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Abstract: A multi-objective optimization algorithm based on adaptive spatial division is proposed to solve the

environmental/economic dispatch problem. As to keep the population diversity, the search space is divided into multiple

regions, particles are guided by three kinds of local and global particles to rapidly near the Pareto optimal frontier, an age

observer is used to record the contribution of guiders for particles near the Pareto optimal solution set real-timely, and guiders

are changed in a certain cycle according to the contributiondegree. The algorithm can fully explore the solution space,so as

to quickly find a set of distribution with the best possible approximation. The experiment simulations on the international test

function and the power system environment economic dispatch model are carried out. The results show that the improved

algorithm can maintain the diversity of Pareto-optimal solutions and get better convergence at the same time.

Keywords: multi-objective optimization¶environmental economic dispatch¶adaptive space partition¶particle swarm

optimization
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�{vUk�/)û�à�ø\÷�`¯K.8
,Ó�¿1?nü�½õ�8I�õ8I`z�{�A^uõ8I�¸²LNÝ¯K¥[1],XÍ¶�õ8I¢D�{NSGA-IIǑ�^5)ûEED¯K[2].©z[3-4]3b�®²ïáüÀ��´�Ý�^�e,�^ëY�55y?n-Æ�ÑÚÀ/ü�V8I`z¯K;YÆ��[5]JÑ
ÄuVÛÜ�`�õ8Iâf+`z�{,¿��1)Ǒ`��å?n�{�(Ü5�)õ8IEED¯K;Á[��[6]æ^?z5y�{,3nÜ�Ä�«�å��¹e,)û
±Å|u>¤�ÚÀ/íN�ü�þÓ��Ǒ`z8I�¯K,?1S�|¢O�,± IEEE
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T�{��15;©z [7]æ^©zâf+�{)û
EEDNÝ¯K;©z [8-10]�O
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#*ÿì¢�P¹Ú�öǑPareto�`)8¤���z,�â�z§Ý3�½±ÏS��Ú+ö,âfÏL©�Ú�âf�²�&E?1�#,ù�Ø=�«+õ�5���±,
��±�âfé)�m?1�¡!¿©�|¢,¯��CPareto�`
÷¡,�ªé��|©Ùäk��U��%C5!°25Úþ!5�Pareto�`)8Ü.

1 õõõ888III���¸̧̧²²²LLLNNNÝÝÝ���...>åXÚ�¸²LNÝ¯K´3C�Å|mÊOy��¹e,±,�mãÅ|�kõÑåǑûüCþ,ÏLÜn©�XÚ�oKÖ,�Å|�Ñ�-Æ��9À/íNü�þ�� [11],Ù�å^�dXÚS�­½$1����¤,äNêÆ�.£ãXe.

1)8I¼ê.õ8I!U~üKÖNÝ�.´3÷vXÚ$1�åÚÅ|$1�å�^�e,nÜ�ÄXÚ-ÑþÚÀ/Ôü�þ���õ8I`z¯K,=
min

[

NG
∑

i=1

Fi(PGi),

NG
∑

i=1

Ei(PGi)
]

. (1)Ù¥: Fi(PGi)Ǒu>-ÆÑþ¼ê, Ei(PGi)Ǒu>ÅÀ/íN (SO2!NOx)ü�þ¼ê, i = 1, 2, ⋅ ⋅ ⋅ ,

NG, NGǑXÚSu>Åoê.8I1:-Æ�Ñ¼ê

Fi(PGi) =

N
∑

i=1

[ai + biPGi + ciP
2
Gi +

∣di sin(ei(P
min
Gi − PGi))∣]. (2)Ù¥: PGiǑ1 i�u>Å�kõõÇ, ai!bi!ciþǑXÚëê.8I2:k³íN (SO2!NOx)ü�þ¼ê

Ei(PGi) = �i + �iPGi + 
iP
2
Gi + �i exp(�iPGi), (3)Ù¥�i!�i!�i!
i!�iþǑXÚëê.

2)�å^�.� u>Å$1Nþ�å.z�Å|�u>õÇA0uÙ��ÑÑõÇ���ÑÑõÇ�m,=
Pmin

Gi
⩽ P

Gi
⩽ Pmax

Gi
, (4)Ù¥Pmax

Gi !Pmin
Gi ©OǑ1 i�u>Å���Ú��õÇÑÑ.� kõõÇ²ï�å^�.�Å|u>õÇ�ÚA�uK1o�I�õÇ��ä�Ñ�Ú,=
PLOSS + PD −

NG
∑

i=1

PGi = 0. (5)Ù¥: PLOSSǑXÚ�ä�Ñ, PDǑXÚoKÖI�.æ^BXê{,XÚ���u>ÅkõõÇ�'XǑ
PLOSS =

NG
∑

i=1

NG
∑

j=1

PGiBijpGj . (6)

2 ÄÄÄuuu���mmmggg···AAAyyy©©©���õõõ888III���¸̧̧²²²LLLNNNÝÝÝ���{{{
2.1 ÄÄÄuuu���mmmyyy©©©���âââfff+++���ÝÝÝ   £££���###3Ä�PSO�{¥,z�âfÀǑ�`z¯K��1),b�n�âf3D�|¢�m¥,ÏLp�Æ�Ú¿�5Ïé¯K��`)[12],3zgS�¥,`z¯K�L§�w�âfØä�#�L§,¤kâfØë�Ù�âf�&E,=ÏL���N�`
Pbest(x)Ú�Û�`âf gbest(x)�&EÚ²�5N�gC��ÝÚ �,âf�Ý�#Xe:

vid(t+ 1) =

w × vid(t) + c1 × rand1d × (pbestid(t)− xid(t))+

c2 × rand2d × (gbestd(t)− xid(t)). (7)w,,ù´��n��¬^�,ù«&E��Å���âfõ�5ü$,éN´��{3E,`z¯K�)��\�ÙÂñG�.�ud, ASMPSOò8I�mz��Ýy©¤õ���,3�
âf¤?���S,âfÏL��
Pbest(x)!Archi(x)ÚDbest(x)�&EÚ²�¯��C�`
÷¡. Pbest(x)´g��` �; Archi(x)´��
âfx uÓ����S,¤?�$
÷¡�P�ål���âf; Dbest(x)´�x�·AÝ�m�3��îAp�ålÇ (FER)�âf.©z
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[13-14]®²y¢, �^FER3)ûE,¼ê`z¯K�,Uk�;�âf�\ÛÜ�`,¿k|uâfmÿ#�|¢«m.ÏLã1�±�ß/*	�âf
x3Pbest(x) (zâf), Archi(x) (ℎâf)ÚDbest(x)

(yâf)Ú�e��`
÷¡D��
?.
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of particleã 1 ÄuPbest(x)!Archi(x)ÚDbest(x)Ú�e�âfÏ`L§Ǒ
~�ëê(¯5��{�5�KǑ,��{�^�ÅÆSÏfr1Ú r2�O\�Ïfc1Ú c2,z�âfÏLeª�#�Ý:

vmid(t+ 1) =

wvmid(t) + r1d(Pbest
m
id(t)− xm

id(t)) + r2d(Archi
m
id(t)−

xm
id(t)) + r3d(Dbestmid(t)− xm

id(t)), (8)

xm
id(t+ 1) = xm

id(t) + vmid(t). (9)Ù¥: i = 1, 2, ⋅ ⋅ ⋅ , nǑ1 i�âf�SÒ, d = 1, 2,

⋅ ⋅ ⋅ , DǑ�Ý, mǑ«+Ò, tǑS�ê, r1!r2Ú r3ǑÑlU(0, 1)©Ù��Åê, 1 i�âf �L«Ǒ
x(t) = (xi1(t), xi2(t), ⋅ ⋅ ⋅ , xid(t)), �ÝL«Ǒv(t) =

(vi1(t), vi2(t), ⋅ ⋅ ⋅ , vid(t)), wǑ.5Xê. Archi(x)�ÀJ7L÷v±eü^5K: 1)�x?uÓ����S,¿�3�
����$
÷¡þ; 2)3÷v1)^��¤kâf¥,P�ål��. Dbest(x)�±ÏLeªO���:

FER(j,i) = �×
f(pj)− f(pi)

∥pj − pi∥
. (10)Ù¥: � =

∥s∥

f(pg)− f(pw)
, f(pg)Ǒ�
«+¥�Û���·AÝ�, f(pw)Ǒ�
«+¥�Û���·^Ý�, s =

√

√

√

⎷

d
∑

k=1

(xu
k − xl

k)
2xu

kÚxl
k©OǑx�1 k�|¢�m�þ.Úe., ∥s∥Ǒ|¢�m���;

f(pj)Ú f(pi)©OéA
1 j�Ú1 i�âf�·AÝ�; ∥pj − pi∥Ǒ1 j�Ú1 i�âf�î¼ål.

2.2 ØØØ���111���NNN???nnn3õ8I`z¯K¥, Pareto
÷  ©Ù3>

.�NC,Ǒ
���{¯��\ÛÜÂñ,éØ÷v^�=Ø�1�N�?n´�~7��.éâf �Ú�Ý�.?1Xe?n[15]:

vid(t+ 1) =

⎧





⎨





⎩

wvmax,d, if vid(t+ 1) > vmax,d;

wvmin,d, if vid(t+ 1) < vmin,d;

vid(t+ 1), otherwise.

xid(t+ 1) =

⎧





⎨





⎩

wxmax,d, if xid(t+ 1) > xmax,d;

wxmin,d, if xid(t+ 1) < xmin,d;

xid(t+ 1), otherwise.

(11)�¢Sâf��ÝÚ ��Ñ1j�ûüCþþ.½e.�,ÏL áâf�|¢Ú�,4âf��§Ý�±�5�|¢��, =ÏL.5��w?�âf��ÝÚ �,U3�C>.�����S|¢,ù�~�
âf3Pareto
÷NC/þ}0�VÇ.

2.3 


###***ÿÿÿììì��{¥âfÏL��z�Pbest(x)!Archi(x)ÚDbest(x) (©¥òù3�âf¡ǑÚ�âf)�&EÚ²�5N�gC��ÝÚ �,�é��âf
ó,zgS��., Pbest(x)!Archi(x)ÚDbest(x)�&Ek�U3ØÊ/Cz, ¤±¿ØU���yÄg¼��Pbest(x)!Archi(x)ÚDbest(x)�&E±�Ñéâf���`
÷¡k�z, 
zgÑéâf�Pbest(x)!Archi(x)ÚDbest(x)�&E?1�#,Î��¯,�{7½I�Ñ¤�þ�m.Ïd,
#*ÿì�Ú\�õ8Iâf+üzASMPSO�{¥,§�â�
�)|¢G�¢��lP¹âf�üzL§.XJ²L�ã�m|¢ (��
#*ÿìK�),Ú�övkéâf�?Û�z,K«+��N��U�à83,�«�S,¿�\ÛÜ�`G�,d�,âf7L4�`D�/Ú�ö0+�©�����#&E±�ÏâfaÑÛÜ4�.

2.4 ÄÄÄuuuASMPSO������¸̧̧²²²LLLNNNÝÝÝ���{{{£££ããã
ASMPSOÄuõ8IEâ, 4«+¥�âf�pÆÓÜ�Ïé�©Ù��U��%C5!°25Úþ!5Pareto�`)8Ü.Äu�¸²LNÝ¯K�ASMPSO�{6§Xe.

Step 1:¼�äkõ�u>Å|�>åXÚ¥z�Å|�Ñåêâþ�Úe�!-Æ�Ñ¼ê�Xêêâ!k³íNü�þ¼ê�Xêêâ!Ñ>�´�Ñ�BXêêâÚXÚoKÖêâ.

Step 2:ïá>åXÚ�¸²LNÝ¯K�êÆ`z�..

Step 3:�©z«+.�âz��Ý��å^�
(=z�Å|�u>õÇA0uÙ��ÑÑõÇ���ÑÑõÇ�m),�Å�©z�N,Ǒz��N©



1 11Ï Î���: Äu�¸²LNÝ¯K��mg·Ay©õ8I`z 1977�Pbest(x), Archi(x)ÚDbest(x),����S�gêÚ
#*ÿìK�.

Step 4:S��#.éuz�«+�z�âf?1Xeö�:� �äâféA�
#*ÿì´Ä�uK�,e´,K­#Ǒâf©�Pbest(x)!Archi(x)Ú
Dbest(x),
#*ÿì��0;��#«+¥¤kâf��ÝÚ �,¿?1�.?n;�µ�·AÝ¼ê�;��äâfé	Ü��´Ä��z,evk,K
#*ÿìO1.

Step 5:	Ü���#.¤k«+����	Ü��8,^5�;zgS��)���).XJ�Y8Ü¥���)ê8�LÙ��Nþ,KI�3�Y¥çÀäk�L5��N�3e5,	Ü��8������«+�5���,ùp|^P�ål�{[16]5�±)+©Ù�þ!5.

Step 6:S�Oêì\O1,�ä´Ä÷v�{ª�^�.e÷v,K�1Step 7,ÄK=Step 4.

Step 7:ÑÑPareto�`
÷¡.

Step 8:æ^õ8Iûü�{3Pareto�`)8¥(½�ª).

Step 9:ò(½��ª)�Ǒ�-ÏLgÄu>��C�ux��'u>�½Å|�gÄ��N!C�,¢yéÅ|u>õÇ���.

3 ¢¢¢���ÿÿÿÁÁÁ
3.1 ÿÿÿÁÁÁ^̂̂~~~999ëëëêêê������duëê���é�{�5Uké�KǑ,�©kÀ�ISCEC09�#ÿÁ^~[17]5�yASMPSO�{�k�5.ù
ÿÁ¯K®3éõØÓ�­�ïÄ¥�J9,§�U
3ØÓ��¡é?zõ8I¯K?1ÿÁ.ò¢�(J�NSGAII[2]!MOEA/D-

DE[18]Ú2LB-MOPSO[5]?1
'�, �{ëê��XL1¤«,¢�æ^�10�ÿÁ¼êL�ªXL2¤«. L 1 �{�'ëê��
Algorithms Parameters Settings

NSGA-II
N = 100, Pc = 0.9, Pm = 1/D,

�c = �m = 20, max iter = 2 000

MOEA/D-DE
N = 100, Pc = 0.6, Pm = 0.03,

max iter = 2 000

2LB-MOPSO N = 100, max iter = 2 000, ! = 0.9 → 0.2

ASMPSO
N = 100, n = 10, max iter = 2 000,

! = 0.729, c1 = c2 = c3 = 2.05L 2 ÿÁ¼ê¼ê¶ �Ý |¢�m 8I¼ê
SCH 1 x1 ∈ [0, 1], xi = 0, 2 ⩽ i ⩽ D f1(x) = x2, f2(x) = (x− 2)2

FON 3 x1 ∈ [0, 1], xi = 0, 2 ⩽ i ⩽ D

f1(x) = 1 − exp
(

−
3

∑

i=1

(xi − 1/
√
3)2

)

,

f2(x) = 1 − exp
(

−
3

∑

i=1

(xi + 1/
√
3)2

)

ZDT1 30 xi ∈ [0, 1], 1 ⩽ i ⩽ D

f1(x) = x1, f2(x) = g(x)[1 −
√

x1/g(x)],

g(x) = 1 + 9
(

n
∑

i=2

xi

)

/(n − 1)

ZDT2 30 xi ∈ [0, 1], 1 ⩽ i ⩽ D

f1(x) = x1, f2(x) = g(x)[1 −
√

x1/g(x)],

g(x) = 1 + 9
(

n
∑

i=2

xi

)

/(n − 1)

ZDT3 30 xi ∈ [0, 1], 1 ⩽ i ⩽ D

f1(x) = x1, f2(x) = g(x)[1 −
√

x1/g(x)] − x1/g(x),

g(x) = 1 + 9
(

n
∑

i=2

xi

)

/(n − 1)

ZDT4 10 x1 ∈ [0, 1], xi ∈ [−5, 5], 2 ⩽ i ⩽ D

f1(x) = x1, f2(x) = g(x)[1 −
√

x1/g(x) − x1/g(x)],

g(x) = 1 + 10(n − 1) +

n
∑

i=2

[x2
i
− 10(4πxi)]

ZDT6 10 xi ∈ [0, 1], 1 ⩽ i ⩽ D

f1(x) = 1 − exp(−4xi) sin
6(6πx1), f2(x) = g(x)[1 − (f1(x)/g(x))

2],

g(x) = 1 + 9
[(

n
∑

i=2

xi

)

/(n − 1)
]0.25

DTLZ2 k + ∣xk∣ − 1 xi ∈ [0, 1], 1 ⩽ i ⩽ D

f1(x) = (1 + g(xk)) cos(x1π/2) cos(x2π/2) ⋅ ⋅ ⋅ cos(xk−2π/2) cos(xk−1π/2),

f2(x) = (1 + g(xk)) cos(x1π/2) cos(x2π/2) ⋅ ⋅ ⋅ cos(xk−2π/2) sin(xk−1π/2),
...

fM−1(x) = (1 + g(xk)) cos(x1π/2) sin(x2π/2),

fM (x) = (1 + g(xk)) sin(x1π/2), g(xk) =
∑

xi∈xk

(xi − 0.5)2

UF1 30 x1 ∈ [0, 1], xi ∈ [−1, 1], 2 ⩽ i ⩽ D xi =

⎧



⎨



⎩

0.3x2
1 cos

(

24πx1 + 4iπ/D
)

+ 0.6x1 sin
(

6πx1 + jπ/D
)

, j ∈ J2;

(0.3x2
1 cos

(

24πx1 + 4iπ/D
)

+ 0.6x1 cos
(

6πx1 + jπ/D
)

, j ∈ J1

UF3 30 xi ∈ [0, 1], 1 ⩽ i ⩽ D xi = x
0.5

(

1.0+
3(i−2)
D−2

)

1 , 2 ⩽ i ⩽ D
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Generational Distance(IGD)[19]5µ��{�5U.b½P ∗ǑMOP�n�PFþ��|þ!æ�, P Ǒõ8I`z�{����|én�PF�%C),K)8P � IGD�I½ÂXe:

IGD(P ∗, P ) =

∑

v∈P∗

d(v, P )

∣P ∗∣
. (12)Ù¥: d(v, P )Ǒ v�«+P ¥��ål�C�:�m�î¼ål; ∣P ∗∣Ǒ«+P ∗¥Pareto�`)��ê, 3�©¢�¥, Ù���«+����. IGD�I�±nÜïþõ8I`z�{��Pareto�`)8P �Âñ5Úõ�5, IGD���,�{��)5U��.
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nã 2 ØÓn�e¼êÂñ5Úõ�5Ýþ�I'�

1)z�8I|¢�m�y©¤n���.Ǒ
Or«+�õ�5ÚÂñ5,õ8I�m�y©¤n���,©OÀ�n = {5, 2, 10}�?1�{¯a5©Û,éz�¼ê�{Õá$110g,Ù(JXã2¤«.©Ûî�In�éõ�5ÚÂñ5�I�KǑ[21],�±�Ñ:�n = 10�,=�z��m�Ý�y©¤10����,�Nõ�5Ô�,´�\ÛÜÂñ;�n = 2�,���DÕ,ØÓ/Ú+âf0&EÚ²�éâf�1E¤�KǑØ�,���`)Âñ5Øv,°ÝØp;lZDT 6ÚUF 3¼ê(J©Û��,�n = 5�,�{�Âñ5Úõ�5þ?u�ZG�.

2)
#*ÿìK�.²L�ã�m�|¢,
#*ÿì*ÿ��Ü©âf�U�à83,�«�S,é�U?uÛÜÂñG�,�oòI�#�Ú�öǑâfJø²�Ú&E©�,Û�3|¢�mSǑâf��#�Ú�âfò´I��Ä�¯K.Ǒ
Ïé�{���ëê|Ü,é3�¼ê?1
ÿÁ,ÿÁL = (3, 8, 15),
#*ÿì�½3ØÓK�e�ZDT 2!ZDT 6ÚUF 1n�¼êXL3¤«.L 3 G�*ÿì�#±Ï©Û
Problems Statistic L = 3 L = 8 L = 15

ZDT 2
Mean

Std

1.797 e-002

3.146 e-004

1.245 e-003

1.132 8 e-004

1 449 e-002

1.658 e-004

ZDT 6
Mean

Std

1.205 e-001

1.846 e-002

2.523 e-002

3.954 e-004

7.201 e-001

3.370 e-002

UF 1
Mean

Std

2.889 e-001

2.432 e-002

3.101 e-003

3.072 e-004

2.643 e-002

2.457 e-002L 4 4«�{34�ÿÁ¼êþ IGDµd�Iþ�'�
Problems Statistic ASMPSO MOEA/D-DE NSGA-II 2LB-MOPSO

SCH
Mean

Std

1.26 e-004

3.52 e-005

1.72 e-002

4.32 e-003

1.81 e-003

3.32 e-005

3.14 e-003

3.41 e-005

FON
Mean

Std

1.14 e-003

3.46 e-004

2.04 e-002

7.59 e-002

1.09 e-003

9.59 e-003

2.14 e-003

3.48 e-003

ZDT 1
Mean

Std

1.02 e-003

6.29 e-004

0.16

1.93 e-002

5.00 e-003

2.33 e-004

1.32 e-002

1.65 e-003

ZDT 2
Mean

Std

3.92 e-003

6.02 e-005

0.23

3.07 e-002

0.19

0.28

1.56 e-002

3.17 e-003

ZDT 3
Mean

Std

1.67 e-002

4.53 e-003

0.23

2.17 e-002

1.54 e-002

2.71 e-002

0.35

3.7 e-002

ZDT 4
Mean

Std

4.49 e-002

1.7 e-003

0.31

0.23

0.29

0.40

0.42

0.26

ZDT 6
Mean

Std

4.52 e-004

6.49 e-005

1.54

0.13

6.22 e-003

7.02 e-004

6.32 e-002

5.02 e-003

DTLZ 1
Mean

Std

5.06 e-004

1.21 e-004

2.79 e-003

4.36 e-004

2.75 e-003

2.86-004

3.54 e-003

3.05 e-004

DTLZ 2
Mean

Std

6.72 e-004

1.50 e-005

3.33 e-002

3.02 e-003

5.81 e-003

4.7 e-004

2.76 e-003

2.89 e-004

UF 1
Mean

Std

2.64 e-003

2.45 e-004

5.96 e-002

2.15 e-002

7.30 e-002

2.46 e-002

2.91 e-003

2.34 e-003

UF 3
Mean

Std

1.80 e-003

1.43 e-003

0.59

4.37 e-002

3.89 e-002

1.57 e-002

0.48

1.55 e-002



1 11Ï Î���: Äu�¸²LNÝ¯K��mg·Ay©õ8I`z 1979L3��ý(JL²,L = 8��{5U��,¼êþ�Ú���²w~�.dL4��,�éuMOEA/D-DE!2LB-MOPSOÚNSGA-II, ASMPSO3Âñ�ÝÚ«+õ�5þÑké��`�5.�éÿÁ¼ê`z, ASMPSO�¤±kXd���J,Ì�´duT�{U
9��#¿��Ú�âf�&E,âf�±¯�/�ø\÷
÷£Ä,ù�Ò3��§Ýþ�3
«+�õ�5,¿Ú���«+±����Uþ!/©Ù3¤�¯K��`
÷þ,¤õ;�
dü��Û�`Ú�¤�)���«+�Ü©�`
÷£Ä�6à.

3.3 ���¸̧̧²²²LLLNNNÝÝÝ`̀̀zzz���ýýý¢¢¢���ùpæ^IO� IEEE 30!:XÚ�ǑÿÁ�~,TXÚ�)10�u>Å!:,Ù-Æ�ÑÚ²Lü���'Xêë�©z [2], ÄONþǑ2 000 MV,�©«+Ǒ100,��S�gêǑ2 000,±��S�gê�Ǒ`zO�(å�^�,æ^�©JÑ��{¿©O�MOEA/D�{!NSGAII�{!2LB-

MOPSO�{?1é', Pareto�`
÷¡ÚPareto)8¥�'�©OXã3ÚL5¤«.
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1.11 1.13 1.15 1.17

%&'( /10
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$

2LB MOPSO-

MOEA D/

NSGAII

ASMPSO

ã 3 ØÓ�{�Pareto�`
÷¡dã3��, ASMPSOæ^�m*ÿÅ�,�mg·Ay©üÑ,¤�)Ø=�±õ�5,
�äké��þ!©Ù5,¤��ø\÷�`)UHÙ��þï¡.L5�Ñ
ØÓ�{¼��Pareto)�¥�'�,�*	�,�Ù��{
ó, ASMPSO�{3)û�¸²LNÝ¯Kþ�¯�!p�,UÓ�o���5Ú²L5.L 5 �«�{¤¼Pareto)8¥�'�
Parameter ASMPSO MOEA/D-DE NSGAII 2LB-MOPSO

P1/MW 55.000 0 54.948 7 51.951 5 54.930 0

P2/MW 80.000 0 74.582 1 67.258 4 79.003 5

P3/MW 83.559 4 79.429 4 73.687 9 84.654 7

P4/MW 84.603 1 80.687 5 91.355 4 84.785 4

P5/MW 146.563 2 136.855 1 134.052 2 135.567 2

P6/MW 169.248 1 172.639 3 174.950 4 171.854 3

P7/MW 300.000 0 283.823 3 289.435 0 293.639 7

P8/MW 317.349 6 316.340 7 314.055 6 315.347 4

P9/MW 412.918 3 448.592 3 455.697 8 432.743 3

P10/MW 434.313 3 436.428 7 431.805 4 441.643 5

Power losses/MW 83.56 84.33 84.25 83.97

Fuel cost/$ 113 444.85 113 539.24 113 716.62 113 498.46

Emission/lb 4 113.98 4 157.88 4 119.56 4 185.53

Computing time/s 3.07 4.82 6.02 5.32

4 ((( ØØØǑ
nÜ�ÄPareto�`)8�°25!þ!5Ú%C5,�©JÑ
�«Äu�mg·Ay©�õ8Iâf+`z�{.T�{æ^õ«+5?nõ8I¯K,õ8I|¢�m�©�¤õ�«�,«�S�âf��«#�ÛÜÚ�Û�`5Ú�,ÏL
#*ÿì¢�P¹Ú�öǑâf�CPareto�`)8¤���z,3�½±ÏS��Ú+ö,l
�)¯��CPareto�`
÷¡.T�{Ué)�m?1�\�¡!¿©�&¢,l
¯�é��|©Ùäk��U��%C5!°25Úþ!5��`)8Ü.¢�Ü©éëê¯a5?1
©Û,ÏLéISÿÁ¼ê±9 IEEE 30o�!10Å|�>åXÚ�¸²LN
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