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Abstract: A multi-combat step dynamic target assignment optimization model is built based on Nash equilibrium
concept by considering the joint survival probability and weapons consumption factors for dynamic multi-strategy UAV co-
operative attack. In building the model the value function calculation for the two belligerent parties and the solving method
of bimatrix game Nash equilibrium point are applied. Then, an elite re-election particle swarm optimization (ERPSO) is
proposed based on the elite reelection mechanism; therefore, the diversity of individuals can be increased when leading
capacity of group extreme value is deficient through cloning, mutation and re-initialization operation. The advantages of
traditional particle swarm optimization (PSO) algorithm such as simple structure, fast convergence are retained, but the
shortcoming of falling into local minimum is corrected. Finally, the ERPSO algorithm is applied to the dynamic target as-
signment model to solve the Nash equilibrium point for obtaining accurate hybrid strategies for both sides. It is confirmed
that the real-time demands and accuracy are satisfied, and the validity of the proposed model and method is established.
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1 ÚÚÚóóó(Introduction)
õÃ<�Ô�Å(unmanned combating air vehicle,

UCAV)3¢y&E���cJe,�Ó�ÔU
�¤
�«E,�ô³�Ô?Ö,Úå�I�2�'5,ù
�¦�õ²�õÉì»å©�(weapon-target assign-
ment, WTA)¯K¤�Ê�+�ïÄ�9:. 8ck
'WTA¯K�ïÄ�{k�Å�{(random strate-
gy)!ü��8üÑ(unit greedy strategy)!ìè`z

(team optimal strategy)�[1],§��k6à,�Å�{
¥z�ü��üÑÀJ´�Å�,éJ�yÙÂñ5;
�8�{´Äuz�ü�ég��5U`z,ØU÷
v�Ô�NÏ`,�¦�/�Ó0��¿Â;ìè`
z�l�è5U`z��ÝÑu�Ñ
Ù¦èÎ�

üÑÀJ,áum�ªé|,ùØÎÜ�Ô��.
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ûu��,��ûu'�ûü,ù�~ÎÜÆ�Ø¤
ïÄ��Æ. WTA¯KÌ�5u�����(C2)
gÄz��¦[2],��y�Ã<Å�Ô��ûü¥�
'�¯K,)ûXÛÜn/ÜÝ·�Wå5HÂ'�
Wå,±Ï���Z��Ô�J. WTA¯KUÙÔÌ
Ú½��þÌ�©�·�--WTA (SWTA)ÚÄ�--
WTA (DWTA)[3]. �XéÃ<Å�ÔE,5ïÄ��
\,±õÔÌÚ�Ô�DWTAÅì��
��Ä�Ú
�Ô�SWTA,z�Ú�ûüÑ´ïá3éc�ÔÌ
ÚÔ¹�µ�þ,ù�ÎÜy��Ô¢S.

�éÏDWTA¯K�÷¿),A^`z�{é
DWTA¯K?1¦)´Ü·�. Ù¥âf+�{äk
�{Å�{ü!5UÐ!N´¢y�`:[4],ÙÂñ�
Ý¯�`:�´É�DWTAïÄ+���à. ,,
âf+�{(particle swarm optimization, PSO)�":
´�Û|¢UåØr,8c,�éù�¡�U?�Ñ
Ø¡,XN!��ëê²ïÛÜ|¢UåÚ�Û|¢
Uå[5–7]!�OØÓ���ÿÀ���ÛÿÀ[8–9]�

U?�{,±9ò9Ï|¢üÑÚ\DÚPSO�{�
·Ü�{[10–13]. �ù
�{3UC«+õ�5�Ó
�,%ã+
Âñ�Ý¿¦�{(��\E,[14].

��Ð�£ãÃ<Å�Ô�Ä�é|5,¼��
�Ün�é|V��8I©��Y,�©ïá
#�
õÔÌÚDWTA�.,JÑ
��k��`z¦)�
{,ïÄÌ�SNk: 1)lÆ��g�Ñu,±éÜ)
�VÇ9Éì�Ñ��IJÑÄ�8I©�d�¼

ê�#�.,3µ��ÔV�ôÂüÑ�Ä:þ,A
^B�þïVgïáÆ�8I¼ê. 2)É�g,.Ú
<a�¬/+�Uå�Ø!¿�!�30�g��é

u,3�3DÚâf+�{�¯�Âñ5�Ä:þ,
Ú\/°=UÀÅ�0,JÑ°=UÀÅ��âf+
(PSO based on elite re-election, ERPSO)�{,±O\
�Nõ�5!\rÚ�Uå,UõDÚPSO�{´u
�\ÛÜ4��¯K; 3)òERPSO�{A^u¤ïá
�8I©��.�B�þï:�¦)¥,¼��ÔV
��g��°(�VÇ¿Âþ�·Ü�ÓôÂüÑ,
��Y�ÔÀJJø�â.

2 ÄÄÄuuuBBB���þþþïïï���ÄÄÄ���888III©©©������...(Dyna-
mic target assignment model based on Nash
equilibrium)

2.1 ÄÄÄ���888III©©©���ddd���¼¼¼êêê���...(Dynamic target
assignment value function model)
òÃ<Å�ÔV���7�!ù�,lÆ��¿Â

þw,�ÔV�´3Ø��é�ÀJÛ«üÑ��¹
e,ÀJ�g�ôÂüÑ,ÏdÃØü�ûü��m
´Äý�Ó�,Ñ�±À�´Ó��Ñûü. 3dc
Jeïá7!ùü�üeÃ<Å��¹VÇO�¼ê

(b�ÔÌ©KÚ?1,�Ó��Ô�Å¦^Ó�a.
Éì):

LB
i (k) = LB

i (k − 1) ·
NR∏
j=1

[1− pR
ji(k)]u

R
j,i(k), (1)

LR
j (k) = LR

j (k − 1) ·
NB∏
i=1

[1−pB
ij(k)]u

B
i,j(k), (2)

pR
ji(k) = βw · pR

ji · LR
j (k − 1), (3)

pB
ij(k) = βw · pB

ij · LB
i (k − 1), (4)

Ù¥: NB, NR�7!ùü�ÔÅeê; uB
ij(k), pB

ij(k)
©OL«1kÔÌÚ7�1ieÔÅôÂù�1jeÔ

Å¦^�Éìê8±9ü�Éì�¤úVÇ, uR
ji(k),

pR
ji(k)©OL«1kÔÌÚù�1jeÔÅôÂ7�1

ieÔÅ¦^�Éìê8±9ü�Éì�¤úVÇ;
pB

ij , pR
jiL«n��¸e(XUí�)Éì�¤úVÇ;

βw��¸Ï�K�Ïf(06βw 61). LB
i (k)ÚLR

j (k)
©O�1k�ÔÌÚ�,7�1ieÃ<Å!ù�1je

Ã<Å��¹VÇ(LB
i (0) = 1, LR

j (0) = 1L«V�
Ð©)�VÇþ�1), k = 1, 2, · · · ,K.

dd��,��d��)�VÇ���6C�Ú
éÃ3c����)�VÇ,ùÎÜ¢S.Ïd,�ï
á7!ùü�éÜ)�VÇ¼ê©O�

NB∑
i=1

LB
i (K),

NR∑
j=1

LR
j (K).

©z[15]±·�éÜ)�d���!'�éÜ)
�d���,(Ü8Id�ëêïá
Ä�8I©�
�.,��Ä��Éì�Ñ����ÑÏ�,�©n
ÜÉì�Ñ,\\5�zÏf,ïá7!ùV��Ôo
ÂÃ¼ê:

JB =
µB

L

NB∑
i=1

cB
i LB

i (K)

µB
u

K∑
k=1

NR∑
j=1

NB∑
i=1

uB
ij(k)

−
µR

L

NR∑
j=1

cB
j LR

j (K)

µR
u

K∑
k=1

NB∑
i=1

NR∑
j=1

uR
ji(k)

,

(5)

JR =
µR

L

NR∑
j=1

cR
j LR

j (K)

µR
u

K∑
k=1

NB∑
i=1

NR∑
j=1

uR
ji(k)

−
µB

L

NB∑
i=1

cR
i LB

i (K)

µB
u

K∑
k=1

NR∑
j=1

NB∑
i=1

uB
ij(k)

,

(6)

Ù¥: JB, JR�7!ùü���ÔoNÂÃ; cB
i , cB

j©

O�L7�iÅÚù�jÅ�éu7��d�ëê; cR
i ,

cR
j©O�L7�iÅÚù�jÅ�éuù��d�ë

ê; µB
L, µR

L , µB
u , µR

u©O�7�!ù�)�VÇ,��
�Ñ�5�zXê,æ^ª(7)O�:

µq
p =

pq −min pq

max pq −min pq
, (7)

Ù¥: p = {∑L,
∑
i,j,k

u}, q = {B, R}.
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�â�ÔV�éÉì¦^�¹���,(½�.
�å^��

K∑
k=1

NB∑
i=1

uB
ij(k) 6 WB

j , ∀j = 1, 2, · · · , NR, (8)

K∑
k=1

NR∑
j=1

uR
ji(k) 6 WR

i , ∀i = 1, 2, · · · , NB, (9)

NR∑
j=1

uB
ij(k) 6 wB

i (k), ∀i = 1, 2, · · · , NB, (10)

NB∑
i=1

uR
ji(k) 6 wR

j (k), ∀j = 1, 2, · · · , NR, (11)

ª¥: uB
ij(k) > 0, uR

ji(k) > 0, k = 1, 2, · · · ,K.

ª(8)Úª(9)£ã
�Ô¥7/ù��õ©��ù
�jÅ/7�iÅ�Éìê8�å,©O^WB

j ÚWR
i L

«;ª(10)–(11)£ã
1k�ÔÌÚ¥7�iÅ/ù�j

Å�õu��Éìê8�å,©O±wB
i (k)ÚwR

j (k)
L«.

l�.�ïá�{�±wÑ,�ÔV�üÑ�À
��ûuÔÌÚêKÚ�ÔV�éÉì¦^�¹�

��(�å^�(8)–(11))�. ÔÌ]k�,ù
^
�þ÷vk�5,V���ÔüÑ8�k�8Ü,÷
v©z[16]B�½n1�²�B�þï)�35^
�—z��k�gÆ�Ñ��k��·ÜüÑB�
þï. ��©¤ïá��Ôé|Æ��.B�þï:
�3,�A^�A��{�±¦).

2.2 888III©©©���¯̄̄KKK���···ÜÜÜBBB���þþþïïï:::¦¦¦)))���...

(Mixed Nash equilibrium point solving model
for target assignment problem)
3Ã<Å�Ô¥,�ÔV�áu��'éG�,�

���Ò´,����,?Û��Ñ�Ï¦�éu,
��üÑ!üÑ|Ü��Zéü,ù�~ÎÜÆ�Ø
¥��Ü�VÝ
éü�Vg.

��Ü�éü¯KP�G = (SI, SII, (A, B)),Ù
¥Û¥<.Ú/�k�üÑ8©O�

SI = {α1, α2, · · · , αn}, SII = {β1, β2, · · · , βm},
A = [aij]n×m, B = [bij]n×m©O�V��ÂÃÝ
,
=aij , bij©O�Û¥<.æ�üÑαi,Û¥</æ�
üÑβj�V��ÂÃ�.eÛ¥<.Ú/©O±VÇ
© ÙX =(x1, x2, · · · , xn)ÚY =(y1, y2, · · · , ym)�
Å3�ÀüÑ¥?1ÀJ,K��Û¥<.Ú/�·
ÜüÑ[16]:

S∗I = {X = (x1, x2, · · · , xn)|
n∑

i=1

xi = 1, xi > 0},

S∗II = {Y = (y1, y2, · · · , ym)|
m∑

j=1

yj = 1, yj > 0}.

½½½ÂÂÂ 1(B�þï)) 3VÝ
G = (SI, SII,

(A,B))¥,e�3�é·ÜüÑ|Ü(X∗, Y ∗),éu

?ÛÙ¦·ÜüÑX ∈ S∗I , Y ∈ S∗II,þk

XAY ∗T 6 X∗AY ∗T, X∗BY T 6 X∗BY ∗T,

@oüÑ|Ü(X∗, Y ∗)�G�B�þï).

d½Â1´�,�½Æ�V��üÑ�,B�þï
üÑ|Ü¥�Æ���üÑÑ´�éuÙ¦Æ��

üÑ|Ü��Zéü,Ïd?Û��eüÕUCüÑ,
ÂÃþÑØ¬��Ð?.

½½½nnn 1 �éüÑ(X∗, Y ∗)´VÝ
Æ�G =
(SI, SII, (A,B))�B�þï)�¿�^�[17]�

Ai·Y
∗T 6 X∗AY ∗T, X∗B·j 6 X∗BY ∗T,

Ù¥: Ai·�Ý
A�1i1, B·j�Ý
B�1j�, i =
1, 2, · · · , n, j = 1, 2, · · · ,m.

d½n1,�ïá�Ü�VÝ
Æ�B�þï:¦
)�·AÝ¼ê[18]:

f(x, y) = max{max
16i6n

(Ai·Y
T −XAY T), 0}+

max{ max
16j6m

(XB·j −XBY T), 0}. (12)

´�,�Ü�VÝ
Æ��·ÜüÑ|Ü�mS
�kB�þï:�·AÝ��,�0,=¦¼êf(x, y)
����0�·ÜüÑ(X∗, Y ∗)=�¤¦�B�þï
:,Ïd,ù´��4�®��`z¯K.

2.3 nnnÜÜÜ���...(Integrated model)

�uÆ�Øg�,Ä�8I©�´ïá3�ÔV
�ÝºV��ÔüÑ���'��üÑÀJ��¹

e�. ��â�å^�(½�ÔV��üÑ8,�é
z|üÑ|Üdª(5)–(6)O�V���ÔÂÃ,ïá
ÂÃÝ
A, B. �\ª(12)¥,¦)¯K�B�þï
:,=�ÔV��éué���ZüÑ|Ü.��5
¿�´,duù´��n�4�®�(�0)����`
z¯K,¤æ^��{�`û5�ÏL4��0�Ø
����±ïþ.

3 ERPSO���{{{¦¦¦)))ÄÄÄ���888III©©©���¯̄̄KKK���BBB
���þþþïïï::: (Nash equilibrium point solving
based on ERPSO algorithm for dynamic tar-
get assignment problem)
¯��Âñ5Ú�Û|¢Uå´ïþ+N�U`

z�{5U�ü�'�Ï�.Ù¥,âf+(PSO)�{
±Ù¯��Âñ5,�2�A^u?Ö©�9Ù�'
¯K¥,�{¥âf�A�^ �!�ÝÚ·AÝ
�3��IL�,ÏL�l�N4�Pbest(�Nâf�
�8c¤é���`))Ú+N4�Gbest(��«+
8cé���`))�#âf��Ý(£Ä���Úå
l),?�#�N �.b�3��D�|¢�m¥,
dn�âf|¤�«+X = (X1, X2, · · · , Xn),Ù¥
Xi = (Xi1, Xi2, · · · , XiD)T�L1i�âf3D�|
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¢�m¥� �,�=¯K���d3). �â8I
¼ê�O�Ñz�âf �XiéA�·AÝ�.�
1 i�âf��Ý�Vi = (Vi1, Vi2, · · · , ViD)T,Ù�
N4�Ú«+�+N4��Pbesti

= (Pi1, Pi2, · · · ,

PiD)T, Gbest = (gi1, gi2, · · · , giD)T.âf+�{Ä

k3�1)�m¥Ð©zn�âf,z�âfÏL�
N4�Ú+N4�3?zL§¥�#g���ÝÚ

 �[19],=

V k+1
id =ωV k

id + c1r1(P k
id−Xk

id) + c2r2(gk
id−Xk

id),

(13)

Xk+1
id = Xk

id + V k+1
id , (14)

Ù¥: ω�.5�,�?z�êO\l����
ωmax�54~�����ωmin,=

ω = ωmax − k

kmax

· (ωmax − ωmin), (15)

Ù¥: d = 1, 2, · · · , D; i = 1, 2, · · · , n; k��cS

�gê, k = 1, 2, · · · , kmax; c1, c2�\�ÝÏf,´
�K~ê; r1, r2´©Ùu[0, 1]«m��Åê.

lPSO�{�S�úª�±wÑ,¤kâf� 
�Ú�Ý�#ÑdGbest¤Ú�,Ï¦�{äk¯�
Âñ5U.,,�Ïd�)¯K—eGbest�\ÛÜ

�`ò����«+Ñy/@Ù0y�,�\ÛÜ4
�,Ã{é�¯K��Û�`). �UõPSO�{�
5U,Ú\/°=UÀ0Å�,JÑERPSO(PSO based
on elite re-election)�{,3GbestÚ�UåØv�,Ú
\eZkå¿�ö,O\«+�õ�5,Jp�{�
Û|¢Uå. �{�6§Xã1.

e¡é°=UÀ^��±�[`²: �Gbest(k),
Pbesti

(k)�«+?z�1k��+N4�Ú1i��N

4�,K�â�{�nk:
Npop∑
i=1

δPbesti
(k) =

Npop∑
i=1

f(Pbesti
(k))−

Npop∑
i=1

f(Pbesti
(k − 1)) 6 0, (16)

δGbest(k) = f(Gbest(k))− f(Gbest(k − 1)) 6 0,

(17)

Ù¥:
Npop∑
i=1

δPbesti
(k), δGbest(k)©OL�3�c«+

4��Ú�e�N4�éÜ`zÚ+N4�`z§

Ý,ÙÌ���,`²Gbest(k)�Ú��^�r,¯K
)�XÐ���uÐ;��Gbest(k)�Ú��^~f,
¯K½�C�Û�`½�\ÛÜ�`:. ÏdIÚ\
k¿�å�#°=�N,JpÚ��^,±O\�N
õ�5,Uõ�{�/@Ù0y�.äN�{: �½�

NØ�K�error,e|
Npop∑
i=1

δPbesti
(k)|<Npop · error,

�|δGbest(k)|<error,K�O°=UÀ^�¤á. °

=UÀüÑ�6§Xã2¤«.

ã 1 ERPSO�{o6§ã

Fig. 1 Flow chart of ERPSO algorithm

ã 2 °=UÀüÑ6§ã

Fig. 2 Flow chart of elite re-election strategy
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ùp,æ^©z[20]�õ�ªCÉüÑ:����
l1�Gbest(k)��I��Np,éz�p,Uì±e�ª
)¤f��Nc:

ck = pk + (xu
k − xl

k)δk, (18)

ª¥: ck, pk�c, p�1k�©þ; xu
k�ûüCþ1k�

©þ�þ�,ùp�1; xl
k�ûüCþ1k�©þ�e

�,ùp�0. O�δk�õ�ª�§�

δk = (2rk)
1

ηm+1 − 1, 0 6 rk < 0.5, (19)

δk = 1− [2(1− rk)]
1

ηm+1 , 0.5 6 rk 6 1, (20)

ª¥: rk�þ!©Ùu«m[0, 1]þ��Åê; ηm�C

Éëê,��CÉ§Ý.

e¡A^�©JÑ�ERPSO�{éÄu�Ü�Æ
�B�þïnØ�Ã<Å�Ô8I©�`zÚ½�

±`²µ

1111ÚÚÚ (½Éì�å!�ÔÚê!¤úVÇ��

�^�,é�ÔüÑ?1çÀ,(½V��ÔüÑ(�
7�n^,ù�m^).

1112ÚÚÚ Uìª(5)–(6)éz|üÑ|ÜO�V�
ÂÃ,/¤7!ùü��ÂÃÝ
An×m, Bn×m.

1113ÚÚÚ ±�ÔV�·ÜüÑVÇ|Ü�ûüC

þ,éÜ�©þ�Ý,�Eâf. 3�å��S�Å)
¤5��Npop�Ð©«+Pop;-Ð©?z��ê
gen = 1,(½ª�S�gêgen stop. z�âfXi�

?è�ª�

[x1, · · · , xn, y1, · · · , ym, vx
1 , · · · , vx

n, vy
1 , · · · , vy

m],

Ù¥: x1, · · · , xn�7�·ÜüÑ,÷v
n∑

i=1

xi =1, ∀xi

> 0; y1, · · · , ym�ù�·ÜüÑ,÷v
m∑

j=1

yj =1, ∀yj

>0; vx
1 , · · ·, vx

n, vy
1, · · ·, vy

m�X , Y�©þ��Ý.

1114ÚÚÚ �âz�âf·AÝ¼ê�,é�âf�
Ð©�N4�Pbesti

(1)(i = 1, 2, · · · , Npop),+N4
�Gbest(1).

1115ÚÚÚ Uìª(15)O�.5�,Uª(13)–(14)
�#âf��ÝÚ �,(½#��N4�Pbesti

(k),
Gbest(k), k�?z�êk = gen(gen = gen + 1).

1116ÚÚÚ Uìª(16)–(17)5O�
Npop∑
i=1

δPbesti
(k)Ú

δGbest(k). �â�½�Ø��error,�O´Ä÷v°
=UÀ^�,e÷v,=19Ú,Ø÷vUY.

1117ÚÚÚ �Oª�^�´Ä÷v,e÷vUY,Ø
÷v=15Ú.

ª�^��e÷vGbest(k)�·AÝ¼ê�ëY
õ�(�ý¢~¥�5)�u�½�Ø��ε(�ý¢~
¥�0.003),e÷vK��aÑS�,ÄK�	S�g
ê´Ä÷v.

1118ÚÚÚ ÑÑ·AÝ¼ê�fÚ�`�NGbest.

1119ÚÚÚ U6§ã2?\°=UÀ�¬,ÑÑUÀ
��Gbest(k),=17Ú.

4 ���ýýý���~~~(Simulation example)
{üå�,Ø���5,�©�±e|µb�:

�NB = NR = 2, K = 2, WB
j = WR

i = 2,
wB

i (k) = wR
j (k) = 1(i, j, k = 1, 2);ùpb½V��

éué��d�ëêþ��,=

cB
i = cB

j = cR
i = cR

j = 1;

Éìn�¤úVÇ�

pB
11 = 0.5, pB

12 = 0.2, pB
21 = 0.3, pB

22 = 0.9,

pR
11 = 0.9, pR

12 = 0.7, pR
21 = 0.55, pR

22 = 0.75,

βw = 1.

eV�¤úVÇ��þ�0.9(é)�Ç< 0.1�
'ÅØ2©�Éì). ?1V�üÑ©Û:Uìþãb
�,3ü£Ü�Ô¥,z£ÜzeÔÅ�õu�1qÉ
ì,���ÔzeÔÅ�õ�©�2qÉì,�ÔÌ¿
©,b�11£ÜV�þ¿©u�Éì,12£Ü�Ä
ü$�Ñ,�~�Éìu�þ;�5¿�¤úVÇ
pR

11 = 0.9, pB
22 = 0.9þ®��¤úVÇ��,¤±�

½üÑ�e11Ú®Süù1ô�71,KØI2ô�
71;e11Ú®Sü72ô�ù2,KØI2ô�ù2,
XdüÑê�± ~. dd,V���æ�11^üÑ,
Uª(5)–(6)O����V�d�ÂÃÝ
AÚB,d
uA = −B,d?��Ñ7�ÂÃÝ
A,XL1¤«.
L1¥111!11�©O�ù!7V�3ü�ÔÌÚ
¥�üÑ©�,¤�êi�ôÂ'�ÅÒ,L¥Ù{
ëê�V�æ��AüÑ�7��ÂÃ.~X< R :
{1, 2; 2, 0}; B : {2, 1; 0, 2} >L«�Ô¥ù�æ�ü

Ñ�11Úù1ôÂ71,ù2ôÂ72,12Úù1ôÂ
72;7�æ�üÑ11Ú71ôÂù2,72ôÂù1,
12Ú72ôÂù2. −0.7283�V�æ�düÑ|Ü
7�ÂÃ.

�éÂÃÝ
A,B©Oæ^GA, PSO±9�©J
Ñ�ERPSO�{?1�ý. ��k`Ñå,'�3Ó
�|Ð©���¹e?1,�éz«�{�$13g,
��Ð��g(J, 3«�{�$1(JXã3¤«.
�{ëêXe:

Ð©«+�ê100;ª�S�gê100;�{\�
ÝÏfc1 = c2 = 1.3;°=UÀüÑ¥��CÉ��
Nêl1 = 50,#Ð©z�Nêl2 = 50;CÉ�fηm

= 5(GA¥��!CÉ�fþ�20);°=UÀ^�Ø
�K�error = 0.05;�{Jcª�°Ýε = 0.003,
ëY÷v°Ý�êcount end = 5;�{����
ωmax = 0.9, ωmin = 0.35.
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L 1 7�Æ�ÂÃ
Table 1 Game income of blue side

7� ù�üÑ

üÑ {1, 2; 2, 0}{2, 1; 0, 2}{2, 2; 1, 1}{1, 2; 0, 2}{2, 1; 2, 1}{2, 2; 0, 1}{2, 2; 1, 0}{2, 1; 0, 1}{2, 1; 1, 2}{2, 1; 1, 0}{2, 1; 2, 0}
{2, 1; 0, 2} −0.7283 −0.4760 −0.5349 −0.7467 −0.3720 −0.5407 −0.6673 −0.4880 −0.4510 −0.5450 −0.4540

{1, 1; 2, 2} −0.5953 −0.4137 −0.3564 −0.6584 −0.2926 −0.4682 −0.3507 −0.4250 −0.3155 −0.3721 −0.3380

{1, 2; 1, 0} −0.2083 0.1600 0.2215 −0.1625 0.1697 0.4467 0.1833 0.1585 0.1063 0.0400 0.1050

{2, 1; 2, 1} −0.8406 −0.6250 −0.5210 −0.8543 −0.4800 −0.5653 −0.6603 −0.6340 −0.5393 −0.6768 −0.6085

{1, 1; 2, 0} −0.6942 −0.4900 −0.3195 −0.7783 −0.3440 −0.4167 −0.2600 −0.5050 −0.3745 −0.4345 −0.3890

{2, 1; 0, 1} −0.8133 −0.5780 −0.5540 −0.8317 −0.4485 −0.5662 −0.6928 −0.5900 −0.5275 −0.6470 −0.5560

{2, 1; 1, 2} −0.7429 −0.4660 −0.4069 −0.7567 −0.3608 −0.4132 −0.5082 −0.4750 −0.4200 −0.5177 −0.4495

{1, 2; 0, 1} −0.2000 0.1150 0.1021 −0.1542 0.1360 0.2875 0.0242 0.1135 0.0725 −0.0050 0.0600

{1, 1; 0, 2} −0.5575 −0.3700 −0.3857 −0.6417 −0.2540 −0.5050 −0.3483 −0.3850 −0.2845 −0.3145 −0.2690

{2, 1; 1, 0} −0.8250 −0.5150 −0.3869 −0.8433 −0.4013 −0.3433 −0.4700 −0.5270 −0.4803 −0.5840 −0.4930

{2, 1; 2, 0} −0.8377 −0.5720 −0.4819 −0.8560 −0.4440 −0.4700 −0.5967 −0.5840 −0.5230 −0.6410 −0.5500

dã3��, GA�3100�?Ekeüª³,
¿�Âñ,¯�5ØZ; PSO��3100�SÂñ,
�O(5kj";ERPSO�{u30�SJcÂñ
uª�°Ý,¯�5ÚO(5þ���y.

3«�{���)�(·ÜüÑ)9·AÝ¼ê�
'��L2.

dL2�±wÑ,7��\/��u�ÔüÑ
3{1, 2; 1, 0}Ú8{1, 2; 0, 1},ù����u�ÔüÑ
1{1, 2; 2, 0}Ú4{1, 2; 0, 2},Éìêþ�3,ù�y

�.�Ä���Ñ��J.Ó�d3«�{¥üÑ
�VÇ©Ùw�, ERPSO�{üÑ(J��5²w
�\²(.

ã 3 GA, PSO, ERPSO$1(J'�

Fig. 3 Operation results’ comparison of GA, PSO and ERPSO

L 2 3«�{���B�þïCq)'�
Table 2 Comparison of approximate Nash equilibrium solution obtained by three algorithms

�ÀüÑSÒ
'��8

1 2 3 4 5 6 7 8 9 10 11

GA 0.0026 0.0005 0.9522 0 0 0 0 0.0188 0.0259 0 0
7�·Ü

PSO 0 0 0.4981 0 0 0 0 0.5019 0 0 0
üÑX∗

ERPSO 0 0 0.2448 0 0 0 0 0.7552 0 0 0

GA 0.6623 0.0003 0.0030 0.1784 0.0391 0 0.0600 0 0 0.0568 0
ù�·Ü

PSO 0.7225 0 0 0.2775 0 0 0 0 0 0 0
üÑY ∗

ERPSO 1 0 0 0 0 0 0 0 0 0 0

·AÝ¼êf�( GA/ PSO/ ERPSO) 0.07240 / 0.01687 / 0.002040

þã�ý�Ñ
ù!7ü�B�þï¿Âe�

üÑ|Ü.3V��(µ�é��ÔüÑ��¹e,
¼��üÑ(VÇ)|ÜéV�5`þ´�ZüÑ,
?Û��eüÕUCg��üÑ|Ü,Ñ�Uü$
ÔÌd�.��yd(Ø,e¡éERPSO�ý(J

?1?�ÚïÄ.

1) B�þï^��O.

�âB�þï)�½Â,æ^L2¥�·Üü
Ñ(X∗, Y ∗),O�X∗AY ∗T =−0.2020, X∗BY ∗T =
0.2020. �Å)¤100|·ÜüÑ|Ü([X]100×11,
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[Y ]100×11),©O¦�7�üÕUCüÑ|Ü��Å
ÂÃ[XAY ∗T]100×1,ù�üÕUCüÑ|Ü��Å
ÂÃ[X∗BY T]100×1,¤�(JXã4¤«.

ã 4 ü�UC·ÜüÑ��100|�ÅÂÃ'�
Fig. 4 100 groups of random income comparison when

mixed strategy is unilaterally changed

w´�,7�üÕUCüÑ|Üù��±
B�þïüÑ��7�¼�ÂÃþ�u−0.2020
(X∗AY ∗T);�d�q,ù�üÕUCüÑ|Ü7
��±B�þïüÑ�ù�¼�ÂÃþ�u

0.2020(X∗BY ∗T),�y
B�þï^�

XAY ∗T 6 X∗AY ∗T, X∗BY T 6 X∗BY ∗T.

Ó�,�`²
B�þïV�ü�UCüÑÃ{J
pÂÃ.

2) CqXüÑ'�.

dL2,7�üÑ8VÇ�0.7552(�C�1),ù�
üÑ1VÇ�1. Ïd7!ùü��Cqæ^XüÑ
|Ü(78VSù1),òdüÑ|Ü�Ù§üÑ|Ü�
ÂÃ'�(71, 2, · · ·, 11VSù1)!(78VSù1, 2, · · ·,
11),Xã5¤«.

ã 5 ü�UCXüÑ�ÂÃ'�
Fig. 5 Income comparison when pure strategy is

unilaterally changed

Xã5¤«,�ù�æ^B�XüÑ1�,7�æ
�XüÑ8ÂÃ��;�7�æ^XüÑ8�,ù

�æ�üÑ1ÂÃ��,l�y
�ZüÑ|Ü
(78VSù1),Ó�`²
ü�UCüÑ¿ØU��
Ð?�(Ø.

�u�©�ý¢~�é{ü,���B�þï
üÑ��5²(. eE,z�.ëê,�U¦�õ
B�þï),�éd«�¹(Ü©z[16]��Ñ
�õB�þï)�ÀJ�{�©JÑXeg´:
òüÑºx�$��Ä�^�üÑÂÃ����

g�^�.

��)�L|7!ùV�B�þï)(X∗
1 , Y ∗

1 ),
(X∗

2 , Y ∗
2 ), · · ·, (X∗

l , Y ∗
l ), · · ·, (X∗

L, Y ∗
L ),�éäN�

¹�½V�ÂÃÏ"e�αA, αB($udÂÃÀ
�ºx),�Å)¤n|üÑVÇ©ÙX1, X2, · · · ,

Xi, · · · , Xn, Y1, Y2, · · · , Yj , · · · , Yn(nØþn��

�Ð),�éL|B�þï),©OO�7(ù)�j±
C�B�þï·ÜüÑù(7)��ÅUC·Üü
Ñ�,V��ÂÃX∗

l AYj , XiBY ∗
l (l = 1, 2, · · · , L,

i, j = 1, 2, · · · , n),�`üÑÀJ©üÚ?1: 1)Ä
k)öÚO÷vX∗

l AYj >αA�Yj�êλAÚ÷v

XiBY ∗
l > αB�Xi�êλB,±T�ê�n�'~�

L�½K�(��υ,�âäN�¹½),=λA/n
> υ, λB/n > υ�(X∗

l , Y ∗
l )���ÀüÑ,=��V

�üÑºxÇþ���·ÜüÑ|Ü; 2)3dÄ:
þ�üÑÂÃÚ��ö�B�þïüÑ)��`ü

Ñ,=

(X∗, Y ∗) =

{(X∗
l , Y ∗

l )|max
l

(
n∑

j=1
X∗

l AYj +
n∑

i=1
XiBY ∗

l )},

l = 1, 2, · · · , L. (21)

5 ���{{{555UUU©©©ÛÛÛ(Performance analysis of the
algorithm)
����©JÑ�ERPSO�{�5U,òDÚ

PSOÚERPSO©OA^uþã¢~,3�ÓÐ©�
N��¹e�$1100g,��'�XL3¤«.

L 3 �{5U'�
Table 3 Performance comparison of algorithm

�{ ²þS� ²þ$1/s f̄ JcÂñ 0�

PSO 94 3.8023 0.0171 8 1

ERPSO 78.36 5.0368 0.0061 33 5

dL3�±wÑ, ERPSO�{�Ìü$
8I4
�,¦Ù��Cn��0,Ó��,ERPSO�{O\

��!CÉ�ö�,nØþ�ÌÝO\
Âñ�
m(100�$1�m6.6 s�m),�ERPSO�{3(�
4�Ø�����¹e,ÏLS�gê�~�,¦
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�{�²þ$1�m~�1.6 s,3ûü�m#N�
�¹eòJø��°(�&E.

du�©JÑ�ERPSO�{´UõDÚPSO�
{N´�\ÛÜ4��¯K,3�Gbestw«ÑÚ�

UåØv�,Uõ�Nõ�5,*�|¢��´�
�{�Ì�Ãã. Ïd,k7�3�{(J'��
\\âf �Ú�Ýõ�5���. ùp�õ�5
æ^©z[21]JÑ��{:




X̄j =
1

Npop

Npop∑
i=1

Xij ,

DX
j =

1
Npop

Npop∑
i=1

|Xij−X̄j |,

DX =
1

n + m

n+m∑
j=1

DX
j ,

(22)





V̄j =
1

Npop

Npop∑
i=1

Vij ,

DV
j =

1
Npop

Npop∑
i=1

|Vij−V̄j |,

DV =
1

n + m

n+m∑
j=1

DV
j ,

(23)

Ù¥: X�Lâf� �Cþ, V�âf��ÝC

þ, Npop�z�âf��ê, n + m� ���Ý.

�`²ERPSO�{XÛÏLO\�N�õ�5
Uõ`z�J,e¡ÏL�ã6éã3¥�(J?
1ERPSO�{�DÚPSO�{� �!�Ýõ�5
'�.

(a) ·AÝ¼ê�

(b)  �õ�5

(c) �Ýõ�5

ã 6 PSO�ERPSO�{õ�5'�

Fig. 6 Diversity comparison of PSO and ERPSO

dã6�·AÝ¼ê��±wÑ,DÚ�PSO

�{�²w,320��mÂñ�0.01687,�Ï"
�0k���å,���JcÂñ^�,�I$1
100�,w,,dg$1(J�\ÛÜ4�;�©
JÑ�ERPSO�{�320�Skü?²w=ò,
¦��:ìeü,3�23�??\Ø��0.003,
�128�(²L5�)aÑÌ�,ÑÑ(J,Q��÷
¿�Jqü$
$1�m.

dõ�5�'��±wÑ,DÚ�PSO�{
35�±Sw«Ñ�r��õ�5,���A�v
kCz,ù�����·AÝ¼ê��\ÛÜ4�;
ERPSO�{10�Sk��UC,�kü?²w=
ò(éA·AÝ��=ò),ù8õu10�S�üg
Gbest����UÀ,Ú��N#N�,ª�n�
(J.

6 (((ØØØ(Conclusion)
�©òÄ�8I©�¯K(DWTA)�Æ�Ø¥

�B�þïVg�(Ü,¿�Ä)�VÇÚÉì�
Ñ�V8I,Mï
Ã<Å�Ó�Ô�õÔÌÚ
DWTAÆ��.,D�
8I©�¯K�Ä�é|
5.

�°(Ï¦�.�B�þï:,¼��ÔV�
�VÇ¿Âe�·ÜüÑ,JÑ
Äu°=UÀÅ
��âf+(ERPSO)�{,Ú\¿�Å�,UÀ°=
�N,O\�Nõ�5,Ú�âf��`���1
?,3�y¦)�¯�5�Ä:þ,Jp
�Û|
¢Uå,UõDÚPSO�{´u/@Ù0y�.

òJÑ�ERPSO�{A^u¤ïá�DWTAÆ
��.,¤õ¼�
B�þï¿Âe�V��Zü
Ñ|Ü,�$1�mÚ)�O(5�±�y,�y

¤JÑ��.Ú�{��(5Úk�5,é&E
zÃ<Å�Ôûüå��½����^.
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