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Abstract: In order to improve the performance of artificial bee colony (ABC) algorithm, a novel ABC algorithm based
on self-adaptive Tent chaos search which is combined with Tent chaos algorithm is proposed. The algorithm uses Tent chaos
mapping to improve the convergence characteristics and prevent the ABC to get stuck on local solutions. In this algorithm,
Tent mapping is applied to diversify the initial individuals in the search space. Tent chaotic sequence based an optimal
location is produced, and the self-adaptive adjustment of chaos search scopes can obtain the global optima. Experiments on
six complex benchmark functions with high-dimension, simulation results further demonstrate that, the improved algorithm
not only accelerates the convergence rate and improves solution precision. Compared with other latest improved artificial
colony algorithm, it has a better overall performance, especially for complex high-dimensional functions optimization.
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1 ÚÚÚóóó(Introduction)
<ó·+�{(artificial bee colony algorithm, ABC)

´2005cdKarabogaJÑ��«+�U`z�{[1].
§äk��ëê�!�ÛÏ`Uår!Âñ�Ý¯!

°�5r�`:[2],®��5�õ�Æö'5. X:
Karaboga�^ABCÔö ²�ä[3]!àa©Û[4–5]Ú

)û�å`z¯K[6]; Akay�[7]JÑ
U?<ó·+

�{)û¢ë`z¯K;�y�[8]JÑ
V«+�©

·+�{�. �Ù¦�U`z�{?15U'�,ï
ÄL²ABCäkûÐ�5U[9].

�UõABC�{3�C�Û�`�,|¢�ÝC
ú,«+�õ�5�~�,$�´u�\ÛÜ�`�
"�,éõÆö|^·b�H{5!�Å5�A5,ò
·bN�Ú·b|¢Ú\<ó·+¥. X:Û��[10]

JÑ
ÄuLogistic·b|¢�·+`z�{,±J
p)�õ�5Ú|¢�H{5;�y�[11]JÑ
g·

A|¢�m�·b·+�{,|^Logistic·b|¢
é|¢Ê¢�)�)·bS�,±Jp�{Âñ�Ý
Ú°Ý; Alatas[12]JÑ·b<ó·+�{,|^·b
|¢g·AN�±JpABC�{�Âñ5; Gao�[13]
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|^LogisticN�Ú��ÆS�{U?ABC�{|¢
�ª; Liao�[14]|^g·A·b<ó·+�{)ûá

ÏY»>åXÚNÝ¯K; Xu�[15]|^·b<ó·

+�{)ûÃ<f¨ÔÌÅ�´»5y¯K�. �ù

�{�·b|¢�Ü©´ÄuLogisticN�,Ï`
�ÝÉLogisticH{Øþ!�K�.Ïd,�©�Ä�
TentN�äkH{þ!5ÚS��Ý¯�`³,JÑ

g·ATent·b|¢�<ó·+�{(selfadap-
tive Tent chaos search artificial bee colony algorithm,
SATC-ABC).T�{A^TentN�Ð©z«+,¦Ð
©�N¦�U©Ùþ!,¿g·AN�·b|¢�m,
��±î8��|¢���` ��)Tent·bS
�. ¢��ý(JL²,T�{k|uJpâf|¢
�H{5Ú«+�õ�5,UJ,ABC�{�Âñ�
Ý,JpÏ`°ÝÚ�ÏaÑÛÜ�`�Uå,3Â
ñ�Ý�Ï`°Ý�¡'�#�ABCU?�{k²
wUõ.

2 ABC���{{{(ABC algorithm)
3ABC�{¥·+©�Ú+·(employed bee)!

��·(onlooked bee)Ú�	·(scout bee). �
�Ð
© ��L`z¯K��1)ÏLª(1)�Å�),�
�©��Ú+¸. �
�´L§ÝL«�1)��þ
½·AÝ,�`·AÝ��
L«¯K�`). �

êþ�uÚ+·½��·�êþ,Ó·+oê���.

Xj
i (0) = Xj

min + R× (Xj
max −Xj

min), (1)

Ù¥: Xj
i (0)´Ð©z�1i��
�1j��þ;

Xj
max, Xj

min©O�1j��þ�þ.Úe.; R�[0, 1]
m��Åê.

¤k�
�·AÝÏLª(2)O�

Fi(t) =





1
1 + fi(t)

, XJfi(t) > 0,

1 + abs(fi(t)),Ù¦,
(2)

Ù¥: Fi(t)�t��1i��
�·AÝ�, fi(t)�ä
N`z¯K�8I¼ê�.

��·�â�
�·AÝÀJ�
�VÇPi�

Pi(t) =
Fi(t)

N∑
n=1

Fn(t)
. (3)

�
U�âÎ��
 �Xj
i�)#��
 �

V j
i , ABC�{æ^XeL�ª:

V j
i (t) = Xj

i (t) + Φ(Xj
i (t)−Xj

k(t)), (4)

Ù¥: Φ´[−1, 1]�m��Åê; k=1, 2, · · · , N´�

ÅÀJ�eI,�k 6= i. ±þ�ª¥i=1, 2, · · · , N ,
j = 1, 2, · · · , D, N´�
½Ú+·�êþ, D´`

zëê��ê½¯K�m��ê.

,	,XJ���
 �²L�½gêLimitÌ�
�EØU�U?,@oT�
?�Ú+·¤��	·,
KdT�	·Uª(1)3)�m¥�Å�)#�
 
�¿O�.

3 ggg···AAATent···bbb|||¢¢¢���<<<óóó···+++���{{{
(SATC-ABC algorithm)

3.1 Tent···bbbSSS���(Tent chaos sequence)
|^·bCþ��Å5!H{5Ú5Æ5A�?

1`z|¢,¦�{aÑÛÜ�`,�±+Nõ�5,
¿¦�Û|¢Uå��Uõ,�ØÓ�·bN�é·
b`zL§�K�é�.éõÆöò·bN�9·b
|¢g�Ú\�<ó·+�{¥,JÑ
ÄuLogistic
·b�ABC�{(chaotic ABC, CABC),Uõ
Ù�
Ï´�\ÛÜ�`�Uå,Jp
�{�Âñ�Ý
Ú°Ý[9–14],8c©z¥Ú^�õ�·bN�´
Logistic,�§3[0, 0.1]Ú[0.9, 1]ü������V
Ç�p,�Ï`�ÝÉLogisticH{Øþ!5�K�,
�{�Ç¬ü$. üù�[16]�ÑTentN�'Logistic
N�äk�Ð�H{þ!5Ú�¯�Âñ�Ý,¿Ï
Lî��êÆín,y²
TentN��±���)`
z�{�·bS�. TentN�L�ªXe:

xt+1 =





2xt, 0 6 xt 6 1
2

,

2(1− xt),
1
2

6 xt 6 1.
(5)

TentN�²�ã|£ C��L«Xe[16]:

xt+1 = (2xt) mod 1. (6)

�âTentN��A5,3�1�¥�)Tent·b
S��Ú½£ãXe:

ÚÚÚ½½½ 1 �Å�)Ð�x0(;�x0á\�±Ï

S(0.2, 0.4, 0.6, 0.8)),P�I�|z, z(1) = x0, i =
j = 1.

ÚÚÚ½½½ 2 Uª(6)S�,S�zggO1,�)�
�xS�.

ÚÚÚ½½½ 3 e����S�gê,K=�Ú½5;Ä
K,ex(i) = {0, 0.25, 0.5, 0, 75}½x(i) = x(i − k),
k = {0, 1, 2, 3, 4},K=�Ú½2.

ÚÚÚ½½½ 4 Uªx(i) = z(j + 1) = z(j) + εUC

S�Ð�, j = j + 1,=�Ú½2.

ÚÚÚ½½½ 5 ª�$1,���)�xS�.

3.2 ggg···AAATent···bbb|||¢¢¢(Self-adaptive Tent chaos
search)
·b<ó·+�{(CABC)�·b|¢´±�c

��·+î8��|¢���`�
�Ä:�)·
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bS�,Ïdzg|¢���'��,éJ|¢��
`�
,
�Ùæ^LogisticN�,Ï`�ÝÉLogistic
H{Øþ!�K�,�{�Ç¬ü$. �©|^Tent
N�'LogisticN�äk�¯�Âñ�ÝÚ�Ð�H
{þ!5,JÑ
g·ATent·b|¢<ó·+�
{(SATC-ABC).ÙÄ�g�Ì�NyXe:

1) æ^Tent·bS�Ð©z«+.

æ^Tent·b�)©Ùþ!�Ð©«+,QU�
3Ð©z�N��Å5,qUJp«+�õ�5. 3
Ú+·�ï�
¤��	·�,|^Tent·b|¢�
)#),±Jp�{�Âñ�Ý.

2) æ^g·AÄ�N�·b|¢�m.

é�c?z1k��¤k�
U·AÝl���

ü�,�c¡n�(ÓoÚ+·+ê�80%)Ú+·,©
O¦Ñùn�Ú+·1j�����Xj

minÚ���

Xj
max��·b|¢�m. ±î8��|¢���`
)�Ä:�)Tent·bS�,¿òS�¥��`)�
�#�
 �,¦ÙaÑÛÜ�`.

�©b�|¢Ê¢�)´Xk = (xk1, · · · , xkD),
xkj ∈ [Xj

min, X
j
max], Tent·b|¢�Ì�Ú½Xe:

ÚÚÚ½½½ 1 |^z0
kj =(xkj−Xj

min)/(Xj
max−Xj

min)
òXkN��(0, 1),Ù¥k = 1, · · · , n, j = 1, · · · , D.

ÚÚÚ½½½ 2 òþª�\�ª(6)TentN�?1S�
�)·bCþS�zm

kj(m = 1, 2, · · · , Cmax), Cmax´

·b|¢���S�gê.

ÚÚÚ½½½ 3 |^ª(7)òzm
kj1Å��)�m���

S�)#)Vk.

vkj = xkj +
(Xj

max −Xj
min)

2
× (2zm

kj − 1). (7)

ÚÚÚ½½½ 4 O�Vk�·AÝ�F (Vk),¿��5)
�·AÝ�F (Xk)'�,�3�Ð).

ÚÚÚ½½½ 5 �ä´Ä����·b|¢gê,e�
�,K·b|¢(å,ÄK=�Ú½2.

3.3 <<<IIImmmÀÀÀJJJüüüÑÑÑ (Tournament selection strat-

egy)
Ä�ABC�{���·æ^'~ÀJüÑÀJ�


,¦Ù3?zÐÏÂñ�Ý�¯,�3�{�Ï�
{´�\ÛÜ�`. <ImÀJüÑ[17]´ÄuÛÜ¿

�Å�,=l«+¥�ÅÀ�q��N?1'�,·A
Ý���N���`�N.�©�{��·æ^<I
mÀJüÑÀJ�
,��q = 2,é·AÝ���N
\1©,é¤k�N­Eù�L§,���©�pöÙ
�­���.<ImÀJüÑ�ò·AÝ���é�
��ÀJIO,é·AÝ���K���¦,l
;

�
�?�Né�{�K�.·AÝ�ÀJVÇ�

Pi(t) =
ci(t)

N∑
i=1

ci(t)
, (8)

Ù¥ci�z��N��©.

3.4 ggg···AAATent···bbb|||¢¢¢���<<<óóó···+++���{{{666§§§
(Main steps of SATC-ABC)

SATC-ABC�{Ú\Tent·b|¢Ú<ImÀJ
üÑ,;��{@ÙÂñÚ�\ÛÜ�`�,Ù�{
6§Xe:

ÚÚÚ½½½ 1 ���'ëê: «+5�(Ð©�1)
��ê)SN!�
�êN = SN /2,�
�êD,��
?zgêT½¦)°Ýε!Ó��
��½�æ�g

êLimitÚ·b��S�gêCmax.

ÚÚÚ½½½ 2 ��Ð©S�gêiter = 0,3|¢«
�S|^Tent·bS�Ð©z«+)¤D�SN��

þXi, D�8I¼ê¥��ê.

ÚÚÚ½½½ 2.1 �Å�)D�z�©þê�3(0, 1)�
m��þZD

i (t).

ÚÚÚ½½½ 2.2 �â13.1!�Tent·bN�Ú½,�
��SN�ØÓ;,�·bS�ZD

i (t).

ÚÚÚ½½½ 2.3 òZD
i (t)��©þÏLª(9)1Å�é

ACþ�����S,=

Xj
i (t) = Xj

min + (Xj
max −Xj

min)z
j
i (t), (9)

Ù¥: i = 1, 2, · · · , SN ; j = 1, 2, · · · , D.

ÚÚÚ½½½ 3 O�Xi�·AÝ¼ê�F (Xi),·AÝ
���cN = SN /2��þ���
 �,éAN�

Ú+·,Ð©I��þtrial(i) = 0,P¹Ú+·Ê3
Ó��
�Ì�gê.

ÚÚÚ½½½ 4 z�Ú+·iUìª(4)3NC�
|¢
�)#)Vi,¿O�·AÝ�F (Vi).

ÚÚÚ½½½ 5 XJF (Vi)>F (Xi),KXi=Vi, trial(i)
=0;ÄK�±�)XiØC, trial(i)=trial(i)+1.

ÚÚÚ½½½ 6 |^<ImÀJüÑ,�âª(8)O�À
JVÇPi(t).

ÚÚÚ½½½ 7 ��·�âVÇPi(t)ÀJ�
,dª
(4)?1��|¢�)#)Vi,O�·AÝ�F (Vi).

ÚÚÚ½½½ 8 UÚ½5�1.

ÚÚÚ½½½ 9 etrial(i) > Limit,K1i�Ú+·�

ï�c�

¤��	·,�	·�â13.2!�g·
ATent·b|¢�)��#)ViO��
.

ÚÚÚ½½½ 10 P¹�c¤k�·é���`�
,
��î8����`).
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ÚÚÚ½½½ 11 �#iter = iter + 1,�ä´Ä���
�S�gêT½÷v¦)°Ýε�¦,X÷v,KÑÑ
�`),ÄK�£Ú½4.

4 ���ýýý¢¢¢������(((JJJ©©©ÛÛÛ(Experiment of simu-
lation and the analysis of results)

4.1 ÄÄÄOOOÿÿÿÁÁÁ¼¼¼êêê(The benchmark functions)
�©À�6�BenchmarkÄO¼êé�{?1Ï

`ÿÁ.ù
¼êäkØÓA5,�¿©�	�{�
Ï`Uå,XL 1¤«. Ù¥: Sphere´ü¸¼ê,Ì
�ÿÁ�{Ï`°ÝÚÂñ�Ý; Rosenbrock´�
à!¾�ü¸¼ê,kÛÜ4��,Ì�ÿÁ�{�
Âñ�ÝÚ�1�Ç; Rastrigin, Griewank, AckleyÚ
Schwefel2.26´E,���5õ¸¼ê,kNõÛÜ
4�:,Ì�ÿÁ�{��Û|¢Uå!aÑÛÜ4
�¿;�@Ù�ÂñUå.

L 1 6�IOÿÁ¼ê
Table 1 Six benchmark functions

¼¼¼êêê¶¶¶ LLL���ªªª999������������ ���ÛÛÛ��������� AAA555

Sphere f(X) =
DP

i=1
x2

i , xi ∈ [−100, 100] xi = 0, f(X) = 0 ü¸

Rosenbrock f(X) =
D−1P
i=1

(100(xi+1 − x2
i )2 + (xi − 1)2), xi ∈ [−30, 30] xi = 1, f(X) = 0 ü¸

Rastrigin f(X) =
DP

i=1
(100(x2

i − 10 cos(2πxi) + 10)), xi ∈ [−5.12, 5.12] xi = 0, f(X) = 0 õ¸

Griewank f(X) =
1

4000

DP
i=1

x2
i −

DQ
i=1

cos
xi√

i
+ 1, xi ∈ [−600, 600] xi = 0, f(X) = 0 õ¸

Ackley
f(X) = −20 exp(−0.2

s
1

n

DP
i=1

x2
i )− exp(

1

n

DP
i=1

cos(2πxi)+

20 + e), xi∈ [−32, 32]

xi =0, f(X)=0 õ¸

Schwefel f(X) = −
DP

i=1
(xi sin

p
|xi|), xi ∈ [−500, 500] xi =420.9687, f(X)=−418.9829Dõ¸

4.2 SATC-ABC���{{{���555UUU©©©ÛÛÛ(Performance
analysis of SATC-ABC)

�ïþ�©�{5U�k�5,©Oæ^Ä
�ABC, CABC(ÄuLogistic·bN��ABC)Ú
SATC-ABC�{?1Ï`ÿÁ.3¢�¥,¤k�{
�«+5��100;�
�ê�50;ÿÁ¼ê©
O�50�Ú100��,��S�gê©O�3000Ú
5000; Limit= 100; Xj

maxÚXj
min©O�¼êÑ\�

þ1j��þ.Úe.. ABCÚCABC�{¥��
·æ^'~ÀJüÑÀJ�
, SATC-ABC�{¥
��·Kæ^<ImÀJüÑÀJ�
;éu
CABCÚSATC-ABC�{,·b|¢gêCmax =
30. �{3MATLAB7.10²�¢y,ÏLéz�ÿ
Á¼ê$130g¤�·AÝ��`�!���!þ
�ÚIO��5�	�{�5U, 50��²þ·A
Ý��?zL§­�Xã1−6¤«. 50�Ú100�
�ÿÁ(J'�XL2¤«.

dL2Úã1−6�wÑ,¤k�{é�Ü©¼ê
ÑU��Ï`°Ý,`²<ó·+�{äk�r�
�Û|¢Uå. éuü¸¼êSphere, SATC-ABC�
Ï`�JÚÂñ�Ý�Ð,U
±Y!k�|¢¼
ê�Û���.éu�à!¾�ü¸¼êRosen-

brock
ó,du3Ù����Sr³²",�Âñ
��Û�`:�Å¬é�,�SATC-ABC�{�,
`uÙ¦ü«�{,�°�5��Ð.éõ¸¼ê
Rastrigin, GriewankÚAckley, SATC-ABC�¦)°
ÝÚÂñ�ÝþpuÙ¦�{,Ì�Ï�SATC-
ABCæ^g·ATent·b|¢,UÄ�N�·b
|¢�m,Q�y«+õ�5,JpÏ`°ÝÚ
Âñ�Ý,q¦Ù¦�UaÑÛÜ�`. 
õ¸¼
êSchwefel������[500, 500],T¼ê��`
� u|¢�m>.NC,=�ê´50�,¼ê
3:(420.9687, · · · , 420.9687)?��nØ�`�
−20949.145,
SATC-ABC�{���²w`u
ABC�{,����CnØ�`�−20949.144,=
SATC-ABC�{éu�`) u|¢�m>��,
�U�Ð¼��`). `²SATC-ABC�{Ø=Â
ñ�Ý�¯,
��Û|¢Uå�r,3Âñ�Ý
ÚÏ`°Ý�¡'Ù¦ü«�{k²wJp.

�?�Ú�ySATC-ABC�{�k�5,��
CU?�{IABC[18], HABC[19], LRABC[20]±9

ABC�{ÚCABC�{éþã¼ê30�?1Ï`
ÿÁ.ÏLéëêLimit,lLimit=0.1 ∗ SN ∗D�

Limit = SN ∗D�m�EÿÁSATC-ABC�{�
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5U,uy�Limit = (SN ∗D)/2�, SATC-ABC
�{�5U�N�`. Ïd,3�¢�¥,¤k�{
«+5��SN = 100, Limit = (SN ∗D)/2,��
S�gêGmax = (D ∗ 10000)/SN ; ABC, CABCÚ
SATC-ABC�{���·æ^<ImüÑÀJ�


;éu�9·b|¢��{,Ù·b|¢gê
�Cmax = 30. ÏLéz�ÿÁ¼ê$130g,�¦
)°Ý��10−20Òb½(J�0,��{·AÝ�
þ�(mean)ÚIO��(std)±9�{�²þ$1�
m(avgtime)XL3¤«.

ã 1 Sphere¼êÄ�Ï`L§(50�) ã 2 Rosenbrock¼êÄ�Ï`L§(50�)

Fig. 1 The progress curve of Sphere function Fig. 2 The progress curve of Rosenbrock function

(50 dimensions) (50 dimensions)

ã 3 Rastrigin¼êÄ�Ï`L§(50�) ã 4 Griewank¼êÄ�Ï`L§(50�)

Fig. 3 The progress curve of Rosenbrock function Fig. 4 The progress curve of Griewank function

(50 dimensions) (50 dimensions)

ã 5 Ackley¼êÄ�Ï`L§(50�) ã 6 Schwefel¼êÄ�Ï`L§(50�)

Fig. 5 The progress curve of Ackley function Fig. 6 The progress curve of Schwefel function

(50 dimensions) (50 dimensions)
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lL3�±wÑ,éu¼êSphereÚRastrigin,
IABC, HABC, LRABCÚSATC-ABC�{Ñ��

�`�;éu¼êGriewank, IABC, HABCÚLRABC
�{é¼ê�þ�Ú��Ñ`uSATC-ABC�{;
éuÙ¦¼ê, SATC-ABC�{�þ�ÚIO�
�Ñ�`uÙ¦�{,AO´éu¼êSchwefel,
SATC-ABC�{Ø=¼�
nØ�`�,
�IO
����`,ùL²SATC-ABC�{�N5`äk
�Ð�­½5Ú°�5.

,	,ØLRABC�{é¼êGriewank��1�

m��uSATC-ABC�{	, SATC-ABC�{�
�1�m�é
ó^��á,Ì��Ï´SATC-
ABC�{Ú\�TentN�´ÏL�ã|£ C��
�,=òTent�êÜ©��?�ê?1ÃÎÒ�£,
§U¿©/|^O�Å�A5,U�¯�k�/?
n�êþ?êâS��$�.

nþ©Û, SATC-ABCØ=äk�r��Û|
¢Uå,
�äk�r�ÛÜÏ`Uå,3Âñ�
ÝÚ¦)°Ýþþk²w�Jp,¿�X�êO\,
�U�±�Ð�k�5Ú°�5.

L 2 ÄO¼ê�`z(J'�
Table 2 Optimization results comparison of benchmark functions

¼¼¼êêê ���êêê ���{{{ ���`̀̀��� ��������� þþþ��� IIIOOO������

Sphere

50
ABC 1.16921E−015 2.30472E−015 1.59341E−015 2.43195E−016

CABC 9.68606E−016 1.86614E−015 1.50491E−015 2.09925E−016
SATC-ABC 7.64861E−018 1.17095E−017 9.73869E−018 7.48267E−019

100
ABC 3.13080E−015 9.42898E−015 5.23869E−015 1.45330E−015

CABC 3.17306E−016 6.50622E−016 4.82773E−016 7.81467E−017
SATC-ABC 2.08129E−018 2.89175E−017 2.54345E−017 1.87021E−018

Rosenbrock

50
ABC 3.48953E−002 2.44179E+000 4.98511E−001 5.92527E−001

CABC 4.83917E−003 7.16931E−001 1.69646E−001 2.00503E−001
SATC-ABC 1.06604E−005 2.71035E−004 6.53865E−005 5.71185E−005

100
ABC 6.84431E−002 2.18751E+000 6.09265E−001 5.25902E−001

CABC 2.47457E−002 4.31986E+000 8.49603E−001 1.01245E+000
SATC-ABC 7.00425E−004 1.65020E−002 3.08147E−003 3.53669E−003

Rastrigin

50
ABC 1.13687E− 013 9.48717E−011 7.40859E−012 2.04839E−011

CABC 0 2.27374E− 013 7.57912E−014 4.56052E−014
SATC-ABC 0 4.04480E−015 1.89802E−016 7.44311E−016

100
ABC 1.13687E−012 9.65354E−004 3.78494E−005 1.75991E−004

CABC 1.47793E−012 4.48139E−010 1.62183E−011 8.16551E−010
SATC-ABC 4.54747E−015 9.95129E−011 3.39372E−014 1.81566E−011

Griewank

50
ABC 9.99201E− 016 8.53762E−014 1.19978E−014 2.07400E−014

CABC 0 5.55112E−016 1.25825E−016 1.22778E−016
SATC-ABC 0 6.96476E−016 3.15714E−017 1.29540E−016

100
ABC 3.21965E−015 1.70675E−012 1.71522E−013 3.67265E−013

CABC 1.11022E−016 4.62963E−014 2.76446E−015 8.24211E−015
SATC-ABC 2.77556E−019 6.13398E−016 5.90565E−017 1.19541E−016

Ackley

50
ABC 3.00249E−011 1.94881E−010 7.55055E−011 3.34588E−011

CABC 2.29594E−012 1.24105E−011 7.04130E−012 2.66576E−012
SATC-ABC 4.83258E−015 1.59135E−014 1.00407E−014 2.82226E−015

100
ABC 1.47565E−008 8.05324E−008 3.38329E−008 1.35035E−008

CABC 1.73741E−009 6.13972E−009 3.56879E−009 1.13386E−009
SATC-ABC 1.52748E−012 8.01208E−012 3.93873E−012 1.40618E−012

Schwefel

50
ABC −2.02027E+004 −2.07123E+004 −2.08738E+004 7.28559E+001

CABC −2.09491E+004 −2.09491E+004 −2.09491E+004 1.88551E−007
SATC-ABC −2.09491E+004 −2.09487E+004 −2.09491E+004 9.90947E−008

100
ABC −4.15385E+004 −4.09245E+004 −4.12141E+004 1.52428E+002

CABC −4.18983E+004 −4.15427E+004 −4.17359E+004 7.71880E+001
SATC-ABC −4.18983E+004 −4.16606E+004 −4.18912E+004 7.89936E−001
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Table 3 Optimization results comparison of 30 dimensions benchmark functions

¼¼¼êêê
���{{{

ABC CABC IABC HABC LRABC SATC-ABC

Sphere

Mean 4.76561E−016 4.74064E−016 0 0 0 0

Std 8.35788E−017 6.41359E−017 0 0 0 0

Avgtime/s 19.3311 23.4615 23.9839 23.8946 20.3872 18.7634

Rosenbrock

Mean 2.80954E−002 4.91687E−001 1.56479E+002 2.81635E+001 1.36418E−001 1.54578E−002

Std 5.04724E−002 7.66717E−001 8.19357E+001 5.44279E−001 8.35317E−002 1.28435 E−002

Avgtime/s 23.6253 24.1755 24.0182 26.2538 23.1843 19.0072

Rastrigin

Mean 0 0 0 0 0 0

Std 0 0 0 0 0 0

Avgtime/s 25.5212 22.6794 24.2919 26.8853 20.5127 19.0087

Griewank

Mean 6.29126E−017 4.44089E−017 0 0 0 5.18104E−019

Std 9.07274E−017 5.53194E−017 0 0 0 5.63345E−019

Avgtime/s 32.3926 29.4093 30.0128 29.7429 26.8934 28.3381

Ackley

Mean 3.32179E−014 3.33363E−014 3.87532E−014 8.45531E−016 9.64575E−015 2.93099E−016

Std 3.00156E−015 3.45752E−015 2.53489E−015 5.53722E−017 8.32527E−016 4.20708E−017

Avgtime/s 30.8024 24.4604 27.7914 26.9675 23.8491 22.3862

Schwefel

Mean −1.25695E+004 −1.25695E+004 −1.25695E+004 −1.25695E+004 −1.25695E+004 −1.25695E+004

Std 2.74412E−012 2.18905E−012 3.95626E−012 3.64387E−011 1.96538E−011 6.94721E−016

Avgtime/s 28.9028 23.7075 26.9823 22.7092 26.6732 22.6274

5 (((ååå���(Conclusions)
�éABC�{A5,(ÜTent·b`zg�Ú

g·AN�|¢�m,JÑ
�«g·ATent·b
|¢�<ó·+�{(SATC-ABC).T�{Ì�k
XeA:: 1)Ú\Tent·bS�Ð©z«+,Jp
«+õ�5; 2)Ú\g·ATent·bN�3S�¥
�)ÛÜ�`)���:,¦�{Ø=UaÑÛÜ
�`,Jp«+õ�5Ú|¢�H{5,�U\¯
�{Âñ�Ý,¯�|Ï�`); 3)��·æ^<
ImÀJüÑÀJ�
,3�½§Ýþ;��{@
ÙÂñÚ�?�Né�{�K�; 4) SATC-ABCé
´�\ÛÜ�`½kÛÜ4����5¼ê�äk

�p�Ï`°ÝÚ�aÿÁ¼êÑäk�Ð�­½

5Ú°�5,(���+N��Û`zUå.

ÏLé6�IO¼ê�Ï`ÿÁ,¢�(JL²,
T�{3�±«+õ�5�Ó�,;�
@ÙÂñ,
éup�!õ4�:���5¼ê,äkûÐ��
Û|¢UåÚÏ`°Ý,��{�é­½5,°�
5�Ð.e�Úó��ÄòSATC-ABC�{A^�
¦)E,|Ü`z¯KÚäNA^,¿(ÜÙ¦�
«�U`z�{,JÑ5U�Ð��Û`z�{.
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