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Stochastic optimal generation command dispatch of
interconnected power grids based on improved multi-objective

technique for order preference similar to an ideal solution–Q algorithm
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Abstract: This paper proposes an improved technique for order preference similar to an ideal solution (TOPSIS)–Q
learning approach to solve the dynamic optimization of generation command dispatch (GCD) for automatic generation
control (AGC) in a multi-energy power system. Three optimization objectives are simultaneously optimized by three
different Q-value matrixes. Then dynamic optimal weight of each objective is calculated by improved TOPSIS method
such that the evaluation criterion of each state-action is obtained. Case studies are carried out to evaluate the optimization
performance of the proposed algorithm in the two-area load frequency control (LFC) power system model. Simulation
results indicate that the proposed method is feasible and effective for dynamic optimization of GCD problem, and can
reduce the regulating cost and carbon emissions while improving the control performance of AGC systems in the complex
stochastic power system.
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1 ÚÚÚóóó(Introduction)
��>�NÝ¥%�­���XÚ��,gÄu

>��(automatic generation control, AGC)��ì�
Ì�?Ö´ÏL¢�N�AGCÅ|�u>õÇ5A
é�Å�KÖ6Ä,¦�pé>�ªÇÚéä���
õÇ�±3�½�[1–2]. �AGC��ì�â>�KÖ

6Ä����ou>õÇ�-�,XÛòou>õÇ
�-¢��`©����AGCÅ|Ò¤���ïÄ
J:.

8c,IS	'uAGCÅ|õÇ�-©��ïÄ
���. 3ó§A^þ,NÝ<
  �âó�²�
½Å|��NNþ!N!�Ç�,�A55?1AGC
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õÇ©�[3],¿vk�Ä��Å|m�Ù¦��5�
å,J±÷vE,ó¹e���5Uµd�¦(control
performance standard, CPS)5U�¦. ©z[4]æ^

âf+`z(particle swarm optimization, PSO)�{?
1AGCõÇ©�,k�)û
CPS�-��`©�¯
K.�éAGCõÇ�`©��A�J:,)öæ^

äkéÐ�Å`zUå�rzÆSQ�{mÐ
X�
ïÄ[5–8]. ©z[6]3�{S��#¥Ú\
]�,,
k�)û
»>Å|��ò¯K,©z[7–8]Ké
AGCÅ|?1àa©�,k�;�
õÇ©���ê
/J¯K.,
,þã�{Ñ�´�é,����8
I,½3Q�{�øy¼êæ^�5\���ª?1
õ8I`z,¿vk�Ä��8I�mþj��É,
Ó�æ^
��Ì*��½8I�­Xê,l
J±
÷vAGCÅ|õÇ©��õ8IÄ��Å`zI�.

3?1õ8Iûü�,~^��{k�5\�Ú
{!U?�%Cun�)�üS{ (technique
for order preference similar to an ideal solution, TOP-
SIS)!8I5y{!�pª{�[9–11],ù
�{ÑI�
(½�8I��­Xê,��æ^Ì*D�{½�*
D�{. �'Ì*D�{,�*D�{�����X
ê�\T�!Ün,�ÙO��{�õ'��¡,J±
÷v¯�õ8Iûü�I¦,cÙ´3¦?�mºÝ
�AGCXÚA^¥.

DÚTOPSIS{,q¡�n�:{,´�«{B¯
��õ8Iûü�{,ÏL�Eõ8I��`n�:,
,�±��Y�n�:ål�\�²þÚ��nÜ

µdIO,��8I��­Xê�´Ì*/(½. �
��',U?TOPSIS{[12]U
¿©|^ûüÝ
�

&E,�EÑ�8I�­��`z�.,�*/D±
�8I��`�­Xê. ��Ð)ûQÆS�{�¯
�õ8Iûü¯K,�©JÑ�«U?TOPSIS–Q�
{,3�{¥±ØÓ�Q�Ý
�L��`z8I,
,�|^U?TOPSIS{?1õ8Iûü. Ó�,�·
Am�ªU
��þ¿�,�©�3õÇ©��.¥
O\
º>Å|. ��,�©|^
IEEEIOü«�
�.éU?TOPSIS–Q�{?1
�y,¿�Ù¦©
��{?1
©Û'�.

2 AGCÅÅÅ|||õõõÇÇÇ©©©������...(Model of genera-
tion command dispatch)
Xã1¤«[8], AGC4���©�ü�L§: AGC

��ÚõÇ�-©�. 3>�u)KÖ6Ä∆PL�,
AGC��ìO�Ñ��AGCou>�-∆Porder−Σ ,
,�TOPSIS–QÄ�`z©�ì�â¤æ8êâG�
òo�-∆Porder−Σ©��z�N!Å|∆Porder−i,
��z�Å|¢SÑÑõÇ∆PGi. �©AGC��ì
æ^PI��(�[13],¿��AGC��±Ï�8 s.

�©3AGCõÇ©��L§¥�Ä
õÇ �!
N!¤�Ú%ü�3�8I,äN£ãXe:




minf1 =
T∑

k=1

n∑
i=1

∆P 2
error−i(k),

minf2 =
T∑

k=1

n∑
i=1

Ci[∆PGi(k)],

minf3 =
T∑

k=1

n∑
i=1

Di[∆PGi(k)],

s.t. P−
ratei 6 ∆P ch

order−i(k) 6 P+
ratei,

∆Pmin
Gi 6 ∆PGi(k) 6 ∆P max

Gi ,

∆Porder−Σ(k) =
n∑

i=1

∆Porder−i(k),

(1)

ª¥: k�S�gê; ∆Perror−i�1i�Å|�Â�õ

Ç�-�TÅ|¢SÑå� �; f1, f2, f3©O�3

oS�gêTS���\È8I¼ê�; Ci�1i�Å

|�N!¤�Xê,� ·MWh−1; Di�1i�Å|�%

ü�rÝXê, kg/kWh; ∆P ch
order−i�1i�Å|�Â�

õÇ�-�Cz�; P+
ratei, P−

ratei©O�1i�Å|�þ

,ÚeüN!�Ç��, MW/min; ∆P max
Gi , ∆Pmin

Gi ©

O�1i�Å|�N!Nþþe�, MW.

ã 1 AGCÅ|õÇÄ�©�`zL§

Fig. 1 Dynamic optimization process for AGC units

3 UUU???���TOPSIS–Q���{{{���nnn (Improved
TOPSIS–Q learning algorithm)

3.1 QÆÆÆSSS���{{{(Q-learning algorithm)
�©3QÆS�{�O¥[14],(Ü
TD(λ)�{

õÚ£��g�[15],3��8I�¼ê�S��#L
§¥Ú\]�,[16]. Ù¥,]�,�#Xe¤«:

ek (s, a) ={
γλek−1(s, a) + 1, e(s, a) = (sk, ak),

γλek−1(s, a), Ù¦,
(2)

ª¥: ek(s, a)�1kgS�éA�G�–Ä�é(s, a)
e�]�,; (sk, ak)�1kgS�¢S�G�–Ä�
é; γ�ò�Ïf, 0 6 γ 6 1,�©��0.3; λ�P~

Ïf, 0 6 λ 6 1,�©��0.5.
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3Ú\]�,�,éu1m���8I,ÙQ�¼

êS��#Xe[16]:

Qm
k+1(s, a) = Qm

k (s, a) + αδm
k ek(s, a), (3)

Qm
k+1(sk, ak) = Qm

k+1(sk, ak) + αρm
k , (4)

Ù¥:

ρm
k = Rm(sk, sk+1, ak) + γQm

k (sk+1, ag)−
Qm

k (sk, ak),

δm
k = Rm(sk, sk+1, ak) + γQm

k (sk+1, ag)−
Qm

k (sk, ag),

ª¥: α�ÆSÏf,¿�0 6 α 6 1,�©��0.2;
Rm(sk, sk+1, ak)´1m�`z8I31kgS��

��¸dG�sk²Ä�ak=£�sk+1��øy¼ê

�; ag��8Ä�üÑ,=õ8Iûüµd�Ð�`
zÄ�.

3.2 UUU???TOPSISõõõ888IIIûûûüüü(Improved TOPSIS
for multi-objective decision)
�©JÑ�U?TOPSIS{Ì�´^5¦)Ñõ

�`z8Ie��8Ä�üÑag. U?TOPSIS{´
|^�8IQ�Ý
�&E,ÏL�Eõ8I¯K�
n�:),�*/D±�8I��­Xê,¿±��
Y�n�:ål�\�²�Ú��nÜµd��

â[12].

1) Q�Ý
8�z.

du�Q�Ý
�L�8IþjØÓ,ùÒI�
éQ�Ý
?1·��C�,z�Ãþj�IOzÝ

. �©æ^4�C�{éQ�Ý
?18�z?n,
éu1m���8I, a ∈ A,k

ym(sk, a) =
Qm

k (sk, a)−minQm
k (sk, a)

maxQm
k (sk, a)−minQm

k (sk, a)
. (5)

duQ�{´3ÆSL§¥¦��UN��ÏÈ
\øy���,(Üª(5),�©JÑ�TOPSISn�:
)�(1, 1, 1).

2) Ä��`�­Xê¦).

TOPSIS{^�Ä��Y�n�:)�ål²�
��nÜµdOK,Xe¤«:

da =
3∑

m=1

[ym(sk, a)− 1]2ω2
m. (6)

�(½�`�­Xêω2
m,��E�`z�.Xe:





minZ =
∑
a∈A

da =
∑
a∈A

3∑
m=1

[ym(sk, a)− 1]2ω2
m,

s.t.
3∑

m=1

ω2
m = 1.

(7)

ÏL�E.�KF¼ê,¦)þã�.,���`

�­Xê�[12]

ωm =
1

(
3∑

m=1

1
dm

)(dm)
, (8)

Ù¥dm =
∑
a∈A

[ym(sk, a)− 1]2.

3) Ä�üÑÀJ.

3���`�­�,dª(6)=����8Ä�ü
Ñ,Xe:

ag = arg min
a∈A

(
3∑

m=1

[ym(sk, a)− 1]2ω2
m). (9)

XJ3U?TOPSIS–Q�{ÆSL§¥zgS�
Ñ�1�8üÑ,�{ÒØU¿©|¢Ä��mA�

Ù¦Ä�,Òk�U��ÛÜ�`). �©æ^�«
ÄuVÇ©ÙÀJÄ��Jl�{[17]5�EÄ�À

JüÑ.Ð©z�,z�Ä��ÀJVÇ´���,3
�{ÆSL§¥,�G�e�Ä�VÇ©Ù�#X
e[18]:




P k+1
s (ag) = P k

s (ag) + β(1− P k
s (ag)),

P k+1
s (a) = P k

s (a)(1− β), ∀a ∈ A, a 6= ag,

P k+1
s′ (a) = P k

s′(a), ∀a ∈ A,∀s′ ∈ S, s′ 6= s,

(10)

ª¥: β�LÄ�|¢�Ý, β���,K|¢���
�,�©�β�0.1; P k

s (a)�L1kgS��G�se

Ä�a�ÀJ�VÇ.

4 ÄÄÄuuuUUU???TOPSIS–Q���AGCÅÅÅ|||õõõÇÇÇ©©©���
���{{{ (Improved TOPSIS–Q learning algori-
thm for AGC order dispatch)

4.1 ���{{{GGG���–ÄÄÄ������OOO(Selection of state-action)
Xã1¤«,`z©�ì3z���±ÏÑòÑ\

��õÇo�-∆Porder−Σ ,�©ò∆Porder−Σ©¤

eZ�lÑ���«m,z�«méA��G�.

�©òAGCÅ|�©�Ïf|Ü��{�Ä�
a�éA.��3n�AGCÅ|, r�Ä�|Ü�,ÙÄ
��m�L«Xe:

A = [a1, a2, · · · , ar] =

[(λ11, λ12, · · · , λ1n), (λ21, λ22, · · · , λ2n), · · · ,

(λr1, λr2, · · · , λrn)], (11)

ª¥λ�LAGCÅ|�õÇ©�Ïf.

4.2 øøøyyy¼¼¼êêê���OOO(Design of reward function)
)ö3�c�Q(λ)�{õ8IïÄó�¥,�´

{ü/3øy¼ê¥æ^�5\�?1õ8I?n.
3�©JÑ�3�8I¼êe,Ùøy¼êXe¤«:

R(sk, sk+1, ak) =
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−
n∑

i=1

∆P 2
error−i(k)− µ1

n∑
i=1

Ci[∆PGi(k)]−

µ2

n∑
i=1

Di[∆PGi(k)], (12)

ª¥µ1, µ2©O�LN!¤�Ú%ü��8I�­X

ê.

Q�{´Øä��zÏ"ò�øyR�ÆSL§.
Ïd,dª(1)�òU?TOPSIS–Q�{e��8I�
øy¼ê�OXe:




R1(sk, sk+1, ak) = −
n∑

i=1

∆P 2
error−i(k),

R2(sk, sk+1, ak) = −
n∑

i=1

Ci [∆PGi(k)] ,

R3(sk, sk+1, ak) = −
n∑

i=1

Di [∆PGi(k)] .

(13)

ÏL'�ª(12)–(13)�±uy, Q(λ)�{e��
8I��­XêJ±(½,I�ÏL�þ�ýÁ�â
Ué���Ün��­Xê. 
3TOPSIS–Q�{e,
ØÓþj�8I¼êkUª(5)?18�z?n,,�
ÏL�E�`z�.¢�¦)Ñ��8I��`�

­Xê,�\Ün{B.

4.3 ���{{{666§§§(Algorithm flow)
nþ¤ã,�©JÑ��`©��{Ì��)±

e3�L§: �Äk,¼��cG�Úøy¼ê�,�
#��`z8I�Q�Ý
;�|^U?TOPSISõ
8Iûü{¦)Ñ�8Ä�üÑ;��â�8Ä�ü
Ñ�#G�Ä�VÇ©Ù,�1Ä�.äN��ã2.

ã 2 U?TOPSIS–Q�{6§ã

Fig. 2 Flow diagram of improved TOPSIS–Q algorithm

5 ���ýýýïïïÄÄÄ(Simulation studies)
5.1 ���ýýý���...(Simulation model)
�©±IOIEEEü«�péXÚ�KÖªÇ��

�.[19]��ïÄé�,3A«�¦^ 4«Å|�.O
��5�1�Å|,©O�-u!�zU,í(liquefied
natural gas, LNG)!Y>Å|Úº>Å|,Ù¥4«Å
|�.ë�©z[5, 20]ïá, B«�E¦^�5�1�
Å|�.. Ù¥, AGC��±Ï���8 s,XÚ�.ä
N�'ëêXL1–2¤«.

L 1 ü«�péXÚ�.ëê
Table 1 System parameters of the two-area

LFC model

Tg/s Tt/s Tp/s R/(Hz·pu−1) Kp/(Hz·pu−1) T12·s−1

0.08 0.3 20 2.4 120 0.545

L 2 �a.Å|��'ëê
Table 2 Parameters of various types of models

a. ∆P max
Gi ∆Pmin

Gi P+
ratei P−ratei Ci Di

u> 2600 −2600 100.44 −100.44 127.04 1.06

LNG 750 −750 80.1 −80.1 253.40 0.5

Y> 500 0 500 −500 93.65 0

º> 300 0 300 −300 52.30 0

5.2 ���ýýý���OOO(Simulation design)
�{�G��m±õÇo�-∆Porder−Σ�Ñ

\G�,¿òÙlÑz� (−∞,−1000), [−1000,
−500), [−500, 0), [0, 500), [500, 1000), [1000,+∞),
ü MW.Ä��mA = [(0, 0, 0, 1), (0, 0, 0.9, 0.1),
(0, 0, 0.8, 0.2), · · ·, (0.1, 0.9, 0, 0), (1, 0, 0, 0)], �286
�lÑÄ�.

3�ýïÄ¥,�©�Ú\U�Ó�NNþ'~
©��{PROP[3], Q(λ)�{[6]�U?TOPSIS–Q�
{?1'�©Û.Ù¥, Q(λ)�{|^øy¼ê�5
\�?1õ8I`z,Xª(12)¤«,3�ý�~¥,
µ1, µ2©O��0.5.

5.3 ýýýÆÆÆSSS���ýýý(Study on pre-learning process)
rzÆS�{�A^I�²{&¢�Á��/ý

ÆS0L§. Ù¥,ÆS�ªkü«: 3�ÆSÚl�
ÆS.bXýÆSL§æ^3��ª,�{3�Å&
¢Ï`�Ó��U�³XÚ­½5. Ïd,�©æ^
l��ª?1�{ýÆS,��¤k�Q�Ý
ÑÂ

ñ. 3�¤ýÆS�,2rÂñ��Q�Ý
9Ù�

{¥A^�¢SAGCXÚ¥3�`z$1.

ã3�Ñ
KÖ6Ä�[500, 1000) MW��S(=
G�5)��{ýÆSÂñL§,lã3¥�±wÑ3
15000 s�m��{m©Âñ. Ù¥: Xã3(a)¤«,N
!�Ý�¯!²L5p!Ã%ü��Y>Å|�©�

Ïf��,«ú
�Ü©KÖ6Ä;lã3(c)�±w
�,��{S��2000g�,��Ä�:�n�:�
©Ù�¹,µd�Ð��8Ä�:K��Cn�:.
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(a) ©�Ïf¢�­�

(b) õÇÑÑ­�

(c) U?TOPSISõ8Iûü(S�Úê= 2000�)

ã 3 G�5�ýÆSÂñL§

Fig. 3 Pre-learning convergence process of the fifth state

ã4�Ñ
�A���8I�Âñ­�.lã4(a)
�±w�,õÇ �3Âñ�Ä�ªCu". ã4(b)
�4(c)�²þN!¤�­�Ú%ü�rÝ­�Ñvk
Âñ����,ù´duY>�º>Å|�N!Nþ
¤û½�;,��¡,ùü�8I�Ñ��uÙ��
�,`²
²L5�p!Ã%ü��Y>Úº>Å|
«ú
�Ü©KÖ6Ä.

(a) õÇ �¢�­�

(b) ²þN!¤�¢�­�

(c) %ü�rÝ¢�­�

ã 4 �8I�Âñ­�

Fig. 4 Convergence curve of each objective

�{3Ù¦G�e�?1�A�ýÆS,��r
ÆS�.�Q�Ý
Ý\3�ÆS=�.

5.4 ���ÅÅÅKKKÖÖÖ666ÄÄÄ���ýýý(Study on statistical experi-
ments)
��yU?TOPSIS�{3�ÅCz�E,>�

�·A5,�!ò3A«��\±Ï�2000 s!Ì�Ø
�L1400 MW��ÅKÖ6Ä?124 h�ÚO5¢
�. Ù¥,3�ý�~¥��ÄØÓG!!ØÓ�ãe
Y>9º>Å|�NNþ�Cz. 3´YÏY>Å|
�NNþ�500 MW, YÏü�300 MW;º>Å|
±°þº>�~[21],�þ(0 ∼ 12 h)º���,�NN
þ�300 MW,xU(12 h∼24 h)º���,�NNþ�
200 MW.

1) ´YÏ�ý©Û.

´YÏ��ýÁ�(JXL3¤«. Ù¥: |∆f |,
|EACE|, CPS1þ��ý�mS²þ�,¤^�%ü�
þþ��ý�mS�\È�.lL3¥�±wÑ: 3«
�{e�CPS1²þ���Ø�,,
U?TOPSIS–Q
�Q(λ)ùü«rzÆS�{�'PROP�{,N!¤
^Ú%ü�þÑ��õ. ù`²
3PROP�{e,Y
>Úº>Å|Nþ«úKÖ6Ä�'­��. Ù¥,
�'Q(λ)�{,U?TOPSIS–Q�{eÅ|õÇ©�
�²L5�Ð!�\$%. d	,�'xU�ã,�þ
�ã�CPS1²þ��p,N!¤^Ú%ü�þ��
�,ù�`²
º>Å|�¯�N!Uå!²L5Ð
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�ÉÚ���A:.

2)  YÏ�ý©Û.

 YÏ��ýÁ�(JXL4¤«. lL¥�±w
Ñ:�'´YÏ, YÏe��{��ý�J��,ù
�L²
Y>Å|�¯�!²L!$%N!éAGC�

���z. �´YÏ��, PROP�{e�N!¤^�
%ü�þ�õ,xU'�þ�ã�oN�J��. d
	,3 YÏS, Q(λ)�{e�²L5�Ð,U?
TOPSIS–Q�{eAGCXÚ�CPS1²þ��p,�\
$%.

L 3 ´YÏ�ýÁ�'�L
Table 3 Simulation experiment comparison in July

�ã �{ |∆f |/Hz |EACE|/(MW) CPS1/% ¤^/�� %ü�þ/t

U?TOPSIS–Q 0.0194 60.30 193.41 41.76 1185
�þ Q(λ) 0.0194 60.39 193.35 44.64 1107

PROP 0.0197 61.43 193.01 55.02 2956

U?TOPSIS–Q 0.0234 72.23 190.51 53.53 1089
xU Q(λ) 0.0230 71.44 190.81 58.89 1643

PROP 0.0230 72.19 190.60 63.07 3390

L 4  YÏ�ýÁ�'�L
Table 4 Simulation experiment comparison in December

�ã �{ |∆f |/Hz |EACE|/MW CPS1/% ¤^/�� %ü�þ/t

U?TOPSIS–Q 0.0198 61.37 193.17 52.87 1489
�þ Q(λ) 0.0202 61.99 192.94 50.27 1533

PROP 0.0197 61.62 192.92 55.97 3099

U?TOPSIS–Q 0.0237 73.82 190.31 60.43 1431
xU Q(λ) 0.0242 75.03 189.91 51.45 2106

PROP 0.0232 72.56 190.44 63.67 3572

5.5 ???ØØØ(Discussions)
�Ù¦õ8I`z�{��,�`z8I�ê

O\�, TOPSIS–Q�{�UÂñ�ØÓ��`ò
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Fig. 5 Parallel computing of Q-value matrixes
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6 (((ØØØ(Conclusions)
�©JÑ
�«ÄuU?TOPSIS–Q�AGCÅ

|õÇ�`©��{,Ì�k±e`³:

1) (Ü
U?TOPSISõ8Iûü�{,÷v

¢�5�¦ép�AGC4���XÚ�Ä�`z
I¦,3¦)Ä��`�­Xê�,�8Ä�üÑ
�(½�\Ün.

2) �²;rzÆS�{��,äkéÐ�3�
ÆSUå,k�)û
º>�\��Å>åXÚ�
AGCõÇ�-Ä�©��Å`z¯K.

3) U?TOPSIS–Q�{U3�yCPS5U�Ó
�,k�ü$AGCXÚ�u>N!¤�,Ó�¦�
AGC�N!�\$%��.
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