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Abstract One approach for evolutionary algorithms (EAs) to address dynamic optimization problems (DOPs)

is to maintain diversity of the population via introducing immigrants. So far all immigrant schemes developed

for EAs have used fixed replacement rates. This paper examines the impact of the replacement rate on the

performance of EAs with immigrant schemes in dynamic environments, and proposes a self-adaptive mechanism

for EAs with immigrant schemes to address DOPs. Our experimental study showed that the new approach

could avoid the tedious work of fine-tuning the parameter and outperformed other immigrant schemes using a

fixed replacement rate with traditionally suggested values in most cases.
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1 Introduction

There are many challenging dynamic optimization problems (DOPs) in real-world applications. One of

the best known examples is the fluctuations of the stock price over time during the process of maximizing

the expected yields. Evolutionary algorithms (EAs) are good candidates for addressing DOPs since

they mimic the process of natural evolution which copes very well in changing environments. However,

traditional EAs tend to be easily trapped in a static environment, since the population will converge to a

point of the search space, and once the environment changes, it is hard for the individuals to jump to the

new promising regions of the search space. Commonly used methods to enhance the EAs’ performance

in dynamic environments include re-introducing and maintaining the diversity, memory schemes and

multi-population schemes [1]. While a substantial emphasis has been put on the continuous domain,

Rohlfshagen and Yao [2] recently analyzed dynamics in the combinatorial domain via an example of the

subset sum problem. They showed that some assumptions traditionally regarded as being reasonable for

developing new algorithms did not necessarily hold in the case of discrete optimization.
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Among approaches for DOPs, immigrant schemes have proved to be effective via maintaining the

diversity of the population throughout the run [3 − 7]. They work by replacing a predefined proportion

of the population with the newly generated immigrants at the end of each generation. When designing

an immigrant scheme, generally there are four issues needing to be addressed, namely the mechanism of

generating immigrants, the replacement strategy, the survival capability of the introduced immigrants in

the population, and the replacement rate [3]. Over the years, researchers have already done some research

on the first three issues, e.g., refs. [4, 5, 6] for the mechanism of generating immigrants, ref. [7] for the

replacement strategy and the survival capability of the new immigrants in the population, whereas there

has been little work on the replacement rate.

The replacement rate represents the proportion of the population that will be replaced by immigrants.

All previously designed immigrant schemes simply set the replacement rate to a fixed value, e.g., 0.2

[4, 5] or 0.3 [6]. In this paper, the impact of the replacement rate on the performance of EAs with

immigrant schemes in dynamic environments is examined, and a self-adaptive scheme is designed for

immigrant schemes. It is known that the self-adaptation has been widely and successfully applied to

the field of evolutionary computation (EC) [8], such as genetic algorithms (GAs) [9, 10, 11], evolutionary

programming (EP) [12], evolution strategy (ES) [13], differential evolution (DE) [14], and particle swarm

optimization (PSO) [15]. However, these attempts all aimed at optimization problems in stationary

environments.

The main contributions of this paper are listed as follows. First, we fill the gap of research on the

replacement rate for immigrant schemes. Second, we eliminate the parameter replacement rate. Although

we introduce a new parameter, experimental results showed that the performance of the algorithm was

much less sensitive to the new parameter than to the replacement rate. Third, the performance when

using the self-adaptive mechanism outperformed that when traditionally suggested values (i.e., 0.2 and

0.3) of the replacement rate were used in most cases. Furthermore, the self-adaptation avoids fine-tuning

the parameter replacement rate to achieve the best performance in different kinds of environment. There

is only a slight degradation in the performance.

The rest of this paper is organized as follows: Section 2 briefly reviews immigrant schemes for EAs

in dynamic environments. Section 3 presents the self-adaptive replacement rate for immigrant scheme.

Section 4 describes the experimental setup for this study. The experimental results and analysis are

presented in Section 5. Finally, conclusions are drawn in Section 6.

2 Immigrant schemes for DOPs

Classic EAs tend to converge to a single solution, and when the environment changes, it takes some

time for the population to adapt to the new environment and move towards the new promising region,

because nearly all the individuals of the population concentrate on a point of the search space. To address

this problem, immigrant schemes are introduced into EAs to maintain the diversity of the population

throughout the run [3 − 7, 16 − 18]. They work by replacing a predefined proportion of the population

with newly generated immigrants at the end of each generation.

The most prominent approach to generate immigrants seems to create immigrants randomly. Grefen-

stette [16] used randomly generated individuals to replace the worst individuals of the population in each

generation. The random immigrant scheme works on the analogy of the flux of immigrants that wander

in and out of a population between two generations in nature [17]. His study shows that the random

immigrant scheme works well in environments where there are occasional, large changes in the location

of the optimum.

Branke [19] stated that continuous adaptation only made sense when problems to be studied featured

“small to medium” environmental changes, otherwise to restart the search from scratch would be the

proper choice. Under this assumption, compared with randomly generating immigrants, it would be

more suitable to generate immigrants based on the information of the population, since individuals in

the previous environment may still be quite fit in the new environment.

According to the way in which the information of the population is used, existing immigrant schemes
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are categorized into the direct immigrant scheme and the indirect immigrant scheme, respectively [3].

The direct immigrant scheme generates immigrants based on the current population. On the other hand,

the indirect immigrant scheme first builds a model based on the current population, then generates

immigrants according to the model. Examples of the direct immigrant scheme include the elitism-based

immigrant scheme [5] in which immigrants come from mutating the elite from previous generation, and

a hybrid immigrant scheme combing the elitism-based, the traditional random, and the dualism-based

immigrant schemes for GAs to deal with DOPs [6]. The former scheme aims at improving the performance

on GAs in slowly and slightly changing environments while the latter scheme makes GAs adapted to more

severely changing environments. As examples of the indirect immigrant scheme, Yang [18] used a memory

as the model to generate immigrants. Besides, in ref. [4], a vector with the allele distribution of the

population was first calculated and then was used to generate immigrants. Moreover, experiments were

done to thoroughly investigate the difference in the behaviors of different types of immigrant schemes

and to compare their performance in dynamic environments [3]. The authors also proposed a hybrid

immigrant scheme which combined the merits of the two types of immigrant schemes.

3 Adapting the replacement rate

The replacement rate was claimed to be an important issue needed to be considered when designing

immigrant schemes for EAs in dynamic environments [3]. Grefenstette [16] conducted an experiment

showing that for the non-stationary test function in his study, random immigrant schemes for GAs

using a replacement rate 0.3 exhibited the best off-line performance. After that, all the immigrant

schemes developed so far adopted 0.2 or 0.3 as the fixed replacement rate throughout the run [3 −

6, 16]. However, we believe that a fixed replacement rate is not the best choice, since for different

immigrant schemes, at different stages of evolutionary process, and under different environments, the

most appropriate replacement rate varies. It is natural that the replacement rate should be set to a

proper value such that a good balance between exploration and exploitation can be kept. If the immigrant

scheme has a positive effect, i.e., the introduced immigrants can help the population to move to the new

optimum when an environmental change occurs, or can speed up the convergence of the population when

there is no change, the replacement rate should be enlarged. Otherwise, to prevent the searching process

of EAs from being disrupted, the replacement rate should be reduced.

In order to adapt the value of the replacement rate during the searching process, we must estimate

the effect of the current immigrant scheme. If the current immigrant scheme has a positive effect, more

immigrants are encouraged to be introduced, i.e., the value of the replacement rate should be enlarged.

Otherwise, the value of the replacement rate should be reduced. We propose to monitor the effect of an

immigrant scheme as below.

3.1 Evaluating the effect of immigrant schemes

Denote the number of immigrants at time t by N Im(t), the fitness value of the ith immigrant at time t

by fimi
(t) (i = 1, 2, . . . , N Im(t)), the median fitness value of the population at time t by fmedian(t), and

the number of immigrants satisfying the condition fimi
(t) ⩾ fmedian(t) at time t by N Im(t){fimi

(t) ⩾

fmedian(t)}. Then the effect of an immigrant scheme at time t is denoted by Eff(t) and can be evaluated

as follows:

Eff(t) =
N Im(t){fimi

(t) ⩾ fmedian(t)}

N Im(t)
. (1)

Given a predefined threshold �eff , the immigrant scheme can be regarded as having a positive effect at

time t if Eff(t) > �eff . Note that in this paper, the time t is measured in generations. Instead of

the median fitness value of the population used in Eq. (1), the best or the worst fitness values of the

population can also be used. We choose “median” because it is not too extreme.

It can be seen from the Eq. (1) that we first count the number of immigrants that are regarded as being

fit according to the results of comparing with a certain criterion derived from the current population,

and then we can measure the effect of an immigrant scheme by calculating the proportion of the obtained
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number in the whole population of the immigrants. Naturally, this measure is by no means the most

objective, but it can to some extent reflect the effect of the immigrant scheme. Therefore, we design this

measure for the self-adaptive scheme described below.

3.2 Adapting the replacement rate

As mentioned above, if the current immigrant scheme has a positive effect, the replacement rate should

be increased, and otherwise it should be decreased. Therefore, the replacement rate at time t (denoted

by R(t)) can be derived from R(t − 1) according to the effect of the immigrant scheme at time t − 1.

Given the effect of immigrant scheme at time t−1, we have the following replacement rate updating rule:

R(t) =

⎧





⎨





⎩

R(t− 1) + 0.1, if Eff(t− 1) > �eff

R(t− 1)− 0.1, if Eff(t− 1) < �eff

R(t− 1), otherwise.

(2)

R(t) is bounded in the interval (0, 1), and R(0) = 0.5. It can be seen that our approach introduces a new

parameter �eff . However, we will show that the performance is much less sensitive to the value of �eff
than to the replacement rate as in the immigrant scheme without the adaptation mechanism.

3.3 Time complexity of the adaptation mechanism

The additional cost added by the adaptation process is determined by the calculation of Eff(t) in

Eq. (1) and the update of R(t) in Eq. (2). When computing the runtime complexity, since data transfer

operations like copy/assignment, etc. hardly require any complex digital circuitry like adder, comparator,

etc. [20, 21], we only consider the fundamental floating-point arithmetic and logical operations performed

by the adaptation mechanism. Given the population of size N and at time t, the complexity T (N) of the

adaptation consists of finding the median of the population, calculating Eff(t− 1), and updating R(t).

Based on the partition algorithm similar to the one used in quicksort, finding the median needs O(N)

comparisons on average and O(N2) comparisons in the worst case [20]. Calculating Eff(t − 1) needs

R(t− 1) ⋅N comparisons, and updating R(t) needs one comparison and one arithmetic operation (when

Eff(t) ∕= �eff ). Therefore, the time complexity of the adaptation mechanism T (N) = O(N) on average

and T (N) = O(N2) in the worst case.

In real-world applications, the evaluation of an individual may consume too much time. Therefore,

given a population of size N , in one generation, compared with N times of evaluation, the time consumed

by floating-point arithmetic and logical operations introduced by the adaptation process is negligible.

4 Experimental design

4.1 Dynamic test environments

Using the DOP generator proposed in refs. [22, 23], dynamic environments can be constructed from

any binary-encoded stationary function f(x) (x ∈ {0, 1}l) by a bitwise exclusive-or (XOR) operator.

The generator basically works as follows: The operation x ⊕ M is performed before evaluation of the

individual x in the population, where ⊕ is the XOR operator (i.e., 1 ⊕ 1 = 0, 1 ⊕ 0 = 1, 0⊕ 0 = 0) and

M is a previously created binary mask. Then the resulting individual is evaluated. When there is a

change at generation t, we have f(x, t + 1) = f(x ⊕ M , t). With this DOP generator, the speed and

the severity of the environmental changes are controlled by parameters � and � ∈ (0.0, 1.0) respectively.

The parameter � is the number of generations between two changes, and the parameter � is the ratio of

ones in an intermediate binary template that is created for each environment and used to generate the

mask M . Smaller � means faster changes while bigger � indicates severer changes. More details about

the DOP generator can be found in refs. [22, 23].

In this paper, dynamic test environments are systematically constructed from a stationary problems,

i.e., the OneMax problem, via the DOP generator with � set to 10, 50, and 100 and � set to 0.05, 0.5,
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and 0.9 respectively. In all, a series of 9 DOPs are generated. The indices of the environment used in the

experiment are shown in Table 1.

Table 1 Environmental indices used in the experiment
Environmental Parameters � = 10 � = 50 � = 100

� = 0.1 1 2 3
� = 0.5 4 5 6
� = 0.9 7 8 9

4.1.1 The OneMax problem

The OneMax problem has only one optimum and aims to maximize the number of ones in a binary string.

So the fitness of an individual is the number of ones in the binary string. Given a binary string x of

length L, the problem is defined as follows:

maximize f(x) =

L
∑

i=1

xi, (3)

where f(x) is the fitness of a binary string x = (x1, . . . , xL) ∈ I = {0, 1}L. In our experiment we set the

length of the binary string L to 100.

4.1.2 The Royal Road problem

The Royal Road function is a binary problem with only one optimum and many large plateaus. The

function used in this paper is similar to the Royal Road function introduced in ref. [24]. It is defined

on a 100-bit binary string that consists of 25 contiguous building blocks, each of which is 4-bit long and

contributes ci = 4 (i = 1, . . . , 25) to the total fitness if and only if every bit is one. Therefore, the fitness

of a string x is the sum of the coefficients ci corresponding to each given schema si, of which x ∈ si, i.e.:

maximize f(x) =

25
∑

i=1

ci�i(x), (4)

where

�i(x) =
{

1, if x ∈ si
0, otherwise. (5)

4.2 Experimental setup

In order to investigate the efficacy of the proposed self-adaptive mechanism for immigrant schemes, we

applied it to two previously proposed immigrant schemes for GAs, i.e., the random immigrant scheme

GA (RIGA) [16] and the elitism-based immigrant scheme GA (EIGA) [5]. In each generation, RIGA

generates immigrants randomly, and EIGA generates immigrants by mutating the elite of the population

at previous generation. These immigrant schemes with self-adaptive replacement rates are denoted by

SRRIGA and SREIGA (“SR” stands for “self-adaptive rate”), respectively in this paper. RIGA and

SRRIGA are the same except that the former has a fixed replacement rate while the latter has the self-

adaptive replacement rate. The same relation exists between EIGA and SREIGA. The pseudo-codes of

the algorithms are given in Table 2, where pc is the crossover probability, pm is the mutation probability,

and pmei is the probability of mutating the elite, and n is the population size.

The algorithms’ genetic operations and parameters were set as follows: generational, uniform crossover

with crossover probability pc = 0.6, bit-flipping mutation with mutation rate pm = 0.01, fitness propor-

tional selection implemented via stochastic universal sampling algorithm with elitism of size 1, chromo-

some length L = 100, and population size n = 100. For EIGA, pmei was set to 0.01. For RIGA and EIGA,

in order to study the impact of replacement rate on the performance of them in dynamic environments,

for each algorithm the replacement rate was set from 0.1 to 0.9 with step 0.1. For SRRIGA and SREIGA,

to investigate the impact of �eff on the performance of algorithms, for each algorithm the value �eff was

set from 0.1 to 0.9 with step 0.1.
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Table 2 Pseudo-code for GAs with random immigrants (RIGA), with elitism-based immigrants (EIGA), and their

self-adaptive variants (SRRIGA and SREIGA)

1: begin
2: t := 0 and initialize population P (0) randomly
3: evaluate population P (0)
4: if self-adaptation is used then

// for SRRIGA and SREIGA
5: R(0) := 0.5
6: else
7: set R(0) to a predefined value
8: end if
9: repeat
10: P ′(t) := selectForReproduction(P (t))
11: crossover(P ′(t),pc) // pc is the crossover probability
12: mutate(P ′(t),pm) // pm is the mutation probability
13: evaluate population P ′(t)

14: if random immigrant scheme is used then
// for RIGA

15: generate R(t) × n random immigrants
16: evaluate these random immigrants
17: end if

18: if elitism-based immigrant scheme is used then
// for EIGA

19: denote the elite in P (t− 1) by E(t− 1)
20: generate R(t) × n immigrants by mutating E(t− 1)

with pmei
21: evaluate these elitism-based immigrants
22: end if

23: if self-adaptation is used then
// for SRRIGA and SREIGA

24: calculate Eff(t) according to Eq. (1)
25: update R(t) according to Eq. (2)
26: end if

27: replace the worst individuals in P ′(t) with the
generated immigrants

28: P (t+ 1) := P ′(t)
29: until the termination condition is met
30: end

For each algorithm on a DOP, 30 independent runs were executed with the same set of random seeds,

and for each run, 50 environmental changes were allowed. The off-line performance used to compare the

algorithms was defined as below:

FBOG =
1

G

G
∑

i=1

(
1

N

N
∑

j=1

FBOGij
), (6)

where G is the number of generations for a run, N is the number of runs, and FBOGij
is the best-of-

generation fitness of generation i of run j.

In the experiments, we would like to investigate the impact of the replacement rate on the performance

of algorithms, the impact of the newly introduced parameter �eff on the performance of algorithms, and

compare the performance of algorithms with and without the adaptation. The results and the related

analyses are shown in the next section.

5 Experimental results

5.1 The impact of replacement rate on the performance of algorithms

The off-line performance of RIGA and EIGA on all DOPs against the replacement rate is plotted in Figure

1. From Figure 1, it can be seen that for RIGA on the OneMax problem, when the environment changes

slightly, i.e., � = 0.1, smaller replacement rates always show higher performance than larger replacement

rates. This is because when the environment changes slightly, the individuals in the population are

still quite fit in the new environment, and the introduced randomly created individuals will disrupt the

ongoing searching process, leading to the degradation in the performance. Besides, for other kinds of
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Figure 1 The impact of the replacement rate on the performance of algorithms in dynamic environments.

environments on the OneMax problem, i.e., � = 0.5 and � = 0.9, and all kinds of environments except

� = 0.5, 0.9 and � = 10 on the Royal Road problem, the performance first increases and then decreases as

the value of replacement rate increases. The reason is that these kinds of environments are characterized

as more severe degree of changes, so neither must the value of replacement rate be too small in order to

help the population to jump out of the old promising region, nor must the value of replacement rate be

too large in order to protect the searching process from being disrupted.

For EIGA, it can be seen from Figure 1 that on the OneMax problem, except when � = 10 and � = 0.5,

0.9, larger replacement rates always exhibit higher performance than smaller replacement rates. This is

because EIGA is especially designed for addressing slightly and slowly changing environments. When the

environment changes slightly, i.e., � = 0.1, since the new optimum is not far from the old one, elitism-based

immigrants can be quite fit in the new environment. On the other hand, when the environment changes

slowly, i.e., � = 50 and 100, there is enough time for the population to recover from the last change of the

environment, and to find the new optimum quickly with the help of elitism-based immigrants even when

the environment changes significantly (i.e., � = 0.9). However, when the environment changes rapidly,

i.e., � = 10, there is no time for the population to quickly recover under more severe changes (i.e., � = 0.5

and 0.9). Therefore, increasing the value of replacement rate does not improve the performance under

this situation. In addition, on the Royal Road problem, increasing the replacement rate brings a little

performance enhancement for most slightly and slowly changing environments, and sometimes there is

even a little degradation in the performance. This is because by mutating the elite, some good building

blocks may be destroyed.

In summary, the experimental results validate our claim in Section 3 that for different immigrant

schemes, at different stages of evolutionary process, and under different environments, there exist different

replacement rates to maximize the performance.

5.2 The impact of �eff on the performance of algorithms

The off-line performance of SRRIGA and SREIGA on all DOPs against the value of �eff is plotted in

Figure 2. From this figure, several results can be observed and analyzed as follows.

First, it can be seen from Figure 2 that on the OneMax problem, when the environment changes

slightly (i.e., � = 0.1) or slowly (i.e., � = 50 and 100), the performance of SRRIGA increases while �eff
increases from 0.1 to 0.3, and then maintains nearly the same level when �eff is equal to or larger than

0.3. On the other hand, when the environment changes both significantly and rapidly, the performance

of SRRIGA keeps a certain level when �eff is not larger than 0.2 and decreases otherwise. This can be

explained as follows.

Through the definition of Eff(t) in Eq. (1) and the meaning of �eff , we know that if �eff is too

small, the introduced immigrants will easily tend to be regarded as having a positive effect, and thus

according to Eq. (2), the value of replacement rate will increase. On the other hand, if �eff is too large,

the immigrants introduced will mostly be regarded as having a negative effect, causing the reduction of

the value of replacement rate. Meanwhile, from subsection 5.1, we know that immigrants in SRRIGA are

useful for rapidly and significantly changing environments, and are harmful for other kinds of environments

if their number is too large. Therefore, in slightly or slowly changing environments, the performance when
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Figure 2 The impact of the value of �eff on the performance of algorithms in dynamic environments.
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Figure 3 The dynamics of the maximal fitness and the replacement rate of a run (� = 0.3) in the first

10 environments (� = 50 and � = 0.5).

�eff is too small (e.g., �eff = 0.1) is worse than the performance when �eff is larger (e.g., �eff ⩾ 0.3),

while in significantly and rapidly changing environments, the performance will degrade when �eff > 0.2.

Second, the performance of SRRIGA on the Royal Road problem generally does not rely on �eff ,

which is due to the fact that random immigrants may introduce useful schemata, and at the same time

the harmful schemata which can break good building blocks via crossover. On the other hand, the

performance of SREIGA on both problems is generally insensitive to �eff . This is because immigrants in

SREIGA are always useful in a stationary period between two consecutive changes since they can speed

up the convergence rate. Therefore, no matter how much �eff is, immigrants in SREIGA will have a

positive effect in most time, see Figure 3. Moreover, from Figure 3, on the OneMax problem, we can see

that the replacement rate increased after the environmental changes, which indicates that the random

immigrants at that time were useful for the population to move to the new optimum, and then the it

decreased which means the promising area was found and too many immigrants could disrupt the ongoing

search.

To sum up, the performance of the algorithm with adaptation of the replacement rate is not so sen-

sitive to �eff as that of the algorithm without adaptation to the value of the replacement rate. More

importantly, there exist some values of �eff (e.g., �eff ∈ [0.3, 0.9]) that can yield satisfying performance

for every immigrant scheme in different kinds of environments experimented. Therefore, the tedious work

of fine-tuning the value of replacement rate in algorithms without adaptation in order to maximize the

performance for a certain immigrant scheme and for a certain environment can be avoided.
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Figure 4 Comparison between immigrant schemes with and without adaptation mechanism.

5.3 Adaptation versus no adaptation

The experimental results regarding overall performance are presented in Table 3, where the performance

of the algorithm adopting adaptation scheme when �eff = 0.3 is compared with the performance of the

algorithm with a fixed replacement rate. We did experiments with the replacement rate being from 0.1

to 0.9 with step size 0.1. Here, only the results obtained with the commonly used values 0.2 and 0.3

for the fixed replacement rate scheme are presented in Table 3. The results are also given in Figure 4.

Furthermore, the best results achieved with the fixed replacement rate are also presented, together with

the corresponding replacement rate (the column “best(R)”). These three sets of results were compared

to the results obtained by the self-adaptive replacement rate. Wilcoxon rank sum tests at a 0.05 level of

significance were used to check whether there existed significant difference between fixed and self-adaptive

replacement rates. The results of statistical tests are also presented in Table 3, where the result is marked

as “+” or “−” when the algorithm with adaptation scheme (�eff = 0.3) is significantly better or worse

than the algorithm without adaptation scheme, respectively, and “∼” indicates there is no statistical

difference between two algorithms. Analyzing the results in Table 3 and Figure 4, several phenomena

can be observed and can be explained as below.

First, comparing the self-adaptive rate with commonly used replacement rates, we can see that on the

OneMax problem applying adaptation to EIGA improves its performance a lot except when � = 0.9 and

� = 10. This is because when the environment changes both severely and rapidly, immigrants generated

via mutating the elite from previous generation usually have low fitness in the new environment. For

RIGA on the other hand, the difference between the performance of the algorithm before and after

using the adaptation scheme is not so obvious. A probable reason is that the stochasticity in RIGA

can sometimes mislead the adaptation of the replacement rate. On the Royal Road problem, due to the

reason described in subsection 5.2, the performance enhancement of SREIGA is not obvious, and the

performance of SRRIGA is the worst.

Second, comparing the performance using self-adaptive rate with the best results obtained using fixed

replacement rate (the column “best(R)”), the former is beaten by the latter in most cases. This can be

expected since the results shown in the column “best(R)” are obtained via fine-tuning the replacement

rate. Fortunately, except for SRRIGA on the Royal Road problem, even if the algorithm with adaptation

when �eff = 0.3 does not show the best score, its performance level is still quite satisfactory. Considering

the tedious work of fine-tuning the replacement rate for every immigrant scheme and for every environ-

ment, it is worthy using our adaptation scheme and setting the value of �eff simply to 0.3. The very

slight performance degradation when using the adaptive scheme is more than compensated for by the

convenience of not having to set the replacement rate by hand.

6 Conclusions

This paper examined the impact of the replacement rate on the performance of EAs with immigrants

schemes in dynamic environments. A self-adaptive replacement rate was proposed to address DOPs.

Experimental studies were carried out on a series of dynamic problems to investigate the efficacy of our

approach. From the obtained results several conclusions can be drawn: First, the replacement rate is an
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important issue when designing immigrant schemes for EAs to cope with DOPs, and the most appropriate

choice of the replacement rate varies according to the problems being solved, environments encountered,

mechanisms used to generate immigrants, and stages at which the search is going. Second, comparing

with immigrant schemes with a fixed replacement rate adopting traditionally used values (i.e., 0.2 and

0.3), our proposed adaptation scheme can promote the performance of immigrants schemes in most cases.

Finally, compared with tedious work of fine-tuning the replacement rate manually, the proposed approach

is more convenient and can produce sufficiently good solutions under different conditions. However, to

pay a price for this convenience, the performance decreases a little in some cases. As to the future work,

some other ways of adapting the replacement rate are under investigation.

Table 3 Experimental results regarding overall performance and results of comparing the performance of algorithms via

statistical tests
Adaptation vs OneMax Results Royal Road Results
No Adaptation Overall performance Statistical test results Overall performance Statistical test results

GAs and Parameters 0.2 0.3 �eff = 0.3 best(R) vs 0.2 vs 0.3 vs best(R) 0.2 0.3 �eff = 0.3 best(R) vs 0.2 vs 0.3 vs best(R)

� = 0.1

� = 10
RIGA 75.69 75.11 75.83 75.93(0.1) + + − 48.50 51.06 46.38 57.91(0.7) − − −

EIGA 88.41 90.05 93.41 93.54(0.9) + + − 53.85 53.84 62.95 61.89(0.7) + + +
� = 50
RIGA 84.01 83.21 84.46 84.44(0.1) + + + 77.63 82.64 72.84 90.84(0.8) − − −

EIGA 98.08 98.42 98.91 98.90(0.8) + + ∼ 85.07 86.07 87.67 87.42(0.6) + + +
� = 100
RIGA 87.02 86.63 87.40 87.29(0.1) + + + 86.39 90.69 80.69 95.31(0.7) − − −

EIGA 99.01 99.20 99.46 99.46(0.9) + + ∼ 91.43 92.95 92.44 93.95(0.7) + ∼ −

GAs and Parameters 0.2 0.3 �eff = 0.3 best(R) vs 0.2 vs 0.3 vs best(R) 0.2 0.3 �eff = 0.3 best(R) vs 0.2 vs 0.3 vs best(R)

� = 0.5

� = 10
RIGA 67.13 67.51 66.95 67.99(0.7) − − − 29.44 29.96 29.28 31.91(0.9) ∼ ∼ −

EIGA 64.15 64.25 64.64 65.08(0.7) + + − 26.46 26.61 27.46 27.74(0.9) + + −

� = 50
RIGA 76.31 76.27 76.19 76.31(0.2) − − − 52.09 54.17 49.94 62.51(0.7) − − −

EIGA 84.11 85.45 88.37 88.34(0.9) + + + 49.36 50.26 51.10 51.45(0.5) + + −

� = 100
RIGA 81.09 80.87 81.26 81.09(0.2) + + + 66.61 70.80 62.85 78.32(0.7) − − −

EIGA 91.94 92.69 94.18 94.17(0.9) + + ∼ 63.68 64.18 63.36 65.09(0.6) ∼ − −

GAs and Parameters 0.2 0.3 �eff = 0.3 best(R) vs 0.2 vs 0.3 vs best(R) 0.2 0.3 �eff = 0.3 best(R) vs 0.2 vs 0.3 vs best(R)

� = 0.9

� = 10
RIGA 65.07 65.90 65.80 67.51(0.7) + − − 27.80 27.77 28.06 31.46(0.8) + + −

EIGA 57.42 56.52 55.38 59.30(0.1) − − − 30.42 32.29 33.00 33.84(0.5) + + −

� = 50
RIGA 75.23 75.65 75.43 75.68(0.4) + − − 51.77 54.60 49.95 62.12(0.7) − − −

EIGA 68.68 69.36 73.01 72.90(0.9) + + + 42.65 42.62 41.39 42.78(0.1) ∼ ∼ −

� = 100
RIGA 80.54 80.51 80.87 80.54(0.2) + + + 67.78 71.87 64.26 78.69(0.6) − − −

EIGA 82.49 83.73 86.48 86.49(0.9) + + ∼ 49.68 49.80 47.43 49.80(0.3) − − −
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