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Á�:�©ïÄ|^���¦|±�þÅ(least squares support vector machine, LS–SVM)�{ïá¢½��?I
Yþýÿ�.. æ�°=üÑ,g·A��Ý�#�­Xê,Ó�Ú\âf{¤�`&EéÚå|¢�{(gravita-
tional search algorithm, GSA)?1
U?. ��æ^U?.Úå|¢�{(ameliorated gravitational search algorithm,
AGSA)`zLS-SVMYþýÿ�.��5zëêÚØëê5Jp�.�ýÿ°Ý9ýÿ�Ý.nØÿÁ�¢~©
ÛL²,ÄuAGSA'ÄuGSA,¢D�{ (genetic algorithms, GA)Úâf+`z�{ (particle swarm optimization,
PSO)�LS–SVMYþýÿ�.äk�Ð�ýÿ°Ý,l
�y
ÄuAGSA�LS–SVM�{·^u��?IYþ
ýÿ¯K, AGSA·^uõ+���.ëê�`zL§.
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Gravitational search algorithm-least squares support vector machine
model forecasting on hourly urban water demand

JI Gang, WANG Jing-cheng†, GE Yang, LIU Hua-jiang, YANG Li-wen
(Department of Automation, Shanghai Jiao Tong University; Key Laboratory of System Control and Information Processing,

Ministry of Education of China, Shanghai 200240, China)

Abstract: We investigate the model of hourly urban water demand forecasting with least squares support vector ma-
chine (LS–SVM). The convergence performance of gravitational search algorithm (GSA) is improved by employing an
elite strategy and an adaptive velocity with updated weighting factor. Furthermore, the historical optimal information is
introduced to speed up the convergence of GSA. The ameliorated GSA, called AGSA, is adopted to optimize the regulariza-
tion parameters and kernel parameters of LS–SVM used in the hourly urban water demand prediction model. Theoretical
analysis and experimental results show that the AGSA-based hourly urban water demand forecasting model achieves better
regression precision than other models respectively based on particle swarm optimization (PSO), genetic algorithms (GA),
and GSA. This implies that AGSA-based LS–SVM algorithm can be successfully used to build the model of hourly urban
water demand forecasting. In fact, AGSA can also be applied to process of parameter optimization in many other fields.

Key words: intelligent control; water demand forecasting; least squares support vector machine; ameliorated gravita-
tional search algorithm

1 ÚÚÚóóó(Introduction)
¢½^YI¦�FÃO\,¦�XÛk�²L/

�±øI²ï¤��8�¬�­��K.Cc5,I
Yþ�áÏýÿïÄ��
wÍ5¤J[1–3]. DÚý
ÿ�{���5´Äu�þ���êâ,¢S¥Ãõ
Ï��&E´J±¼��. ���¦|±�þÅ(least
squares support vector machine, LS–SVM)�Äu��
�êâ�A:¦�Ù3Yþýÿ¯K¥äkwÍ�

`³.

LS–SVM3)û���,p��ª£O�¯K¥
kXÕA�`³,äk�p��z5U.Ùò�.�
ÔöL§8(��5�§|¦)¯K,��Jp
Ô
ö��Ý[4–5]. LS–SVM��5zëêÚØëêK�
�.�ýÿ°ÝÚ�zUå. ��{�ëêÏ`�Ç
�$,Ã{÷v)��I¦. ¬+�{[6]!�Æ�{[7]

ÚÚå|¢�{[8]��1éuª|¢�{3LS–SVM
�ëêÏ`¥Åì��A^,)û
~5Ï`�{|
¢�Ýú�JK.nÜ�{Âñ�Ý�Âñ°Ýü�
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¡�5U�I,�éuÙ¦�éuª�{,Úå|¢
�{(gravitational search algorithm, GSA)äk�é�
`³. 8c, GSA�{®�A^uYÓÅN�XÚÚ
ðÓÅ9ÑÇ�õ+��ëêE£Úýÿï�¯K

¥,(JÑL²GSA�{äkéÐ�`z5U,Ïd,
GSA�{·^uLS–SVMëê�`z.

�©éGSA�{Ì�k3��¡�U?: 1)æ�
°=üÑ,À��`âf�#âf+�z�âf\�
Ý,\¯ÂñL§. 2)�Ý�#¥,æ�Äuâf­þ
�g·A.5�­Xê. .5�­Xêû½
éâf
�c�ÝU«�õ�,Ü·�ÀJ�±¦âfäk²
ï�&¢Uå. æ�g·A�.5�­,U¦�GSA
äk�Ð�Âñ�ÝÚÂñ°Ý. 3)DÚ�GSA��
Ä�câf+¥�N�m��p�^,
Ø�Ä�N
{¤�`Ú+N{¤�`âfé�câf+��^.
(Üâf+`z(particle swarm optimization, PSO)�
{�PÁõUU?GSA�`z5U,\�âf�ÆS
L§. �©��òAGSAA^uLS–SVM�ëêÏ`,
¿Äu¢Sêâ,ïá¢½��?IYþýÿ�.,
�¢½øYXÚ�¢�`zNÝJø�â.

2 ÚÚÚååå|||¢¢¢���{{{ÚÚÚ���������¦¦¦|||±±±���þþþÅÅÅ(Gra-
vitational search algorithm and least squares
support vector machine)

2.1 ÚÚÚååå|||¢¢¢���{{{(Gravitational search algorithm)
GSA´�«#.�Äu�Å«+�éuª`z�

{. 3GSA«+¥,�N´äk�þ�âf,^âf�
�þ��5µd§�`�,âf�þ��,K·AÝ
���,âf�`. âf�mÏL�kÚå��^,�
�þ���âf�C,l
¦«+��ÅÚÂñ�L
§.

�D��m¥L�âf|¤��+NX ,1i�â

f� �Ú�1�Ý©O�

xi = (xi1, xi2, · · · , xiD),

vi = (vi1, vi2, · · · , viD).

�ââf·AÝ�#âf��þ��



qi(t) =
fiti(t)− worst(t)
best(t)− worst(t)

,

Mi(t) =
qi(t)

L∑
j=1

qj(t)
,

(1)

Ù¥: fiti(t)ÚMi(t)©O´1t�«+¥âfi�·A

ÝÚ�þ. �`·AÝÚ��·AÝ�½ÂXe¡�
ª(2)–(3):

best(t) = min
j∈{1,··· ,L}

fitj(t), (2)

worst(t) = max
j∈{1,··· ,L}

fitj(t). (3)

ÏLÚå�U\5�n,�#âf�\�Ý!�ÝÚ
 �:




αd
i (t) =

∑
j∈L,j 6=i

randjG(t)
Mj(t)Mi(t)

Rij(t)
×

(xd
j (t)− xd

i (t)),
vd

i (t + 1) = randit ∗ vd
i (t) + αd

i (t)∆t,

xd
i (t + 1) = xd

i (t) + vd
i (t + 1)∆t,

d = 1, 2, · · · , D,

i = 1, 2, · · · , L,

(4)

ª¥: αd
i , vd

i , xd
i´âfi3d��m¥�\�Ý!�Ý

Ú �; randitÚrandj´[0, 1]�m��Åê; Rij(t)
´âfiÚj�m�î¼ål,O�úª�

Rij(t) = ||Xi(t), Xj(t)||2,
Xi(t)ÚXj(t)©OL«1t�âf+X(t)¥1i�Ú

1j�âf; G(t)´1t�«+�­å\�Ý,ÙO�
úª�

g(t) = g(t0) ∗ (
t

maxt

)β, β < 1,

maxt´��Ì�gê; ∆tL«zgëê`zL§¥

âf\�Ýéâf��Ý� ���^�m,½
Â∆t = 1.

2.2 ���������¦¦¦|||±±±���þþþÅÅÅ(Least squares support
vector machine)

LS–SVMU«
SVM�(�ºx��z�K,�
3`z8I¥æ�Ø����ê��§���¼ê.
3ýÿ�¡, SVM�LS–SVMÑäk�Ð�ýÿ°Ý
�LS–SVM��Jp
ýÿ��Ý.

�Ôö���(xi, yi)i = 1l,Ù¥: xi ∈ Rn�Ñ

\êâ, yi ∈ R´�A�8I�. SuykensòØ�ei�

��ê½Â���¼êJ(ω, e),|^��¼ê��z
�K(½�`�5ûü¼êy�ëê,KLS–SVM`
z¯KC�




min
ω,e

J(ω, e) =
1
2
ωTω +

1
2
γ

l∑
i=1

e2
i , γ > 0,

s.t. yi = ωTφ(xi) + b + ei, i = 1, 2, · · · , l,

(5)

ª¥: γ´�N�8�zëê,K��.��zUå;
Ø�Cþei ∈ R; b� �þ; φ(i)�LS–SVM�Ø�
mN�¼ê,r$����þxil��mRnN��p

�A��mRm;�¥þω ∈ Rm. æ^Ø¼ê�)û
p�A��m:È$���3�/�ê/J0.

LS–SVM3éó�mþæ�ω,òØ�ª�åC�
�ª�å. Ú\.�KF¼ê:

L(ω, b, e, α) =

J(ω, e)−
l∑

i=1

αi[ωTφ(xi) + b + ei − yi], (6)
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ª¥α´.�KF¦f. ª(6)¼��`)�^�´:



∂L

∂ω
= 0 ⇒ ω =

l∑
i=1

αiφ(xi),

∂L

∂b
= 0 ⇒

l∑
i=1

αi = 0,

∂L

∂ei

= 0 ⇒ αi = γei,

∂L

∂αi

= 0 ⇒ ωTφ(xi) + b + ei = yi.

(7)

þª�{z�Ý
�§:


0 ET

E Ω +
1
γ

E




[
b

α

]
=

[
0
y

]
, (8)

ª¥: E = [1, · · · , 1︸ ︷︷ ︸]
T
l , Ω ∈ Rl×l. ΩijO�úª�

Ωij = 〈φ(xi), φ(xj)〉 =

φ(xi)Tφ(xj) = K(xi, xj), i, j = 1, · · · , l, (9)

Kúª��5)�



b =
ETψ−1y

ETψ−1E
,

α = ψ−1(y −Eb),
(10)

ª¥Ψ = Ω + γ−1E.

LS–SVM~^�Ø¼êkõ�ªØ¼ê, RBFØ
¼êÚSigmoid¼ê. Ù¥RBFØ¼ê�ëêÀJN
´,��ëê3k���SUC�,�mE,ÝCz
�,´u¢y,Ïd�©æ^RBFØ¼ê.

3 UUU???���GSA(The ameliorated GSA)
IOGSA�{�â�N�·�&E?1|¢,â

f�\�Ý´�âÙ¦âf�U\Úå¼��. �Ñ
�þ���âf�K�,\¯Âñ�Ý.

�âÚî�kÚå½Æ,Úå´�âf��þ¤
�'�. �âf�þé��,�±�ÑÙéÙ¦âf
��^. 3\�Ý�#¥æ�°=üÑ,�k�`â
fkbest¬K�Ù¦âf�\�Ý.

αd
i (t) =

∑
j∈kbest,j 6=i

randjG(t)
Mj(t)Mi(t)

Rij(t)
×

(xd
j (t)− xd

i (t)). (11)

3âf�ÝS�¥,�Ý�­Xêé�{�Âñ
5äk­��^,�­Xê��,Âñ�Ý�¯,k|
u�Û|¢,�Ø´��°(�);����­Xê
k|uÛÜ|¢,U����°(�),�Âñ�Ý
ú.

GSA�Ý�S��#�­Xêæ^Äu·AÝ�
g·A�.5�­üÑ:

randit = 1− Mi(t)
Mbest(t)

, (12)

ª¥Mbest��c«+âf��þ���.

GSA´ÃPÁ�{,âfÆSUå�f. ÏLò�
N{¤�`Ú+N{¤�`&EÚ\�Ý�#üÑ,
¦�+N�¯/���`):

vd
i (t + 1) = (1− Mi(t)

Mbest(t)
)× vd

i (t) + c1 × l1 ×

(Xd
pbestti

− xd
i (t)) + c2 × l2 ×

(Xd
gbestti

− xd
i (t)) + αd

i (t), (13)

ª¥: l1 = rand(0, 1), l2 = rand(0, 1); c1, c2´�~

êXê; Xd
pbestti

´1i�âf31d��m�{¤�

`�; Xd
pbestti

´+N31d��m�{¤�`�.

ÄuAGSA`zLS–SVM�5zëêÚØëê,
äNÚ½Xe:

1) Ð©zÄuAGSA�LS–SVM�.�ëê.

2) ò�5zëêÚØëê«+^uLS–SVMY
þýÿ�.,��Ôö��:�ýÿ�,ÏLÔö�
��ýÿ��¢S�,O�ëê«+âf·AÝ

f =

√
l∑

i=1

(Sireal − Sipredict)2/l,

Ù¥: SL«Ôö��8; SirealL«1i���:�¢

S�, SipredictL«1i���:�ýÿ�, lL«Ôö

��ê.

3) �âÌ�gê�#g(t);�ââf·AÝ,O�
âf��þ,(½�N��` �Ú+N�` �.

4) �âª(11)�#âf�\�Ý;�âª(13)�
#âf�Ý,�âª(4)�#âf �.

5) �ä´Ä÷v�å^�.e��ý�°Ý½�
½���S�gê,K(åAGSAÏ`L§,���`
);ÄK=�Ú½2),UYe�gÏ`S�.

4 ���{{{ÿÿÿÁÁÁ(Algorithm test)
4.1 ëëëêêê������(Parameters setting)
|^~^�Ä�ÿÁ¼êlnØþÿÁ¼ê�5

U;Ó�'�AGSA��{GSA, GAÚPSO�Âñ°
Ý�Âñ�Ý.ÿÁ¼ê�/ªXL1¤«;¼êCþ
��ê,����±9�`)�ëê��XL2¤«.

4.2 ���{{{ÿÿÿÁÁÁïïïÄÄÄ(Algorithm test research)
L3�Ñ
�«�{�ÿÁ(J.æ^S�gê

CI,�`)�²þ�Mean±9IO�SDü��I5
µ��{�Âñ5U.�{�Âñ�Ý|^²þ`z
�mtrun(½.

lL3�±wÑ,�éL1¥�5�Ä�ÿÁ¼ê,
AGSA��`)'GSA, GA, PSO��`)�`; GSA
�GA�Âñ°Ý��Ø�; PSO�Âñ°Ý�é�
�. 3Âñ�Ý�¡,�±uyPSO�Âñ�Ý�¯,

GSA�Âñ�Ý�ééú. /�PSO��N{¤�
`Ú+N{¤�`üÑU?GSA��,Ø=�{�Â
ñ�Ý��\¯,
�Âñ°Ý��
?�Ú�Jp.
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L 1 ²;�ÄOÿÁ¼ê
Table 1 The classical benchmark test functions

ÿÁ¼ê �`� �`) Cþ��

f1(x̄) =
nP

i=1
x2

i 0 [0]n [−100, 100]n

f2(x̄) =
nP

i=1
|xi|+

nQ
i=1

|xi| 0 [0]n [−10, 10]n

f3(x̄) =
nP

i=1
(x2

i − 10 cos(2πxi) + 10) 0 [0]n [−5.12, 5.12]n

f4(x̄) =
1

4000

nP
i=1

−x2
i −

nQ
i=1

cos(
xi√

i
) + 1 0 [0]n [−600, 600]n

L 2 ëê��
Table 2 The setting of parameters

�{ +5� S�gê Cþ�ê Ù¦

PSO 20 1000 10, 30, 50, 100 ω = 0.7, c1 = 1.5, c2 = 1.5

GA 20 1000 10, 30, 50, 100 GAP = 0.95, pr = 0.7, pm = 0.1

GSA 20 1000 10, 30, 50, 100 G0 = 100, β = 0.8

AGSA 20 1000 10, 30, 50, 100 G0 = 100, β = 0.8, c1 = 1.5, c2 = 1.5

L 3 4«�{�`z(J'�
Table 3 Comparison of optimization results of four algorithms

¼ê f1 f2 f3 f4

�ê 10 30 50 100 10 30 50 100 10 30 50 100 10 30 50 100

CI 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100

PSO Mean 1.97 5.74 6.93 4.42 0.58 −0.65 0.36 0.52 0.20 −0.29 −0.54 −0.40 13.4 −34.2 22.2 6.37

SD 15.0 20.6 20.9 23.7 1.21 3.74 2.51 2.55 1.11 1.47 1.78 1.84 157 116 148 11

trun 0.03 0.02 0.02 0.02 0.09 0.11 0.13 0.18 0.09 0.12 0.14 0.21 0.11 0.16 0.21 0.42

CI 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100

GA Mean 0.20 0.50 0.58 0.57 0.30 0.43 0.46 0.49 0.10 0.50 0.56 −0.48 0.40 0.43 0.46 0.48

SD 4.75 5.78 4.97 15.5 5.77 6.89 11.5 10.8 1.35 0.50 4.96 4.99 5.99 7.11 4.95 6.23

trun 1.67 3.48 5.19 9.84 1.86 4.15 6.62 13.1 1.87 4.16 6.51 13.1 1.91 4.28 6.91 13.6

CI 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100

GSA Mean −1.65 2.82 4.82 −3.88 0.29 0.65 0.54 0.44 0.53 0.16 0.55 −0.17 −0.47 −0.43 3.36 −2.58

SD 13.4 14.9 24.9 25.2 5.47 5.34 5.68 5.23 1.54 2.56 2.82 2.70 4.99 5.01 15.45 5.95

trun 2.18 6.01 10.2 20.0 2.28 6.31 10.3 20.3 2.29 6.34 10.4 20.7 2.37 6.48 10.5 20.5

CI 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100

AGSA Mean 0.05 −0.03 −0.06 0.12 0.30 0.05 0.19 0.09 0.08 0.43 −0.08 0.15 0.01 0.02 0.01 −0.06

SD 0.49 0.80 1.12 1.30 1.12 1.22 1.29 1.47 1.33 1.19 1.47 1.64 0.11 0.11 0.11 1.27

trun 1.72 3.77 7.71 13.1 1.59 4.01 7.85 13.2 1.54 4.80 7.91 14.5 0.12 0.38 0.54 13.0

5 ÁÁÁ���ïïïÄÄÄ(Experimental research)
5.1 ���...ÑÑÑ\\\CCCþþþ(Input variables in mode)
À�2012cþ°½¢½Y�,|��êâ. �

ÄIYþ�±Ï5A�,�ÅÀ�2012c5U��
�?6þêâ?1'�. lã1�±wÑ,­��C
zª³�Nþ��²w,zUk��^Yp¸Ú�
�^Y$¸,p¸Ï���8:00��þ10:00,þ°
½�^Yþäk�r�F±Ï5. �Ä6þ�g�
'5,O��^YþS��g�'Xê. �'5�

O�úª�

rk =

N−k∑
t=1

(Qt − Q̄)(Qt+k − Q̄)

N∑
t=1

(Qt − Q̄)2
, (14)

ª¥:

Q̄ =
1
N

N∑
t=1

Qt, k = 1, 2, · · · , N − 1.

�½�|rk| ∈ (0.75, 1)�áupÝ�'.
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ã 1 F6þCzª³

Fig. 1 The trend of daily flow

À�2012c�c��^Yþêâ�g�'5©
Û,O�r = 1 264�rk. ã2´?16þg�'5©
Û�(J,À�|rk| > 0.75�{¤6þ���.�
Ñ\. ÏLO���

r1 = 0.875, r23 = 0.768, r24 = 0.821,

r25 = 0.766, r48 = 0.798, r72 = 0.783,

r96 = 0.77, r120 = 0.771,

r144 = 0.764, r168 = 0.760.

�©òýÿ��c1 h, 23 h, 24 h, 25 h, 48 h, 72 h,
96 h, 120 h, 144 h, 168 h��^YþB\�.�Ñ\
Cþ¥.

¢½áÏIYþÏ~¬É�í�(§Ý!üYþ
�)9!bF�K�,ù
K�ØU5Æ5/Ly3
{¤êâS�¥. �©À�§Ý��í�é�^Y
þýÿ�K�.©ÛÑ�p§Ý�6þ��'5
�0.75,�$§Ý�6þ��'5�0.71,²þ§Ý

�6þ��'5�0.85,ÏdÀ�²þ§Ý���
.�Ñ\. u?,É~¯��é6þ�K�ØB\
�.�Ñ\Cþ¥,���.��Ï?�.

ã 2 6þ�g�'5©Û

Fig. 2 Autocorrelation analysis of flow

nþ¤ã,ýÿ,Ft����^Yþ,�^Y
þýÿ�.Xe:

Qt = f(Qt−1, Qt−23, Qt−24, Qt−25, · · · ,

Qt−168, Tmean),

ª¥: Qt� t���IYþýÿ�; Qt−1, Qt−23,

Qt−24, Qt−25, · · ·, Qt−168�t−1, t−23, t−24, t−25,
· · · , t− 168����^Yþ; Tmean���?ý�

²þ§Ý.

5.2 ��� ^̂̂YYYþþþýýýÿÿÿ���...ëëëêêê������ (Parameters
setting of hourly water demand forecasting)
ÏL�{�nØÿÁÚé�^Yþýÿ�.�

{��ENÁ,¦��{��.ëê���`�G
�. �ëê��XL4¤«.

L 4 �.ëê��
Table 4 Parameters setting in model

�{ +5� S�gê Cþ�ê Ù¦

PSO 20 1000 10, 30, 50, 100 ω = 0.7, c1 = 1.5, c2 = 1.5

GA 20 1000 10, 30, 50, 100 GAP = 0.95, pr = 0.7, pm = 0.1

GSA 20 1000 10, 30, 50, 100 G0 = 100, β = 0.8

AGSA 20 1000 10, 30, 50, 100 G0 = 100, β = 0.8, c1 = 1.5, c2 = 1.5

ýÿ�{ ��ê ýÿ:ê Ñ\Cþ�ê �5zëê9Øëê

LS–SVM 300 24 13 γ ∈ [0.01, 1000], σ ∈ [0.01, 100]

5.3 ¢¢¢���(((JJJ©©©ÛÛÛ(Analysis of experimental results)
�©©Oæ^AGSA, GSA, GAÚPSOýÿ|

�2012c10�9F�24���?6þ. ýÿ(JX
ã3–4¤«.

lã3–4�±wÑ,ÄuAGSA�LS–SVM�.
äk�Ð�£8°Ý,ýÿ(J�þ��Ø�MSE
�1.22× 106,²þ�éØ��0.58%;
ÄuGSA,
GAÚPSO�LS–SVM�.�ýÿ(J�þ��Ø
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�9²þ�éØ�©O�2.06× 106, 2.10× 106Ú

3.76× 106; 0.92%, 0.94%Ú1.74%. |^AGSA`z
LS–SVM�ëê�±���Ð�ýÿ°Ý.Ïd
AGSA·^u¢½áÏIYþýÿ¯K.

ã 3 �«�{�ý¢��ýÿ�'�
Fig. 3 Comparisons of real and predicted values in

various algorithms

ã 4 õ«�{�Ø�©Û

Fig. 4 Error analysis in various algorithms

6 (((ØØØ(Conclusions)
�©0�
æ^LS–SVMïá¢½áÏIYþ

ýÿ�.,Ó�|^AGSAéLS–SVM�ëê?1

Ôö±U?�.�ýÿ°Ý.�
�yAGSA�
k�5,òÙ�GSA, GAÚPSO?1
'�,(J
w«,ÄuAGSA�LS–SVM�.äk�Ð�ýÿ

�J,�3LÞ�Ï,K�Ï��õ�Ø´©Û,6
þCzÎÃ5Æ5,,
ü:ýÿ�J�Ø´én
�,�ÏL?�ýÿ�.,?�ÚJpü:ýÿ°
Ý.ÏL¢~©ÛL², AGSA·^uõ+��ëê
`z.

ëëë���©©©zzz(References):

[1] HERRERA M, TORGO L, IZQUIERDO J, et al. Predictive mod-
els for forecasting hourly urban water demand [J]. Hydrology, 2010,
387(1): 141 – 150.

[2] FENG K, ZHANG Y L. Water consumption forecasting using BP
neural based on factor analysis in Chengdu [J]. Water Resources Re-
search, 2011, 32(2): 8 – 11.

[3] CUTORE P, CAMPISANO Y, KAPELAN Z, et al. Probabilistic
prediction of urban water consumption using the SCEM–UA algo-
rithm [J]. Urban Water Journal, 2008, 5(2): 125 – 132.

[4] NISHA M G, PILLAI GÉ. Nonlinear model predictive control with
relevance vector regression and particle swarm optimization [J]. Con-
trol Theory & Applicationsl, 2013, 11(4): 563 – 569.

[5] 4ï�,i°�,4Ö,�.S�2��ÝFÝq�ê�5z�5��

�¦|±�þÅ©a�{ [J].��nØ�A^, 2014, 31(3): 334 –
342.
(LIU Jianwei, LI Haien, LIU Yuan, et al. Qõnorm regularizing least-
square-support-vector-machinelinear classifier algorithm via iterative
reweighted conjugate gradient [J]. Control Theory & Applications,
2014, 31(3): 334 – 342.)

[6] NIU D, WANG Y, WU D D. Power load forecasting using support
vector machine and ant colony optimization [J]. Expert Systems with
Applications, 2013, 37(3): 2531 – 2539.

[7] RAO R V, SAVSANI V J, VAKHARIA D P. Teachingõlearning-
based optimization: A novel method for constrained mechanical de-
sign optimization problems [J]. Computer-Aided Design, 2011, 43(3):
303 – 315.

[8] ZHANG W, NIU P, LI G, et al . Forecasting of turbine heat rate with
online least squares support vector machine based on gravitational
search algorithm [J]. Knowledge-Based Systems, 2013, 39: 34 – 44.

�ö{0:
XXX ggg (1989–),å,a¬ïÄ),l¯øY+�XÚ�ïÄ,

E-mail: j996268034@126.com;

���µµµ¤¤¤ (1972–),I,Æ¬)��,l¯¢���XÚ�ïÄ,

E-mail: jcwang@sjtu.edu.cn;

��� ��� (1986–),I,Æ¬ïÄ),l¯�ä��XÚ�ïÄ,

E-mail: geyang888@163.com;

444uuuôôô (1989–),I,a¬ïÄ),l¯ó�L§�ï����ï

Ä, E-mail: 893042136@qq.com;




www>>> (1990–),å,a¬ïÄ),l¯øY+�XÚ�ïÄ,

E-mail: ylw0225@gmail.com.


