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Sand-Dust Storm Forecasting Model Based on SVM

LU Zhi-ying, ZHANG Qi-meng, ZHAO Zhi-chao
(School of Electrical and Autemation Engineering, Tianjin University, Tianjin 300072, China)

Abstract: For the characteristics of the sand-dust storm weather and the advantages of support vector machine
(SVM) in solving the learning problem with fewer samples, the sand-dust storm forecasting model based on
SVM is proposed. The data is preprocessed by principal component analysis( PCA). Then the radial basic func-
tion (RBF) kernel is chosen, and the search space of the penalty parameter and the kernel parameter is defined
by analyzing the influence of the two parameters on the performance of SVM classifier. And the two parameters
were optimized by grid search in the search space. Lastly, the sand-dust storm forecasting model based on SVM
is constructed and implemented. Results comparison between the proposed model and the BP neural networks
model show that the sand-dust storm forecost model based on SVM has a better stability, faster running speed
and its forecasting precision ratio is increased by 71.2%.
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Fig.2 Variance spectrum of PCA in sand-dust
storm data

2.3 BEBIEE

AR RBF R BORME R T SVM b2
B, TEERS 2.

(1) RBFZRB R & 11880, B T35 Mk,
LA REN S BREA 2 S8, 2ESEIK
EEZ, G2 SVM MHEREEI3F A Lk RBF % K 8%
F|f) SVM %

(2) RBF iR EAH LM, HH0 < exp <
(- llx -x|22¢") <1, MEHAEE, Bk
RS W HNBUE A BT IS (yx,"x, +r > 1) B
&F O(yx,-ij +7r <1).

2.4 BEERF
2.4.1 XEGENLSHAIHEGH A

Vapnike %7 IR R, S EMIRZEH
FCREMSVMMEREN EERE. S o TEEN
BEABGRE R R AFIE S ] S i M E R, iR 2
FETIAF C BFE I RAERA E AFIE S 8] E 5 22 S AL
BB (S T0 B0 RS W . H b BEARRGHE fB
FIRIFH SVM 43288, M A ERBESEN o HEHE
B B RHIEZS 8], SR JS &1 X B 8 19 R AE 235 [
FERAEW C UM IV BEEEMEE RS EA
BAEHH.

Keerthi fBF5: 1 R BAXE T35 — 5 < 10 2 45 K 1K)
C, Yo" 0Bt &R AR ¥ T” NE, WAtz
HA% SVM BRIE VNG REAIER 4 FF , (B HIRAE A R B
BEMZAES ;Y o — o BfERETERNRE
7 WA, Bt R A% SVM HEETE Y Gt A E R 4
BIEABBAN —K MBEEE exp(- ||x; -
x; ||*/20%) FILAE H,0° RN EREI | x, -
x || P WE . Bk, SRR, RE o’ WERER



2006 4£ 9 A BARETEAE BT SVM (vb A B TR R <1113 -

WGREA Z R B/ MNER /MBS BRRER S o° —0 1Y
R ;Y ot GRAE AR 2 1Al Y B K a1 R A A8 o itk T
PEE o® — o MEEY. HTX—%E, LR P o
M REREBEN (min( [x, - x||* x 107),
max( || x; ~x; || x 10°) J. ;@3 XY GRAEAK | x, -
x|I’BAB/MEMTE, B o WEBRSHEN
[27,2%].

M 2KV R ESTE T C WIEAR
R B H B F o, FEBEIN AR HETTEF C &
/NI, TEISHES BE ST 45 IR B W AG THE E R 32 BR i i
SERBE LR s X4 C Benat, XA SURIFRAE, B¢
- RBRGEIRE; Sk C, B BMIEARABE, K C
B3 —EE)G , e TR C AL AL , BRTES
KEGTEE A, B3t € AR, Hik,
ETELRAERNE C R ERSHEFERH[1,27].

2.4.2 B

BRI RIEX B EOTH(C,0”) EHB RN
PATH R MBERE C Ml o 2518 N AMERM M A
B, %5t N x MA(C,0") AR, RS ARFR SVM,
AT RBIR, AN x MA~(C,0°) R4E
FREIE B RE R — A RIS

Bt Xof P A 1k T AR 2o It ] 4 [ R, 2 SR LG 25
BROFTE BEARS KRR, REERETWS
Boof , RS EO MO EH R MR = 0], I8/
K#EfTHER MEEREJLK, EERIABHEEN
R

3 XEEHERESH

3.1 HEmAE
X URBHE (8 P R T AT B AL B,

18316 56 e BOAHAE [ B A FRIVRLTURN 55 BP 4%
H SR I R A R A, LA L% 1.

F1 XBEX
Tab.1 Experimental samples
BARE A &y | ¥d u&% MEEA
i) ’ 4RE | RE |HER/Y,| @K
1981 - 1697 |, 027 | 1454 | 573 | 28.27 56
(W% ~ WE) '

3.2 SNMMALRE

A SCEFAREA R IIRG 1 627 MEAREAYIGRE:
A58, G 400 MEEAAE R INIAR A4, ] CSTERE
BB B, R B B RN (C0°). B C
(ol oy BB (2°,2°,2°,2°,2%), o WfE S BIE (27,
21,22 ,21.2%) [ MBI (C,0") BEXT R (27,
2),CSI{EN 0.56 ;AR5 7E(2°,27 ] 4RI X IR A R
& CHBRXE[2°,2°] fl o® MERXE[2",2°];
IR/ NI TEREHEATHS 2 KRR R MREERE
TEMIHSEO , CST B TRGE , W15 Bl R i S B
(4,2"),CSI 4 0. 582.
3.3 XBLER

PR 3 3 v AL SRR AT B AL S i
REEARSTH T ELSEAE S THET SVM 1
PR BPEA. #A BRI K R IE T Matlab
SRR SCELEN. B F IR A B0 2 > 2 B i T A R
LR, R4 SO RIS A SE X SVM AR T
Yk, 351 BP R4EHERY (LM R A 52 2 M R BN 2R 4
T) #ATX b, SERESRUNR 2 FiR.

F2 SVM FHEE M BP MAKR A LE
Tab.2 Results comparison between SVM and BP forecasting model
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600 1427 16 2" 362 - 0.416 1.09 0.260 22.98
1 000 1027 3 210 616 0.422 1.87 0.301 49.90
1627 400 4 22 872 0.582 2.82 0.340 48.03
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