and removes the worst swarm from its peak and

reinitialize it in the search space. In another work, Black-

well (Blackwell and Branke 2004) introduced a self-

adaptive version of mQSO, called AmQSO, which

dynamically adjusts the number of swarms either by

spawning new swarms into the search space, or by

destroying redundant swarms.

Kamosi et al. (2010b) proposed a multi-swarm algo-

rithm for dynamic environments, which consists of a parent

swarm to explore the search space and a varying number of

child swarms to exploit promising areas found by the

parent swarm. In this method, called HmSO, the opti-

mization process starts with a parent swarm exploring the

entire search space for locating promising areas of the

search space. Whenever the fitness value of the best par-

ticle in the parent swarm improves, a child swarm will be

created as follows: (a) a number of particles located within

the radius r from the best particle of the parent swarm are

separated from the parent swarm and form a new child

swarm (b) a number of particles are randomly initialized in

a hyper-sphere with radius r/3 centered at the best particle

of the child swarm. Afterwards, a number of randomly

initialized particles are added to the parent swarm in order

to compensate for the migration of particles from parent

swarm to the child swarm. After creating child swarms,

each of them exploits their respective sub-regions in the

search space. Upon detecting a collision between two child

swarms, the worse child swarm is removed. In case that a

particle of the parent swarm finds a better position in the

search territory of a child swarm, it replaces the local best

particle of the respective child swarm. Afterwards, the

particle of the parent swarm is reinitialized in the search

space. Moreover, inspired by hibernation phenomenon in

animals, unproductive search in child swarms is stopped by

‘‘sleeping’’ converged child swarms. This hibernation

mechanism makes more function evaluations available for

the parent swarm to explore the search space, and for the

other child swarms to exploit their respective areas in the

landscape.

Yang and Li (2010) employed a single linkage hierar-

chical clustering method in CPSO to create an adaptive

number of sub-swarms, and assign each of them to dif-

ferent promising sub-regions of the search space. Each

created sub-swarm then uses the PSO with a modified gbest

model to exploit the respective region. In order to avoid

different clusters from crowding in the same area, they

have applied a redundancy control check. In this regard,

when two sub-swarms are located on a single peak, first

they are merged together and then the worst performing

individuals of the sub-swarm are removed until its size is

equal to a pre-defined threshold.

The parameters setting for each tested algorithm is given

in Table 3.

Table 2 Default parameter settings for the MPB

Parameter Default value

Number of peaks (m) 10

Height severity 7

Width severity 1

Peak function Cone

Number of dimensions (d) 5

Height range [ [30, 70]

Width range [ [1, 12]

Standard height 50

Standard width 0

Search space range [0, 100]d

Frequency of change (f) 5000

Shift severity (s) 1

Correlation coefficient 0

Change step size Constant

Basis function FALSE

New measures for comparing optimization algorithms on dynamic optimization problems
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4.1.3 Performance measures

In order to validate the usefulness of our proposed set of

performance measures, we conduct a comparative study

along previously mentioned methods on MPB via the Of-

fline performance (Branke 2002), modified offline error

(Branke 2002), accuracy (Weicker 2002), best-error-be-

fore-change (Li et al. 2008) and our proposed set of mea-

sures (alpha-accuracy and FAS).

4.1.4 Experimental settings

For each experiment of an algorithm on a specific DOP,

100 independent runs are executed with different random

seeds and the results are reported in terms of average and

standard deviation. For each run of an algorithm, 100

environmental changes are considered as the termination

condition which results in f 9 100 function evaluations.

4.2 Comparison among different algorithms

The experimental results of four PSO variants on different

dynamic environments are presented in Table 4. In

Table 4, the results of the best performing algorithm,

which are significantly superior to the others with a t test

at 5% significant level, are printed in boldface. In order to

counteract the effect of type I error, Holm–Bonferroni

correction has been applied to control the family-wise

error rate. In situations where the outcomes of the t-test

reveal that the results of the best performing algorithms

are not statically significant, all of them are printed in

boldface.

4.2.1 Offline performance

Figure 4 shows the average offline fitness of different

methods across 20,000 fitness evaluations on MPB with

default dynamics. Considering Fig. 4, it can be observed

that RPSO is clearly the worst performing method.

Among the other contestant algorithms, AmQSO and

HmSO are able to grow faster. However, after 50,000

evaluations, mQSO, AmQSO and HmSO shows a very

similar behavior. From Fig. 4, it is difficult to draw

conclusions about the effectiveness of the compared

algorithms. In particular, curves can be hardly identified

and the Figure does not indicate the complete picture of

the algorithms performance. Therefore, numerical results

are preferable. The reported offline performances in

Table 3 Parameter settings for different PSO-based algorithms used in this study

Algorithms Setting

RPSO Swarm size = 100, vclamp = [-20, 20], the rate of re-randomization = 50%, c1 = c2 = 1.49, w = 0.72984

mQSO mQSO with configuration 10 (5 ? 5q) was adopted, rexcl = rconv = 31.5, c1 = c2 = 2.05, v = 0.72984, rq = 0.5 9 s

AmQSO The number of neutral particles in each swarm = 5, number of quantum particles in each swarm = 1, nexcess = 1, c1 = c2 = 2.05,

v = 0.72984, rq = 0.5 9 s

HmSO The number of particles in the parent swarm = 5, number of particles in each child swarm = 10, c1 = c2 = 1.49, v = 0.72984,

vinit = [-10, 10], n = 5, rinit = 10, rcollision = 30, rconv = 1, rrls = 0.5 9 s

CPSO initial swarm size of the cradle swarm (M) = {100, 70, 50}, max_subsize (N) = {2, 3, 4}, Roverlap = 0.7, w max = 0.6, w min = 0.3,

c1 = c2 = 1.7

Table 4 Numerical comparison of RPSO, mQSO, AmQSO, and HmSO with respect to different measures on various dynamic environments

generated by MPB

Measure* Dynamic Algorithms

RPSO mQSO AmQSO HmSO

Offline performance default 51.0486 ± 0.41 64.5152 ± 0.09 64.6442 ± 0.09 64.9711 – 0.08

s = 3 50.4293 ± 0.36 63.3802 ± 0.09 63.4283 – 0.10 63.4043 – 0.09

s = 5 49.4959 ± 0.36 62.3351 ± 0.10 62.4816 – 0.11 62.1171 ± 0.09

f = 500 40.6582 ± 0.43 57.3230 ± 0.21 59.3151 ± 0.16 59.5909 – 0.11

f = 2500 49.4702 ± 0.38 63.4349 ± 0.11 63.6357 ± 0.10 63.9573 – 0.08

Modified offline error default 15.20 ± 0.33 1.77 ± 0.05 1.64 ± 0.05 1.42 – 0.03

s = 3 16.19 ± 0.34 2.90 ± 0.05 2.86 ± 0.06 2.80 – 0.05

s = 5 16.35 ± 0.33 3.95 ± 0.06 3.80 – 0.07 4.08 ± 0.05
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Table 4 indicate that HmSO and AmQSO show a better

performance on the tested dynamic environments. Among

these two algorithms, HmSO performs better. Regarding

Table 4, in most cases there is a slightly difference

between mQSO, AmQSO, and HmSO.

4.2.2 Modified offline error

The results of offline error are slightly different from those

of offline performance. A closer look at Table 4 shows that

the difference between the performance of RPSO and other

Table 4 continued

Measure* Dynamic Algorithms

RPSO mQSO AmQSO HmSO

f = 500 24.88 ± 0.41 8.96 ± 0.19 6.97 ± 0.13 6.77 – 0.10

f = 2500 16.63 ± 0.35 2.85 ± 0.07 2.65 ± 0.05 2.29 – 0.04

Accuracy default 0.56 ± 0.01 0.94 ± 0.003 0.95 ± 0.003 0.98 – 0.001

s = 3 0.58 ± 0.01 0.92 ± 0.002 0.93 ± 0.003 0.97 – 0.001

s = 5 0.60 ± 0.01 0.91 ± 0.002 0.92 ± 0.003 0.97 – 0.001

f = 500 0.31 ± 0.01 0.65 ± 0.01 0.73 ± 0.01 0.86 – 0.003

f = 2500 0.53 ± 0.01 0.89 ± 0.04 0.91 ± 0.03 0.97 – 0.001

Best-error-before-change default 13.23 ± 0.31 0.84 ± 0.05 0.73 ± 0.05 0.47 – 0.03

s = 3 12.27 ± 0.31 1.05 ± 0.04 0.91 ± 0.05 0.66 – 0.04

s = 5 12.50 ± 0.33 1.35 ± 0.04 1.06 ± 0.05 0.94 – 0.05

f = 500 21.93 ± 0.37 4.91 ± 0.15 3.84 – 0.12 4.18 ± 0.09

f = 2500 15.38 ± 0.37 1.46 ± 0.06 1.25 ± 0.05 0.81 – 0.04

Alpha-accuracy(20,10)� default 0.4751 ± 0.0133 0.9832 ± 0.0022 0.9838 ± 0.0019 0.9884 – 0.0007

s = 3 0.4813 ± 0.0124 0.9832 ± 0.0020 0.9819 ± 0.0022 0.9898 – 0.0007

s = 5 0.4918 ± 0.0135 0.9822 ± 0.0019 0.9816 ± 0.0022 0.9888 – 0.0006

f = 500 0.1696 ± 0.0090 0.8705 ± 0.0080 0.9149 ± 0.0069 0.9634 – 0.0032

f = 2500 0.4046 ± 0.0126 0.9684 ± 0.0030 0.9735 ± 0.0026 0.9828 – 0.0011

Alpha-accuracy(10,5) default 0.3082 ± 0.0101 0.9445 ± 0.0045 0.9481 ± 0.0042 0.9781 – 0.0016

s = 3 0.3131 ± 0.0108 0.9446 ± 0.0041 0.9456 ± 0.0046 0.9722 – 0.0024

s = 5 0.3263 ± 0.0101 0.9345 ± 0.0040 0.9407 ± 0.0049 0.9606 – 0.0100

f = 500 0.0483 ± 0.0034 0.7596 ± 0.0098 0.7873 ± 0.0087 0.8452 – 0.0111

f = 2500 0.2355 ± 0.0103 0.9160 ± 0.0050 0.9254 ± 0.0047 0.9574 – 0.0101

Alpha-accuracy(5,2.5) default 0.2221 ± 0.0092 0.9021 ± 0.0058 0.9155 ± 0.0060 0.9477 – 0.0041

s = 3 0.2424 ± 0.0094 0.8944 ± 0.0055 0.9040 ± 0.0066 0.9441 – 0.0042

s = 5 0.2583 ± 0.0084 0.8641 ± 0.0056 0.8992 ± 0.0071 0.9216 – 0.0051

f = 500 0.0043 ± 7.68E-04 0.5710 ± 0.0102 0.5578 ± 0.0099 0.6081 – 0.0096

f = 2500 0.1392 ± 0.0072 0.8599 ± 0.0066 0.8776 ± 0.0062 0.9175 – 0.0050

Alpha-accuracy(2.5,1.25) default 0.1822 ± 0.0071 0.8684 ± 0.0072 0.8900 ± 0.0077 0.9166 – 0.0056

s = 3 0.1748 ± 0.0075 0.8347 ± 0.0073 0.8644 ± 0.0080 0.9126 – 0.0055

s = 5 0.1862 ± 0.0074 0.7513 ± 0.0070 0.8282 ± 0.0085 0.8826 – 0.0069

f = 500 0.0003 ± 0.0001 0.2929 ± 0.0100 0.2919 ± 0.0090 0.3376 – 0.0100

f = 2500 0.0690 ± 0.0042 0.8021 ± 0.0082 0.8234 ± 0.0077 0.8962 – 0.0052

FAS default 0.0073 ± 1.40E-03 0.0100 ± 1.65E-04 0.0115 ± 2.10E-04 0.0185 – 2.67E-04

s = 3 0.0044 ± 2.90E-04 0.0126 ± 1.69E-04 0.0134 ± 1.75E-04 0.0188 – 3.97E-04

s = 5 0.0049 ± 2.46E-04 0.0150 ± 1.75E-04 0.0151 ± 2.24E-04 0.0185 – 2.48E-04

f = 500 1.1160 – 3.54E-02 0.1853 ± 4.10E-03 0.1681 ± 3.40E-03 0.1816 ± 6.40E-03

f = 2500 0.0830 – 8.80E-03 0.0237 ± 4.95E-04 0.0290 ± 5.93E-04 0.0389 ± 7.08E-04

Results are the mean ± standard error over 100 runs

The best results obtained for each DOP is highlighted in boldface

* Lower values for offline performance, modified offline error and best-error-before-change indicate better optimization process. Higher values

for accuracy, alpha-accuracy and FAS mean better optimization process
� Alpha-accuracy (a, b) means that the value of alpha is reduced from a to b during the optimization process
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contestants using offline error is more significant. For

example, in dynamic environment with f = 500, RPSO is

7.26 time worse than HmSO. However, according to offline

performance, this difference is only 1.29 times.

4.2.3 Accuracy

As mentioned in Sect. 2, the computation of this measure

requires information about the MaxtF and MintF . The value

of MaxtF in MPB is the fitness of the highest peak in the

landscape at time t. We also compute the value of MintF for

each period of the environment. It is worth noticing that

computation of MintF impose additional computation

complexity to the system. The accuracy of the tested

algorithms at the moment of change (t is the last time step

of each period) is reported in Table 4.

From Table 4, we can observe that all tested algorithms,

except RPSO, achieve good results. Regarding mQSO and

AmQSO on DOP with default environmental dynamics,

s = 3, and s = 5, it is difficult to determine the best per-

forming algorithm among them. Also, the result of accu-

racy does not confirm the previous interpretations of the

results obtained by offline performance and modified off-

line error. It should be noted that when measuring the

performance of different algorithms on DOP with s = 3

using offline performance and modified offline error,

AmQSO is the best performing algorithm. However, it is

observed in Table 4 that HmSO is the best performing PSO

variants in terms of accuracy.

4.2.4 Best-error-before-change

As can be seen in Table 4, there is a bigger difference

between tested algorithms using best-error-before-change

measure than the other measures. For example, the offline

performance, modified offline error and accuracy for the

dynamic environment with s = 3, the difference between

mQSO, AmQSO, and HmSO is not very severe. However,

when we consider best-error-before-change as a measure

this difference becomes more sever. Although offline error

is a generally accepted performance measure in the liter-

ature, it does not provide a meaningful interpretation about

the superiority of one method over the other. Besides, it is

difficult to understand how better an algorithm can perform

in comparison with another method.

4.2.5 Alpha-accuracy and fitness adaptation speed

In this section, we elaborately interpret the results of alpha-

accuracy and FAS. Our goal is to specifically emphasize on

the relative advantages of our proposed measures.

The very first point which is obvious from Table 4 is

that increasing the desired optimization accuracy level will

result in decreasing the alpha-accuracy. As can be

observed, when we change the range of alpha from

alpha(20,10) to alpha(10,5) and alpha(5,2.5), the obtained

results of all algorithms are degraded. Regarding Table 4,

when we change the range of alpha from alpha(20,10) to

alpha(10,5), the results of HmSO degrades just 1.05%. For

RPSO, mQSO and AmQSO this degradation in the alpha-

accuracy is 35.13, 3.94 and 3.63%, respectively. Therefore,

by controlling the value of the alpha we can obtain more

information about the performance of different algorithms.

Regarding FAS in Table 4, HmSO is the fastest algo-

rithm on 3 out of 5 dynamic environments, i.e. default,

s = 3 and s = 5. On fast changing environments, i.e.

f = 500 and f = 2500, RPSO has the fastest speed. How-

ever, this speed is at the cost of loosing accuracy.

Table 5 shows the outcome of the pairwise comparison

between different PSO-based methods. From Table 5, the

first conclusion is that RPSO is outperformed by all other

contestants in terms of alpha-accuracy. From the obtained

results, it is also clear that HmSO is the best performing

method in terms of both alpha-accuracy and FAS. Result of

our experiments reveal that the most accurate algorithm is

not necessarily the fastest one (in terms of FAS), and vice

versa.

Fig. 4 Current fitness error

along with alpha-accuracy

threshold in an environment

with 40 periods
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Comparing AmQSO and mQSO on environment with

f = 500, we can observe that the alpha-accuracy of both

algorithms are not statically significant but mQSO is faster.

Therefore, mQSO is more preferable for optimization of

this environment because it can reach to the expected

accuracy quicker. Hence, choosing an appropriate algo-

rithm for an application depends on the problem’s

demands.

4.2.6 A conceptual comparison among different

performance measures

Several conclusions can be drawn from the results provided

in the previous section which can be summarized as

follows:

(1) Offline performance, modified offline error, accuracy

and best-error-before-change do not allow meaning-

ful conclusions about the superiority of a method

over the others. In some experiments, the interpre-

tations of these measures appear to be in complete

contradiction with each other. For example, com-

paring AmQSO and HmSO on DOP with s = 500,

one can see that AmQSO outperforms HmSO using

offline performance and modified offline error

whereas HmSO outperforms AmQSO using accu-

racy and best-error-before-change.

(2) Unlike accuracy (Weicker 2002), the alpha-accuracy

is flexible and can provide more detail about the

performance of different methods. Regarding

Table 4, it is observed that AmQSO is superior to

mQSO on all tested DOPs using accuracy measure.

However, considering alpha-accuracy, we can see

that the interpretation of the results depends on

expected performance threshold. It means that if the

expected threshold is linearly decreased from 20 to

10, i.e. our performance measure is alpha-accu-

racy(20,10), on DOP with default environmental

dynamics AmQSO and mQSO can almost provide an

identical performance.

(3) In many real-world applications time is a critical

factor. Therefore, the speed of optimization process

is also very important. Here FAS can be used to

investigate how fast the solutions are provided by an

optimizer on DOPs. This measure is specifically

useful when two methods have identical optimality.

For example, comparing mQSO and AmQSO on

DOP with f = 500 (Table 5), it is observed that both

methods has identical performance using alpha-

accuracy(2.5,1.25). However, the FAS of mQSO is

better than that of AmQSO therefore mQSO is

preferable.

(4) All measures in Table 4, i.e. offline performance,

modified offline error, best-error-before-change and

accuracy, examine different algorithms only from

the optimality point of view. However, our proposed

set of measures is interpreted together and evaluates

the optimality and behaviour of different methods

simultaneously.

4.3 Comparison among different variations

of the same algorithm

The performance of different variations of CPSO were

evaluated on various DOPs with f = 5000, m = 10, d 2 {5,

10, 20, 30, 40, 50}, and s 2 {1, 2, 3, 4, 5}. Table 6 shows

the obtained results by CPSO(100,4), CPSO(70,3) and

CPSO(50,2) in different environments.

Different conclusion can be drawn from Table 6. Here

we highlight a number of important conclusions as follows:

• As can be observed In Table 6, CPSO(100,4) is the

fastest yet least accurate algorithm.

• In most of DOPs, CPSO(70,3) is the most accurate

method (with respect to alpha-accuracy).

• Some very interesting point about performance com-

parison among different variations of CPSO can be

observed in Table 6. For instance, in the environment

with s = 1 and d = 20, not only CPSO(70,3) is more

accurate than CPSO(50,2), but it is approximately

fifteen times faster.

Table 5 Results of the pairwise comparison between different PSO

variants in terms of (alpha-accuracy(2.5,1.25), FAS)

Dynamics mQSO AmQSO HmSO

RPSO default (5, m) (5, m) (5, 5)

s = 3 (5, m) (5, m) (5, 5)

s = 5 (5, m) (5, m) (5, 5)

f = 500 (5, m) (5, m) (5, m)

f = 2500 (5, m) (5, m) (5, m)

HmSO default (m, m) (m, m)

s = 3 (m, m) (m, m)

s = 5 (m, m) (m, m)

f = 500 (m, 5) (m, m)

f = 2500 (m, m) (m, m)

AmQSO default (m, m)

s = 3 (m, m)

s = 5 (m, m)

f = 500 (&, 5)

f = 2500 (m, m)

‘‘m’’ and ‘‘5’’ 0.05 level of significance by t-test. ‘‘m’’, ‘‘5’’ and

‘‘&’’ the performance of the corresponding algorithm in the row is

better than, worse than, and similar to that of the algorithm in the

column, respectively
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• It is evident by the results that the alpha-accuracy of

tested algorithms is more sensitive to the dimension-

ality of problem. It can be observed in Table 6 that the

alpha-accuracy of algorithms is less affected by the

severity of changes.

Experimental results show that the proposed set of

measures can provide a good tool for judging about the

performance of different methods and choosing a suit-

able optimizer for specific DOPs with respect to expected

accuracy and speed of optimization.

5 Conclusions and future works

This paper presents a set of two measures for evaluating the

speed and accuracy of optimization algorithms in dynamic

environments. Inspired by the concept of velocity in phy-

sics, FAS was introduced to assess the speed of optimiza-

tion algorithms in dynamic environments. The other

measure is alpha–accuracy which determines the accuracy

of dynamic optimization algorithms in dynamic environ-

ments. This measure specifies an acceptable threshold of

error for optimization algorithms at each time, which also

considers the ability of different algorithms in using

obtained information from former stages of the optimiza-

tion process. Unlike accuracy (Weicker 2002), the com-

putation of alpha-accuracy does not need information about

minimum fitness value of the search space, which is an

advantage of the proposed alpha-accuracy. Moreover, the

alpha-accuracy is more flexible and can be adjusted

according to the application. Different state-of-the-art

algorithms were then compared with the set of proposed

measures on MPB. Experimental study confirmed that the

collection of these two measures is a good criterion to

choose a suitable algorithm for a specific problem with

respect to trade-off between the speed and accuracy.

Future research may focus on using other types of

functions for threshold alpha, e.g. logarithmic function.

Moreover, the set of proposed measures can be further

extended by including other measures, e.g. degradation, to

take more aspects of the optimization algorithms into

account.
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