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Two sub-swarms particle swarm optimization algorithm
and its application

CHEN Guo-chu1,2, YU Jin-shou2

(1. College of Electrical Engineering, Shanghai DianJi University, Shanghai 200240, China;
2. Research Institute of Automation, East China University of Science and Technology, Shanghai 200237, China)

Abstract: In order to improve optimization performance of particle swarm optimization algorithm(PSO), a new two sub-
swarms particle swarm optimization algorithm(TSPSO) is proposed in this paper. Then, both TSPSO and PSO are used
to resolve five well-known and widely used test functions’ optimization problems. Results show that TSPSO has greater
efficiency and better performance than PSO. TSPSO is also applied to train artificial neural network(NN)to construct a
practical soft-sensor for the 95%-point light diesel oil in a main fractionator of fluid catalytic cracking unit(FCCU). The
obtained results and comparison with actual industrial data indicate that the proposed method is feasible and effective in
soft-sensor for the 95%-point light diesel oil.

Key words: PSO(particle swarm optimization algorithm); optimization; fluid catalytic cracking unit; light diesel
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1 ÚÚÚóóó(Introduction)
�â+`z�{(particle swarm optimization al-

gorithm, PSO)´KennedyÚEberhart[1,2]1995cJÑ
�?zO��{, §{ü�éNõ`z¯K`z
5UûÐ, �^u)û�þ��5!Ø��Úõ¸
��`z¯K,¿®�5�2�/A^u�ÆÚó
§+�.�´PSO�3?z�ÏÂñ�Ýú!éE,
`z¯KN´�\ÛÜ4��"�[3]. �©ò�â
©¤kXØÓ�1�ª�ü©+,JÑü+�â+
`z�{(two sub-swarms PSO, TSPSO),¿òÙA^
uxz�z(FCCU)Ì©2©��h95%:^ÿþ.

2 üüü+++���âââ+++ `̀̀zzz���{{{(Two sub-swarms
particle swarm optimization algorithm)

2.1 ÄÄÄ������âââ+++ `̀̀zzz���{{{(Basic particle swarm
optimization algorithm)
b�3D�|¢�m¥, km��â|¤�

�â+, Ù¥1 i ��â��m ��X(i) =
(xi1, xi2, · · · , xiD)(i = 1, 2, · · · ,m),¤²{��`
 ��Ù�N{¤�` �Pi,�A�·A��Ù
�N{¤�`·A�Fi,�â��1�Ý�Vi.¤k
�â²{L��` ���Û{¤�` �Pg,�
A�·A���Û{¤�`·A�Fg. é1i�

1d�1n��â,�âXe�§S�:
vn+1

id = χ(ωvn
id + c1r1(pn

id − xn
id) +

c2r2(pn
gd − xn

id)), (1)

xn+1
id = xn

id + vn+1
id . (2)

ÂvFÏ: 2005−01−18;Â?UvFÏ: 2006−07−17.
Ä7�8:þ°½��g,�Æ�ï�8(05vz01).
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Ù¥: χ�Â Ïf, ω�.5��, c1Úc2�\�X

ê, r1Úr2´ü�3[0, 1]��SCz��Åê.

2.2 üüü+++���âââ+++`̀̀zzz���{{{(Two sub-swarms parti-
cle swarm optimization algorithm)

2.2.1 ���{{{���nnn(Principle of TSPSO)
XJò�â+©¤|¢�m�Ó��1��Ø

Ó�ü©+,�©+�X�Ð�â�1,,�©+K
�X�����1.�1�,z��âe�Ú�1�
�ÝÚ �Ø=��â��kc��1²�Ú�©

+{¤�`�â� �k',���+{¤�`�
â� �k'.|¢�,XJ�+{¤�`�â�·
A�ëYeZÚS��vk��Uõ
·A�Ø�

qØU÷v�¦,Òòü©+�â?1��,=r½
ü©+�âUC�1��.�
òY©+{¤�`
�â�|¢`³,���â©+�,�3�©+�©
+{¤�`�â����+����â±¦�©+

�âêþ�±ØC.ù�3���â+�|¢L§
¥,z��âÑk�U²~UC�1��,
���
�â�,du©+{¤�`�â ��Cz,�\Û
Ü4�:
��¹å��â¬�±Ïd¼�)·

å;éu���â+5`,Ø¬Ï���ÛÜ4�:

��Ê�ØÄ,�â3��|¢L§¥Ñ¬k¿
v�)·å3|¢�m?1|¢,é��Û�`)
�VÇ��Jp.

2.2.2 ���{{{���§§§(Equations of TSPSO)
3TSPSO¥,�
¦�â��1Q�X�+{¤

�`�â�1,Ó�qØøl�©+{¤�`�â
�K�,�©é1i�1d�1n��â�S��§?

�Xe:

vn+1
id =χ(ωvn

id+c1r1(pn
id−xn

id)+µ1c2r2(pn
gd−

xn
id) + µ2c3r3(pn

pd − xn
id)), (3)

xn+1
id = xn

id + κvn+1
id . (4)

þ ª ¥: c1,c2Úc3� \ � X ê; r1,r2Úr3´3�
3[0, 1]��SCz��Åê; ppd´©+{¤�`

 �; µ1Úµ2�K�Ïf,©OL«�+{¤�` 
�Ú©+{¤�` �é�â�1�K�; κ´�1

��I£Î,�X�`�â�1��1,�l�`�
â�1��–1.

2.2.3 ���{{{666§§§ããã(Algorithm flow of TSPSO)
ü+�â+`z�{6§ãXã1¤«.

3 333¼¼¼êêê`̀̀zzz¥¥¥���AAA^̂̂(Application in opti-
mizing test functions)

3.1 ÿÿÿÁÁÁ¼¼¼êêê(Test functions)
F1 = 21.5 + x1sin(4πx1) + x2sin(20πx2). (5)

¼êF1¥, −3.0 6 x1 6 12.1, 4.1 6 x2 6 5.8.

F2 =
sin(

√
(x1−50)2+(x2−50)2+e)√

(x1−50)2+(x2−50)2 + e
+1. (6)

¼êF2¥, −100.0 6 x1, x2 6 100.0.

F3 = 0.5− (sin
√

x1
2 + x2

2)2 − 0.5
1 + 0.001(x1

2 + x2
2)

. (7)

¼êF3¥, −10 6 x1, x2 6 10.

F4 =
5∑

i=1

i cos[(i+1)x1+i]
5∑

i=1

i cos[(i+1)x2+i] +

0.5[(x1 + 1.42513)2 + (x2 + 0.80032)2]. (8)

¼êF4¥, −10 6 x1, x2 6 10.

F5 =
n∑

i=1

x2
i

4000
−

n∏
i=1

cos( xi√
i
) + 1. (9)

¼êF5¥, −600 6 xi 6 600.
±þÿÁ¼êÑ´éJ�õ¸�`z¼ê, �

g¡F1¼ê!F2¼ê!Schaffer F6¼ê!Shubert¼ê
ÚGriewangk¼ê.

3.2 ###NNN���+++{{{¤¤¤���`̀̀���âââ···AAA���ëëëYYYØØØUUUõõõ

gggêêêN���???ØØØ(Discussion about N )
3TSPSO�{¥,XJ#N�+{¤�`�â·

A�ëYØUõgêN���L�, �,TSPSO�
��â��3
�`�â, �´L��N�UK

�kdå�â��1, ��Ï`��`Çü$; �
�,XJNL�,KkLõ�O�þL¤3�·A�
�G��|¢þ,NyØÑTSPSO�`�5.�
�
	N�õ���Ü·,�©�
ØÓ¼ê��`Ç
�N�'X!ØÓ�â�ê��`Ç�N�'XÚ

ØÓ��#NS�Úê��`Ç�N�'X3|¢
�.¢�(J�ã2∼ã4.
3ã2¥,éuF1,F2¼ê,�Né��,�`Çé

$; �XNO�, �`ÇÅìO�, �N�15��`
Ç���; ,�, �XN�O�, �`ÇÅìü
$.éuSchaffer F6¼ê,3N�20±c,�`Çþ�
100%; ,�, �XN�O�, �`Ç�úü$. éu
Shubert,Griewangk¼ê,þ3N�1��`Ç��,,
��`Ç�úü$.lù5«¼ê5w, N���,¤
k¼ê��`ÇÑü$, N���,k
¼ê��`
Çé$. nÜ5w, N����10∼20'�Ü·. d
ã3��, ØÓ�â�ê���`Ç�N�'X�

q, N�ÀJ��â�ê'XØ�. dã4��, Ø
Ó��#NS�Úê���`Ç�N�'X�

q, N�ÀJ���#NS�Úê'XØ�.
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ã 1 ü+�â+`z�{6§ã

Fig. 1 Algorithm flow of TSPSO

ã 2 ØÓ¼ê��`Ç�N�'X

Fig. 2 Relationships between N and success rates

with different test functions

ã 3 ØÓ�â�ê��`Ç�N�'X

Fig. 3 Relationships between N and success rates

with different sizes of sub-swarms
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ã 4 ØÓ��#NS�Úê��`Ç�N�'X

Fig. 4 Relationships between N and success rates
with different largest iteration steps

3.3 `̀̀zzz(((JJJ999???ØØØ(Results and discussion)
�©Ó�^TSPSOÚPSOé±þ¼ê?1`

z,Ï`���#NS�gê�2000, ωl1.8~�

�0.02, c1,c2,c3Ñ�2, TSPSO�χ�0.5, µ1Úµ2Ñ

�0.5, PSO�χ�1, TSPSOz©+�â�ê�30,N

�15, PSO��â�ê�60. duTSPSOÚPSOÑ

´�Å|¢�{,�©lVÇ�Ý5é'ü�{

�`z5U,`z�^z��{éz�ÿÁ¼ê

Ñ?1500gÕáÿÁ, ¿?1ÚO®o, (J�

L1.

dL1��, TSPSO�{Ï`�¼��`)�

VÇ²wpuPSO�{Ï`�¼��`)�V

Ç, TSPSO'PSO�N´é��Û�`),`z�

Ç²wJp.

L 1 ¼ê`z(JÚO®oé'

Table 1 Success rate and fitness of functions found for the five test functions with TSPSO and PSO

TSPSO PSO
`z¼ê

�`Ç/ % ·A�²þ� ·A��`� �`Ç/ % ·A�²þ� ·A��`�

F1¼ê 79.2 38.829 38.8503 0.4 38.677 38.8503
F2¼ê 65 1.1459 1.1511 9.8 1.131 1.1511

SchafferF6 100 1 1 56.2 0.99593 1
Shubert 81 –186.08 –186.7309 51.4 –185.60 –186.7309

Griewangk 98.2 8.8753×10−5 0 67.2 0.00234 0

4 333FCCUÌÌÌ©©©222©©©������hhh95%:::^̂̂ÿÿÿþþþ
¥¥¥���AAA^̂̂(Application in soft-sensor of light
diesel oil 95% point of main fractionator of
FCCU)
�©±,80�ë/c�xz�zC���µ,ï

áÙÌ©2©��h95%:^ÿþ�..8c^ÿ
þï��kåóä��� ²�ä(NN)[4,5], TSP-
SO�{���«{ük��`z�{,´�«�
~kdå� ²�äÔö�{, ò§^u ²�
ä�Ôö,�Eü+�â+ ²�ä(TSPSONN).
4.1 ÄÄÄuuuTSPSONN���������hhh95%::: ^̂̂ÿÿÿþþþ���

...(Soft-sensing model based on TSPSONN)
òTSPSONN^uFCCUÌ©2©��h95%

:�^ÿþï�,�ïÑÄuTSPSONN�FCCUÌ
©2©��h95%:^ÿþ�.. ²Ló²Ån
©Û!Ì¤©©ÛÚõgÿÁ, �©À^©ºh
íÑ�§Ý!©º£6§Ý!��hÄÑ�§

Ý!��h6þ!18�§Ý!11�§Ý!�¥�©
§Ý!�¥£66þ!hí?�§Ý�9�Ñ\&
Ò,¥m�!:ê�16,ÑÑ&Ò���h95%:
¤�¤�(��9–16–1 ²�ä�¤^�^ÿþ

�.. ¥m� ²�!:�D4¼êÀ^V­�
�¼ê, ÑÑ� ²�!:�D4¼êÀ^�é
¡S.¼ê.
d�, TSPSO�ëê�:�©+�â�ê�100,

��#NS�gê�22000, ωl1.8~��0.02, χ

�0.5, c1, c2, c3 Ñ�2, µ1Úµ2Ñ�0.5, N�15,�
��Ý�15.
4.2 ���ÙÙÙ¦¦¦`̀̀zzz���{{{���'''������©©©ÛÛÛ(Comparison

with other learning algorithms)
éuc� ²�ä
ó, 1e ²�ä�(

�!!:D4¼ê! ²�ä�Ñ\!ÑÑÚ8I

¼êØC,@o,8I¼ê3�m�ÐÙÒ´�½
�. ^ØÓ��{5|¢ ²�ä��`ë��
�Ú�ZK�, Ò��u^ØÓ��{3 ²�
ä8I¼ê3�m�ÐÙþÏé���:.�1
e�«�{ÑUé����:!
8I¼ê3�

m�ÐÙq�k�����:, @o�«�{¤
é��ë���ÚK�Ò���Ó.�1e�«
�{¤���8I¼ê·A���, @o�«�
{¤��� ²�ä�.�Ø�´���, d�
�«�{¤��� ²�ä�.�[Ü°ÝAT
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´���;éuu���,��u�����ª�
�)3Ôö����ª�¥, @o�«�{¤�
�� ²�ä�.�	í°Ý�´���.�N
õ`z�{,X:Ø���DÂ�{!¢D�{!�
â+�{!·b�{!¬+�{!�[ò»{�3

Ôö ²�ä�,XJëêÀJ��,Ñké�Ð
)��U.ØÓ�´�«�{þkgC�A:,k

�{Ï`��`VÇp
,N´é�Ð);k

�{Ï`��`VÇ$
,Jué�Ð).
'uTSPSOÚPSO`z5U�é'c¡®k

?Ø, e�!��ÑÄuTSPSONN�FCCUÌ©
2©��h95%:^ÿþ�.�¢�(J9?Ø.
4.3 ¢¢¢���(((JJJ999???ØØØ(Experiment results and dis-

cussion)
^²Lu�!²w!8�zý?n��85|

Ôö��é¤ï�.?1Ôö. Ôö(å�, ²
ÚO, ÆS��85.88%���Ø��u?1e,
98.82%� � � Ø � � u ?2e !þ � � �
0.72071e!ýéØ��²þ��0.5668e. ù

êâL²¤ï�.�ýÿ��¢Sz���[Ü

§Ý�Ð,ÔöL§÷v�¦.

ã 5 �.ýÿ��¢Sz��u�(Jé'ã

Fig. 5 Comparison between model’s predictive

values and actual values

2^Ó�²u�!²w!8�zý?n��40
|vë\Ôö�u���é¤ï�.?1u

�, u�(J�¢Sz�(J�é'�ã5. 340
|u���¥, 72.5%���Ø��u?1e,
97.5%���Ø��u?2e!��þ���
0.81678e!ýéØ��²þ��0.70398e. ù

êâ9ã5L², ¤ï�.�	í5�Ð, �.ä
k�p�ýÿ°Ý.
5 (((ååå���(Conclusion)
�©JÑ�ü+�â+`z�{´�«U?

��â+`z�{, §U�Ð/|¢��Û�
`), `z�Ç'Ä��â+`z�{k²wJ
p.òü+�â+`z�{^u��h95%:^ÿ
þ,���^ÿþ�.äkp�°Ý!Ð�5UÚ
Ð�A^cµ.
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