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Gravitational search algorithm-least squares support vector machine
model forecasting on hourly urban water demand
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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.
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1 5|5 (Introduction)
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T P RE TR AR, AR T HAb A B R A, 510 R
¥k (gravitational search algorithm, GSA) B XS K]
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EEk TR (particle swarm optimization, PSO)&.
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vitational search algorithm and least squares

support vector machine)
2.1 5| h#RHE(Gravitational search algorithm)
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fit;(t) — worst(t)
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X2)-3):
best(t) = je{qﬂn }ﬁt (1), (2)
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je{1,-,L}
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FIALE; rand,, Frand; [0, 1) 2 FIBEHLEL R, (t)
SR Z TR RR FGHE S, THE A=k

Ri;(t) = [1X:(t), X;()]]2,
X, (6)FX (1) 4 22 7R AR T BEX (¢) 48N
FIARLIT G(t) B RF B E ) i B, Hak |

af ()AL, @)

o(t) = g(ta) + (=), B< 1

max, e B KT REG AtRRBRS AR

WL 03 B o R PR BE 5 A7 AR I TR,

XAt =1.

2.2 B/ Z e 3L FF ) & Hl(Least squares support
vector machine)
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LS-SVM'H F A% R B % T A% iR 8, RBF#X
PRI Sigmoid B 2. o RBF & RIS HUEHER
5y, B M SHAEA 300 Bl A SR i, 23 8 R 24 AL
/N, By FSEIR, PRASCR FIRBFAZ RS
3 HkHIGSA(The ameliorated GSA)
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4 WA (Algorithm test)
4.1 S E (Parameters setting)

I P BB AR BR 5 N B 10k R 5 12
RE; I HLE AGSA 5 H1AGSA, GARIPSOMI SRS
B S Wesaa . MR B KR 1R, iR &
MRS, BUETE R LA & S S H 0 B R 2R,
4.2 HEMRAWEF (Algorithm test research)

RIGH T HFEIERINAA L R RAHER KL
CL, BALAR T FHME Mean UL KAt 2= SD AN B TSR
PP BRI SirE B S Wi B R PR
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MFR3IATLAE H, X 3R 1R 5N FE A5 bR
AGSAHIBAARLLGSA, GA, PSORIBRAARTAL; GSA
5 GARIWCSIORS BE AR ZE AN K PSOFRTSSORS BEAH X4
7=, FEMRC SO B 5 THI, AT AR BPS O P Wic s 58 e B,
TMGSARWSE FEAHRH RS, 15 X PSORIAMA T 5 %
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Table 1 The classical benchmark test functions

RIUE B AREGH

f3(z) = Zn: (22 — 10 cos(2mx;) + 10)

0 [0]™ [-100,100]"
0 [0 [-10,10"

0 [0" [-5.12,5.12"

)+1 0  [0]* [-600,600]"

K2 BHERE
Table 2 The setting of parameters

Sk B M AREAES

Hfth

PSO 20 1000 10,30, 50,100
GA 20 1000 10,30, 50,100
GSA 20 1000 10,30, 50,100
AGSA 20 1000 10, 30,50,100 Go =100, 3 =0.8, c1 = 1.5, c2 = 1.5

w=0.7,¢1 =15, ¢c20=1.5
GAP =0.95, pr = 0.7, pm = 0.1
Go =100, 5 =0.8

K3 AR H AL RE

Table 3 Comparison of optimization results of four algorithms

S it fa f3 fa
iy 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 1.11 147 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 4.75 578 4.97 155 5.77 6.89 11.5 10.8 1.35 0.50 4.96 4.99 5.99 7.11 495 6.23
trun 1.67 3.48 519 9.84 1.86 4.15 6.62 13.1 1.87 4.16 6.51 13.1 191 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 134 149 249 25.2 547 534 5.68 5.23 1.54 2.56 2.82 270 4.99 5.01 1545 5.95
trun 2.18 6.01 10.2 20.0 2.28 6.31 10.3 20.3 2.29 6.34 104 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
SD 049 080 1.12 1.30 1.12 1.22
trun 1.72 377 771 13.1 1.59 4.01

0.19
1.29
7.85

0.09 0.08 0.43 -0.08 0.15 0.01 0.02 0.01 -0.06
147 1.33 1.19 147 164 0.11 0.11 0.11 1.27
13.2 1.54 480 791 145 0.12 0.38 0.54 13.0

5 WREHFFT(Experimental research)
5.1 B AZE & (Input variables in mode)

BEER 20124 b3 i 3 i 7K 9 =2 2R (1 £ . %
&R K& B E B REAE, BENLIZEE 2012555 K 1)/
IR E AR AT L. BRI LLE H, k)2
iRk FEO R, MR — A K —
AN FI7KAR I, 1o V6 3 2 e /= 8:00 22 W 110:00, 13
T K ERABERM H E M. S RmEr 84

Mk, VAL K BFFIM BAHSC RS ARG BOE R € (0.7

AN
N—-k _ _
>, (@ = Q)(Qrr — Q)
rE= g SN
> (@ - Q)
t=1
A
- 1 X
Q:Ng¥%k:LzuwN—L
5, 1) I J@ T BEAEK.
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& - ﬁS% / \* 08F - i
® 75h IS 0.6+ » ' .
FE' J‘ & 0.4 I ' p
T o70f s . & 02f 5
IR ;{-K 0.0 - &
6.5 ML AR L ] I 1 1 £ -0.2 - i 4
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A -0.6 F i
M1 B L ]

Fig. 1 The trend of daily flow

EE 201 24F 4R I K B4 1E B ARG 4

T, W8y = 12648y, EI2RHATRE B AR
P4 B, JBER | ry| > 0.75 [ 55 SE IR B AR AR )
. B EAR

r1 = 0.875, ro3 = 0.768, roy = 0.821,

o5 = 0.766, 148 = 0.798, 179 = 0.783,

rog = 0.77, T120 = 0.771,

riaq = 0.764, rig8 = 0.760.

A 30K T W B %) BT 1 h, 23 h, 24 h, 25h, 48 h, 72h,
96 h, 120 h, 144 h, 168 h{FJi FHZK IR T
AR,

WiEHTKRERESZE[RZORE. ke
28 KB H B, X LA B I H R IR
P SR P A . A SCEBGEEAE ARG R K
T R . oA H B v R S U A D
H20.75, BARIRE S E AN R0.71, P55

1 1 1 1 1 1 1 1 1 1
0 24 48 72 96 120 144 168 192 216 240 264
W%/ h
B 2 wEK BT

Fig. 2 Autocorrelation analysis of flow

gE L PTIR, YOI H ¢ 2% 5 K&, A K
BT
Qr = f(Qt-1,Qt—23, Qt—24, Qr—25, - ,
Q1—168, Tinean )
P Q Mt 2V K B TRIAE: Qr—1, Qr—23,
Qi—24, Qu—25, -+, Q168 At —1,t—23,t—24,1—25,
oot — 168IFZI IS K& Tinean H9 /NI G2 TR
T,
5.2 WA K B 730 A B S H 8 B (Parameters
setting of hourly water demand forecasting)
AR I AR PR R R B FH 7K B T A 2
PRI, & VAR S HOA BB RR
& BB ENRATTR.

K4 BAUELEKE

Table 4 Parameters setting in model

Bk BEAUEL AL AR HAth
PSO 20 1000 10,30, 50, 100 w=07c=150c =15
GA 20 1000 10,30,50, 100 GAP = 0.95, pr = 0.7, pm = 0.1
GSA 20 1000 10,30, 50,100 Go = 100, 3 =0.8
AGSA 20 1000 10,30,50,100 Go =100, 3 =038, c; = 1.5, cg = 1.5
TRMSYE  FEARE TS WATESR ES RIS
LS-SVM 300 24 13 ~ € [0.01,1000], o € [0.01,100]

5.3 LR HT(Analysis of experimental results)

A 32 4 B K FIAGSA, GSA, GARIPSOTH I 57
£:20124E 10 HOH 24/ R B2 Tt 45 SR 4
KI3-4f7s.

ME3-4F] LLE H, 2T AGSARILS-SVMAR Y
A B RIBERE B, T 45 35 5 R iZ ZMSE
H1.22 x 108, “FIIFAITRZE 40.58%; MiZE T GSA,
GAFIPSOMILS-S VM R (1) T 25 5 (1) 35 77 iR
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Z SO BIAIRT R ZE A 2.06 x 106, 2.10 x 10671
3.76 x 106; 0.92%, 0.94%#11.74%. FIFH AGSAAL
LS-SVMH) 2% v LUAS 21 5 4 i TN AS B2, B okt
AGSAE T3 45 75 7K & T ) 7.

x10

e
—+ AGSA

9.0

851 - GSA

~hY)

8.0

- GA

+ - PSO

%kﬂﬁwﬁé\%m«?
A

RR, AL IER, R R A S 04T, i
BT, JELL R ST R SRR A R 3
M JE BAZIE IE TINAR R, 3 — 204 & B AT RS
B B SEB TR I, AGSATE A T2 458351
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