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Memetic algorithms in dynamic environments

WANG Hong-feng, WANG Ding-wei, HUANG Min

(Information Science and Engineering School, Northeastern University, Shenyang Liaoning 110004, China)

Abstract: Based on particle swarm optimization(PSO), we propose a memetic algorithm for solving dynamic opti-

mization problems which are widely concerned from the evolutionary computation community. In this algorithm, a fuzzy

cognition local search method is employed for improving the quality of individuals and a self-organized random immigrant

scheme is used to further enhance the exploration capacity in a local version of PSO with a ring-shape topology struc-

ture. Experimental study over a series of dynamic test benchmark problems shows that the proposed PSO-based Memetic

algorithm is robust and adaptable in the dynamic environments.
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2 (Related works)
2.1 PSO(Principles of PSO)

PSO ,

EA , PSO ( )

.

, ,

,

. :

�vi(t + 1) =

ω�vi(t)+c1ξ(�pi(t)−�xi(t))+c2η(�pgi(t)−�xi(t)), (1)

�xi(t + 1) = �xi(t) + �vi(t + 1), (2)

: �vi(t) �xi(t) i t

, �pi(t) i

(pbest) , �pgi i

(gbest) , ω ,

, c1 c2

, ξ η [0, 1] .
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2.2 PSO(PSO in dynamic environ-

ments)
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. Parott Li [7] ,
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3 (The proposed algorithm)
3.1 (The general framework of

algorithm)
PSO Memetic

, , PSO

, LS .

Memetic

:

Procedure General PSO-based MA:

begin
for i := 1 to s size do

initialize particle i with random �xi and �vi;

evaluate f(�xi);

�pi := �xi;

endfor
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if LS is applied then
select particles from the population for LS;

apply LS upon each of selected particles;

endif
for i := 1 to s size do
update �pgi;

endfor
repeat
for i := 1 to s size do

update �vi and �xi according to Eqs.(1) and (2);

evaluate f(�xi);

if f(�pi) < f(�xi) then �pi := �xi;

endfor
if LS is applied then

select particles from the population for LS;

apply LS upon each of selected particles;

endif
for i := 1 to s size do

update �pgi;

endfor
until a stop condition is met

end

s size .

, Memetic

(

) ,

,

gbest. ,

(1) (2) ,

LS, gbest,

.

2.1 , PSO

, ,

.

, , PSO

, ,

, �x1 �xs size .

PSO ,

. rn , i

(i − rn) (i + rn) . ,

rn , .

, rn 1,

.

3.2 LS (Local search)
PSO

, PSO

,

. LS

.

(1) , Kennedy[15]

PSO :

;

. ,

pbest .

pbest ,

, :

�p ′(t) = N(�p(t), σ), (3)

�v(t + 1) = ω�v(t) + c1ξ(�p ′(t) − �x(t)), (4)

: t , �p ′(t) �x

(pbest)p(t) ,

N(�p(t), σ) , σ ,

�p ′(t) .

,

(fuzzy recognition local search, FCLS)

, :

Procedure Algorithm of FCLS operator:

begin
�x ′ := �x;

initialize �v ′;
for j := 1 to ls size do
generate �p ′ according to Eqs. (3);

generate �v ′ according to Eqs. (4);

�x ′ := �x + �v ′;
if f(�x ′) > f(�x) then �x := �x ′;
if f(�x ′) > f(�p) then �p := �x ′;

endfor
end;

Denotations:

�x: the selected particle for local improvement

ls size: the step size of LS operator

�v ′: the velocity of each step LS move

�p: pbest of selected particle �x

, σ FCLS

, , pbest
. σ = 0 ,

, pbest .

, , �v ′

( �v ′ [0, 5]n

).

. ,

LS ,

, MA
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. ,

,
[16].

,

, :

Procedure Algorithm of selecting particles for LS:

begin
S := Ø;

count := 0;

P ′ := P ;

while (count <= max ls count) do
get best fitness particle �x ∈ P ′;
S := S ∪ {�x};

count := count + 1;

remove �x from P ′;
for each �y ∈ P ′ do
if d(�x, �y) < rs then remove �y from P ′;

endfor
if P ′ = Ø then break;

endwhile
end;

Dominations:

S: a list of all selected particles to be improved by LS

P : the current population

max ls count: the allowable maximal value of |S|
d(�x, �y): the Euclidean distance between �x and �y

rs: a parameter of controlling the crowded degree in S

, S ,

. P ′ �x

S, P ′ �x ,

�x rs,

P ′ . P ′

S (|S|) .

LS . rs S

, LS . ,

|S| , S

ls size .

LS total ls size ,

ls size = �total ls size/|S|�.

3.3 (Increasing population diver-

sity)
PSO

, ,

. ,

.

,

(self-organized random immi-

grants, SORI)[17] Memetic .

SORI , (t ri),

( rr) ,

,

,

. ,

,

LS .

, FCLS SORI

PSO ,

Memetic ,

:

Procedure Proposed PSO-based MA:

begin
t = 1;

for i := 1 to s size do
initialize particle i with random �xi and �vi;

evaluate f(�xi);

�pi := �xi;

endfor
if SORI scheme is used then
k := rand(1, s size);

set the status of particles with indices from k to (k+rr-1)

as preserved;

endif
if FCLS operator is used then
apply FCLS operator upon the best preserved particle;

select a set |S| of unpreserved particles for LS;

apply FCLS operator upon each particle in S;

endif
for i := 1 to s size do

update �pgi;

endfor
repeat
t = t + 1;

for i := 1 to s size do
update �vi and �xi according to Eqs.(1) and (2);

evaluate f(�xi);

if f(�pi) < f(�xi) then �pi := �xi;

endfor
if SORI scheme is used and t%t ri==0 then
k := rand(1, s size);

re-initialize particles with indices from k to (k+rr-1)

randomly and set their statuses as preserved;

endif
if FCLS operator is used then
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apply FCLS operator upon the best preserved particle;

select a set |S| of unpreserved particles for LS;

apply FCLS operator upon each particle in S;

endif
for i := 1 to s size do

update �pgi;

endfor
until a stop condition is met

end

4 (Experimental study)
4.1 (Algorithm test environments)

, -

(moving peaks benchmarks, MPB)

. MPB

n m ,

, :

F (�x, t)= max
i=1,··· ,m

Hi(t)

1+Wi(t)
n∑

j=1

(xj(t) − Xij(t))2
,

(5)

: �Xi(t) = {Xi0(t), Xi1(t), · · · , Xin(t)}, Hi(t)
Wi(t) t i , .

MPB

Scenario1[18], MPB

5 5 . τ ,

,

ρ �v

. :⎧⎪⎪⎪⎨
⎪⎪⎪⎩

δ ∈ N(0, 1),
Hi(t) = Hi(t − 1) + 7 · δ,
Wi(t) = Wi(t − 1) + 0.01 · δ,
�Xi(t) = �Xi(t − 1) + �vi(t),

(6)

�vi(t)=
ρ

|�r+�vi(t−1)|((1−λ)�r+λ�vi(t−1)), (7)

, τ ,

ρ .

,

MPB

. ,

ρ 0.1, 1.0, 2.0 5.0: (ρ

= 0.1), (ρ = 1.0 2.0),

(ρ = 5.0). τ 50,

100 200, ,

. 12 1

.

1

Table 1 The constructed dynamic environments

τ

50 1 2 3 4

100 5 6 7 8

200 9 10 11 12

ρ 0.1 1.0 2.0 5.0

4.2 (Experimental design)
,

,

. ,

: LPSO(3.1

PSO), GPSO( PSO), LFCMA(

LPSO FCLS MA), GFCMA (

GPSO FCLS MA), LRWMA( LPSO

RWDE MA, RWDE [19]

LS ), multiCPSO( [6]

).

,

100 , ω 0.72948,

c1 c2 1.4962,

[−Vmax, +Vmax] ( Vmax = 100). ,

Memetic

: rs = 1.0, rr = 5, t ri = 25.

10 ,

30 .

,

ĒBG

, ĒBG :

ĒBG =
1
G

G∑
i=1

(
1
N

N∑
j=1

(F ∗
ij − FBGij

)), (8)

: G (G = 10 ∗ τ ), N = 30
, FBGij

j i

, F ∗
ij .

, ,

.

4.3 LS (Experimental study

on the effect of LS operators)
FCLS σ .

, 3 LFCMA (σ

0.05, 0.5 5.0) MPB ,

s size = 90,

ls size = 10 FCLS .

, 100, 1
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30 .

1 , σ = 5.0 LFCMA

, σ =
0.5 . σ (σ = 0.05) , LFCMA

.

σ FCLS

, σ

0.5.

LS

. , MPB

5 , LPSO, GPSO,

LFCMA, LRWMA GFCMA. LPSO GPSO

s size = 100, 3 MA s size = 90,

Memetic

ls size = 10 .

30

, 2 .

1 LFCMA MPB

Fig. 1 Experimental results of different LFCMAs on the

stationary MPB problem

2 LS MAs MPB

Fig. 2 Experimental results of MAs with different LS

operators on the stationary test problem

2 , , LFCMA LRWMA

LPSO, GFCMA GP-

SO. LS .

, LPSO Memetic , FCLS

RWDE

. RWDE ,

FCLS ,

. ,

FCLS .

FCLS

. 3.2

( )

.

,

: ,

.

, LFCMA1, LFCMA2 LFCMA3

3.2 ,

LFCMA.

, LFCMA2 s size

= 90, LFCMA1 LFCMA3 s size = 70; LFCM-

A2 , ls size = 10, LFCMA3

5, ls size = 6,

LFCMA1 (max ls

count) 5,

(total ls size) 30. 3 LFCMA

1 , 2

. , 3

0.05 58 t- ,

, Alg.1−Alg.2 s+ , s− , +
− Alg.1 ,

, Alg.2 . 2

3 , .

, LFCMA1

,

LPSO-FCMA .

LFCMA1 FCLS

,

.

LFCMA2 LFCMA3,

LFCMA1.

,

. , FCLS

.

, LFCMA2 FCLS ,

ρ=5.0 LFCMA2

LFCMA1 . LFCMA3

, . , LFC-
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MA1 .

2 LFCMA

Table 2 Experimental results of different LFCMAs

on dynamic test problems

τ ρ LFCMA1 LFCMA2 LFCMA3

50 0.1 1.97±0.90 2.30±1.83 3.24±1.47

50 1.0 2.63±1.06 2.85±1.14 3.59±1.32

50 2.0 3.42±1.04 3.94±1.88 5.17±1.49

50 5.0 5.52±1.04 6.27±1.42 9.26±1.87

100 0.1 1.04±0.91 1.00±0.26 1.56±0.66

100 1.0 1.38±0.68 1.27±0.58 2.01±0.95

100 2.0 2.13±1.47 2.46±1.61 2.79±1.03

100 5.0 3.37±0.50 4.01±1.24 5.24±0.78

200 0.1 0.46±0.25 0.53±0.51 0.87±0.67

200 1.0 0.77±0.61 0.82±0.62 1.03±0.51

200 2.0 1.12±0.62 1.36±0.76 1.51±0.51

200 5.0 1.88±0.43 2.78±1.15 3.04±0.87

3 LFCMA

Table 3 The t-test results of comparing different

LFCMAs on dynamic test problems

t MPB

τ = 50, ρ ⇒ 0.1 1.0 2.0 5.0

LFCMA1−LFCMA2 + + + s+

LFCMA1−LFCMA3 s+ s+ s+ s+

LFCMA2−LFCMA3 s+ s+ s+ s+

τ = 100, ρ ⇒ 0.1 1.0 2.0 5.0

LFCMA1−LFCMA2 − − + s+

LFCMA1−LFCMA3 s+ s+ s+ s+

LFCMA2−LFCMA3 s+ s+ + s+

τ = 200, ρ ⇒ 0.1 1.0 2.0 5.0

LFCMA1−LFCMA2 + + + s+

LFCMA1−LFCMA3 s+ + s+ s+

LFCMA2−LFCMA3 s+ + + +

4.4 (Experimental

study on the effect of diversity schemes)
LFCMA

. 3.3 , SORI

. SORI

LFCMA . , LFCMA

SORI LFCMA ( LSOFCMA

) 1 , LSO-

FCMA

5 LS , 4.3 LFCMA

. 4 , t-

LSOFCMA−LFCMA 0.05

58 t- .

4 LSOFCMA LFCMA

Table 4 Experimental results of LSOFCMA and

LFCMA on dynamic test problems

τ ρ LSOFCMA LFCMA t

50 0.1 1.81±0.33 2.77±2.61 s+

50 1.0 2.68±1.24 4.17±5.36 s+

50 2.0 3.50±1.12 3.68±1.83 +

50 5.0 6.32±1.54 7.05±4.24 s+

100 0.1 1.29±0.99 1.32±1.44 +

100 1.0 1.25±0.39 1.32±0.70 +

100 2.0 2.03±1.46 2.07±1.31 +

100 5.0 3.36±0.72 3.47±0.97 +

200 0.1 0.60±0.48 1.22±2.04 +

200 1.0 0.79±0.57 0.72±0.38 −
200 2.0 1.00±0.82 1.44±1.96 +

200 5.0 2.16±2.16 2.11±1.08 −

4 , LSOFCMA

LFCMA. LFCMA

,

,

gbest. , ,

LFCMA . SORI

,

, LSOFCMA

. , SORI

.

4.5 (Experimental

study on comparing with the peer algorithms)

, LSOFCMA

PSO .

, multiCPSO : 5

, 10 ( multiCPS-

O1 multiCPSO2 ).

MPB , multiCPSO1 ,
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multiCPSO2 .

, multiCPSO1

10 10, multiCPSO2 5 5,

. LSOFCMA

4.4 .

5 6 , .

5 LSOFCMA multiCPSO

Table 5 Experimental results of LSOFCMA and

multiCPSO on dynamic test problems

τ ρ LSOFCMA multiCPSO1 multiCPSO2

50 0.1 1.83±0.38 2.31±0.37 2.58±0.34

50 1.0 2.48±0.84 2.81±0.58 3.14±0.35

50 2.0 3.16±0.65 3.50±0.49 4.52±0.51

50 5.0 6.50±2.05 7.13±1.68 10.22±1.94

100 0.1 1.06±0.63 1.11±0.14 1.29±0.15

100 1.0 1.25±0.39 1.47±0.26 2.93±0.59

100 2.0 1.95±0.89 1.68±0.21 2.27±0.33

100 5.0 3.34±0.70 3.50±0.47 5.26±0.68

200 0.1 0.59±0.35 0.60±0.07 0.68±0.07

200 1.0 0.68±0.33 0.66±0.07 0.83±0.09

200 2.0 0.88±0.17 0.85±0.12 1.19±0.19

200 5.0 1.66±0.37 1.70±0.22 2.61±0.39

6 LSOFCMA multiCPSO

Table 6 The t-test results of comparing LFCMAs and

multiCPSO on dynamic test problems

t MPB

τ = 50, ρ ⇒ 0.1 1.0 2.0 5.0

LSOFCMA−multiCPSO1 s+ + s+ +

LSOFCMA−multiCPSO2 s+ s+ s+ s+

multiCPSO1−multiCPSO2 s+ s+ s+ s+

τ = 100, ρ ⇒ 0.1 1.0 2.0 5.0

LSOFCMA−multiCPSO1 + s+ − +

LSOFCMA−multiCPSO2 s+ s+ + s+

multiCPSO1−multiCPSO2 s+ s+ s+ s+

τ = 200, ρ ⇒ 0.1 1.0 2.0 5.0

LSOFCMA−multiCPSO1 + − − +

LSOFCMA−multiCPSO2 + s+ s+ s+

multiCPSO1−multiCPSO2 s+ s+ s+ s+

, , LSOFCMA

multiCPSO1. τ =100 200 ,

. LSOFCMA ρ =0.1 5.0 ,

multiCPSO1 ρ =1.0 2.0 ,

. FCLS

, LSOFCMA

.

, multiCPSO2

. multiCPSO

. ,

multiCPSO ,

, .

, multiCPSO

, LSOFCMA

.

, ,

τ ρ .

, τ ,

; ρ ,

, .

5 (Conclusions)

Memetic ,

PSO ,

(FCLS) . ,

(SORI)

,

. ,

.

, PSO

. ,

LSOFCMA .

, FCLS

Memetic .

, LFCMA LRWMA, LSO-

FCMA multiCPSO.

, Memetic ,

,

.

,

. , SORI

.

, .

,

.

,

. ,

. ,
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