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Fig. 1

Results of EMD based on extrema extending algorithm (a) and orthogonal

polynomial fitting algorithm (b)

Forh I Ta SR TR ARG AE 095 - I 1b SR
JEIEZL Z T AL N a R AT LA .18 1
P b S g A 30 735 BT AR oy A RO — o L 4 0 4

A IMF g3 2l — A a5 B Fan (0 B9 4% 18 55
KRR ZF MR/ A5 6 EMD 832 1 5
M, Ak, WE 1b R LLE H vFIMZ(t)ﬁ?}'iE’:JEjﬁuﬁ



368 Mo R’ % % 21 &
JAL T A PR I R RPITOE AY  as R B T

ZOXHBERMWE] T Fu (O MAE. NFE LR
B B Z AU A AT R A i — A E 52 2
2 BRSO B i BT ) A BRAS & AR R (i T
GV 3k B 3 ) AT B LA A 1 bR v R
BN, ARZATET O T RS RENIUE
RO 22 I 2B B e 5 3RO i s Ak R 1) A2 B[]
Fr 51 ) L 0 2 D) PR R A R, i R E R L AN 1b
) Fuwe (0 73 5 24 22 300 20BC— B 50 2 [ i), il 26
ST o {H AT REAS T 2 A/ 3 i 254 5 O BB
BRI BB A Bt A E S A T A BRI
T AW L SEE 5 2 AR i 5 371 PR (A B o 2 DL
5% 5 OC FR 5 1) P R AT R FR A AEH . X RE A Y
BT S P = R A5 A A 5 T 802 N R 28 4 114 356
gre T T O A AR (AR S SE I R S DA
TG R0 3B e 1 o i ) R IS, Rk, SEBR R
FHRRAG SE 31 V5 A S o s ARABLAA 5 T ik
2 SVM It [a] F7 31 15 U
2.1 RfiEfF3aiE
WA B E P F 2 (1) 2 (2) - 2 (N} A48 B
G H B B (e (D) sx(t—1) o sx(t—m+
D)} FU AR ¢4k W ZN(E o ek f H 2
x(t+k) = Fax@) ,x&G— D, xt—m—+1)), (3)
PR g 18] Fp 20 (9 F00 . g SV 5 15 (8] 7 37
I, 25 SVM LG ek % F L8 i 18] 5 51 e
U 5] R 5 i SVML R B Al 3. Ho, 2 =1
BF FR R B T 5 2 e>1 WL BN 2T, X A
220 A0 Ay AR BB AT AT A B D T L R
BB RAE AT — 2L W A R TR T ok
TR . Z2 50 m FR W fix A HE 50 — AR 38 52 PR 1
2.2 E-F SVM #ynt 8 3 i

SVM & —FJk T 58 12 ] B AL A% 2 > 07
% o TG 25 4 XU 5 /N Ak T DU o A X At AL 2% 2
L A S5 TR 4 R G 1z A RE D 4 i Ry
S T E A R D INRE A B 2 S ), AR S
K B Suykens 4R — R SVM i 5
% /N 7 I F7 1) B ML (least squares support
vector machines, LS-SVM) & ¥k, 54 SVM &
EAR L, AT RRARIT 00 52 A% B2 L SR TR g sl . AT
[ 77 51 B () LS-SVM. [l U5 55 125 O 5 25 R 4 ik

B N AFEARMINGRLE (x v il
Hs xR AERRNIENE, v 4R R . E G
3o Sl 2 M WS BRI o Qe ) e B A 1o i B S5 31 R AR
23 (6] I 28 1w I A Il A

N
. B S S 2
min/ (w.e) = Sw'w + y;eko (4)

L AR

e = wolx) +b+en k=1,4.N, (5
KD~ w R E N T, e HRGAER, 0K
PRy 2R WAL S50, B BR 98 7E Il 2R iR 2= AR Y
82 4= B 22 [a) B — A7 9 LA {5y oK ) eR 45 5L A 3 A
Wz ALRE T . B2 R okEI AR I H sRECKR iz ik

[7] 7 .
N
Lw,b,e,a) = J(w,e) — Zak[WTgo(xk) +
k=1

b+e— yilo (6
L6, o HRKE AT, M KKT ik 5
F 5 X ERE K (x.x0) =" (x) o(x,) .l T 3R
fif eV 5 AL AS B 813 14 e 3 R BN -

N
fGo) = DJaK (x,x,) +0, )
k=1
XCHL A R B SR P A58 1) BEAZ eR
K(x.x,) = exp{M 8)
20

Ho o A ) A% S BE . FIE AL S 80 y —BEH N
TR SR A SO 28 SUB I I R 1 AL B 8

3 FF EMD fil SVM 1 %5 87 A e

ARSNGB 90 S 43 A 5 SR ) SR AL A R S0
T5 ARG A s RO E G A 20 B0 A3 A0 i B 8 A o
AL 385 1 B L 81 43 il 24 IME 43t i 1A
oy IR A AR T 1A SVM
IR A 0 L PO 1 00 4% SR M A e 2 110 T
¥4

I R BE BER R BT TE 2 X 88 MM
M3k 49 4E(1957—2005 4F)6—8 J] 3B 4F [ 7k £ JE -
HARFH ., BT 68 A& v EEMENET,
W2 VG 25 5 A kB 9 1R 2R . TR G o A L T
T ik K o 0 AR Al F G AR R SEBR 3 S, A T REK
S 10 AR Bl B K FE A AT EMD 45 fig i 55



34 BERRUAC S EMD 76 P4 22 75 [ K U A )z T 369

FitniEfe A 3, 3% HLR ] z-score AR MEAL T AT,
AP
V/ _ “()—Z

OA

KO HF v A Floa 43514 51 #0928 AR
W25 IS A5 B AR HE AL I BEF H e T X (0,
i i EMD J7 3 %F X (o) g8 47 40 f . &5 R an & 1b fr
No TR K 4 R IMF1 ~ IMF4 43 58 DL
R, #a# Sy 5 o 4y 1 AN R ) SVM #E 47 B . %t
BAS SVM, MR 415 B 5 35000 75 v 8% X (o) i 40
AEMEUE RN R FE AR (s y) [ =1,2, -,
10}, Ho 2, A E 30 AFE 5, v, XN S — 4F 1
B, B

9

2z, = [ XWDOXG+D - XG+29],
vi = XU +30),
i=1,2,-,10,

W X o a9 A, B 1997—2005 4E 1Y

(10

R K B IR A X IR 25 e Y O iR 2 e, K 56 I
ROR

2

o 1D

| &
Cav — N;

KADH,r RSO, £ AT T X5
HE - A 285 EMD 4B BP B 22 (0 2% F1 SVM
PEAEHEAT T . Hrp, BP 22 [0 g% R R 4
oy B2 Y BB 8 A AT AR o o RS IR
oo W RA AL A ROR L RV TIN 25 4 19 19 2% S 3
IMIX 10 dUREA 45 R L W] - as JT 3 A7 S8 3wl ik 2
HEIL 10020 YR 52 . 1T LA B A AR G 1 B 40 e
T30 BT RBEAT I o P A5 AH X U 22 AR X% 22
ZelE e 1 AE 2 B . BN S 52 00 (R Y B A
K 3 PR

Vi*fi
r;

F1 EHAIMHMARHJITEMNAEITIRE

Table 1 The relative error of three schemes for forecast
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Application of EMD to Seasonal Precipitation Forecast in Guangxi
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Abstract

The climate system is a high order nonlinear system with dissipation. In recent years, the BP neural
network algorithm and the Support Vector Machine (SVM) algorithm are applied widely in the short-range
climate forecast for its superiority in handling nonlinear time series problem. Besides, the climatic time se-
ries are non-stationary. so the signal needs processing to improve its predication result. The Empirical
Mode Decomposition (EMD) algorithm introduced by Huang is used to stabilize the climatic time series.
Combined with the SVM algorithm, it’s used for short-range climate forecast and applied to the seasonal
precipitation forecast in Guangxi.

The EMD algorithm decomposes non-stationary signal into several Intrinsic Mode Functions (IMF)
components and a remainder with stationary. EMD algorithm doesn’t provide a good solution for the end-
points extremes problem, and the extreme extending method is adopted as the endpoints continuation
method for short-range climate forecast. Anomaly percentage of accumulated precipitation data are ana-
lyzed, which are observed at 88 meteorological observatories in Guangxi from June to August during
1957—2005. Using the EMD algorithm, the time series being standardized are decomposed into four IMF
components and a remainder; then a SVM model is built for each component, and the forecasts are com-
posed to the final forecast result. For comparison, BP neural network algorithm and SVM algorithm are a-
dopted to forecast respectively without the EMD algorithm.

Analysis on the predicted values and errors show that, without being processed with EMD, errors of
the SVM algorithm are smaller than that of the BP neural network algorithm. So it proves that the gener-
alization capability of BP is weaker than SVM when processing the small sample size problem, whereas
SVM algorithm follows the structural risk minimization, and can coincidence the change trend better in
condition of finite samples. It shows that the results of the EMD method combined with the SVM algo-
rithm are more accurate. It illustrates that the EMD algorithm can reflect the regularity in different time
scales of time series via decomposing into a collection of components with stationarity, which is more suit-
able for predicting with machine learning methods. The superiority of this scheme makes it widely applica-

ble in precipitation forecast.

Key words: Empirical Mode Decomposition (EMD) ; Support Vector Machine (SVM) ; short-range climate

forecast; precipitation forecast; time series



