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Abstract

Aiming at the difficulty of selecting the appropriate kernel function type, kernel function parame-
ters, penalty coefficients of support vectors, and insensitive loss parameters in practical applica-
tions of support vector model, in this paper, co-evolution algorithm is employed to simultaneously
evolve selection the data features, the kernel type of support vector regression, the parameters of
the kernel function and the model parameters, namely HPSOSA-SVR by hybrid the strengths of
Particle Swarm Optimization (PSO) and Simulated Annealing (SA). In order to select the optimal
support vector regression kernel function type, the optimal matching kernel function parameter
and the support vector model parameter for runoff modelling, the co-evolution algorithm focuses
on combining the advantages of PSO (fast calculation and easy mechanism) and SA (ability to jump
away from local optimum solutions and converge to the global optimum solution) by combined
the metropolis processes of SA into the movement mechanism and parallel processing of PSO.
The HPSOSA algorithm has the capability of both fast calculation and searching in the direction
of the global optimum solution, helping PSO jump out of local optima, avoiding into the local op-
timal solution early and leads to a good solution. Compared with HPSOSA, PSO and pure SVR,
results show that the HPSOSA-SVR model can successfully identify the optimal type of kernel
function and all the optimal values of the parameters of SVR with the lowest prediction error
values in runoff forecasting, can significantly improve the runoff forecasting accuracy. Experi-
mental results reveal that the predictions using the proposed approach are consistently better
than those obtained using the other methods presented in this study in terms of the same mea-
surements.
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6 8 BT REAN A EUBB R KBS HRE, ASCR A AL T R AR SRR K 6 i R ik
WEE, BHEMGEEBELERENRE. R RS AER RN REEEE, ILERREZRENS
HABASL, VIR AR SIRF AR E AL AR BAER . A SCEDE SRR K EE
Metropolis# 2 #E U AR FRESFIEREN R Z AN, 55 SR TR EIE R HAT THEAEDUR K EVER T
i, WOTERFRR RIIERRS R EAE T RS, BRI SR B ] I AR R AR AR
fiE. hRFELEFRERRSERE, BRRLEZRESHNIFRERNUS Y, BT ERER, KB
RRY, ZTRREBIREABHIEFRELORIRE. BRBRE. RULEERBESHEN G RER
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1. 5I8

VHE B 1A 0 T 2 /K S AT b — T - A R (0 1E.55 R IRk 9 ¢ 1) FE BT SOV, s
A T 4R R 7 TR TR K W VR B A TF R R P, KRR 2000 475 5 3K p 5 ol ) 2 (L
AR, X R A BER R+ BB L. fEACCRPETI A, BT ORI
WIER G T AR AHERE , (EUR T MK A AR ) LA B 2 0 A AR B SO VE RN L T L3 7 2 A g
B SAZ IR R ASSEE N R A Z(1] [2] [3], ARATHATLRAMRRZHK, B, KK
SRR BRI, B R AR WASE . B R RS A S, o B KON I R S o
A5 A2 o R R o A R e LA WL R, RO 2 B FT LRI, (LR 0 SR A A0 o R
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[4] [5] [6]. Wiz kblE vH BB AR BRI &, V2 HLae 2 I @07V, I N T 2%
(Artificial Neural Network, ANN). 3 #F [ & HL(Support Vector Machine, SVM) J7 i b AR B, &
TIATR LR R SR, T e B AREM AL M e I[7] [8], tb—MRM Tk EAH
SEAFRTIIGE /T, E K SO IR B A it 1B EOR . B 7[9] [10].

20 42 90 FAXH Vapnik 8 A2 tH G iE 2% 130, 7R LR bR SRtk I SCRE I AL —FioB B4
TP TINE . EREET A AR R AMEE I, SRR T ERORIAIRE T . AZBOR . W R W A
AR SE 2 IR [11] [12], TEMRR/IMEAR . JEEME S g2 [a) 22 S I s 1 s B A ek, 9 e o 7
IR HENEIEIL, SCARRMTEHIRHSEATI8[13] [14] [15] [16]. SVM £ SZhnm gt A rf, H 2% T g
HAEVFEE RS SCREMEZ R AR RN S E L S SRR ) & (1 155 RN U 2R s B S 3L
BAEHIRTRS, SChRRH AR AE U IR T VA E S8 XMIE BRI, (Hd Z R T
B, SRZIBIALAL, MRS RATRE, XL N SVM EALESEBR R A e [17] [18] [19] [20].

AR KA - BEUR K A E W R AT ROR B B e 13 A (R e R A S
FE A AL bR R TR VCECAH S e S8k, AL S P AIYL AR 90 T A% Y (Support Machine Regres-
sion with Hybrid Particle Swarm Optimization and Simulated Annealing, HPSOSA-SVR). A il i X~ 7a )
7L 2008 4, 2009 A1 2010 FHHAR A LTI, TF 888 R IZ I LR AT XK S H 5 =158 4k
THOL, R AR S, AR R B R . DLRC R s B R K 2 8, 1T RS
s RENELF, AT TR AL T — TR A R AR A SE PR R TR AT AR T

2. REaHHTHRELNFEE
2.1. ZTHEEH

SCRE A EEAL(Support Vector Machine, SVM)/27E Vapnik 55 A& H I/NEAR Ge v 2 > B HL il 2 J 1
KIHLERF 7k, RS T VC 4e iR RS b S i/ MEHEN . 7E AR BRAELR M ), J@ ik
LR A R K N T B L B s AR 2R MR A3 (), FEIX AN AR IE RE A S R ST, AR R 2 1 1]
EE A g A () R 2R 1) R, FEARE () S e MERNZ A BE D 2 (R SR BT, O H AR 20 v AR 4
ORI e iz AR FI[17]- SVM LR AE F ISR mT LL2> D S HF ) 70 25 (Support Vector Classification,
SVC) M3 £ 7] & [71 )= (Support Vector Regression, SVR), FHt SVR Sy FH i [8] ¢ 51 (0 700 . =JE 28 1 A
S, Atz S5 T .

KT MREARIRES (%, y)[1=12,, N}, Hhx eRZHIAKIE, v, e RN, SVR
T 1 SR F AR PEBGT @ () B A2 ) AN SRR 2 2% ) S 81 e A AR AIE 2 1B, 7 e AR AIE 2 () EAT 2%
PERENEAS T A4 HAEERPEOC R, BIE R

f(X)=a'p(x)+b 1)
Horpog o WA R, b E R, RrARZerEh v s 80 Ay 4R 2 (B rp 2 A TH R B, R 28 X
R /MU SR ER, 51 AABURTR R B S8 e FIRASAL & &, &7, SCHRFm S B n) @ % A0 o8 LT B bRk
GRS AN Al

min (a),f, cf*) = %WTWCZL(QZJ“ 5*)

sh. y,—a'p(x)-b<e+é 2)
-, +wT¢(Xi)+b£g+§*
£E20i=12-,N
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Horh CONIETISHL R HBEAT HIA% B H 3feids SRR — RIS 21 1] U1 R 2
F00 =25 (8 = A)K (%) +b ©

Soft (B = B) # O WUILREAR IR, K (x,X) WXERAC, TR Mercer 21, AU ML o (x) FIEL
K (x, %) AL

(5,50l (<) ©
FESERRI A A, WO B O BA R IO Fh AL
Ky (%0 %)) = %] (®)
Kz(xi,xj)z(t+cxiij)d (6)
K3(xi,xj):exp[—%J @
K4(xi,xj):tanh[a(xiij+ﬂ)} (8)

DA EARG) R RE, ELMZRETRAESE: AX(6) 22 RE, KPSk
R, dREZIA4EH: ART)EEiZes, HP S8 o £ SVR WREP RS FE/EM, RS THER
R HOR 221, AR R B HARR DI, RGN, R BodEh = ENfL: A 3(8)/2 Sigmoid
BERE, Hb o RIEEHESE, A 2N REN S

SVR MIMEREE R T =AFER: 1) B KRS 2) SVR A G RECHA
MU B B8 & 5 3) BFHBIEAEMRHEE B o 1 26 R BEE R k B2 1k 2 11 SVR R 1) 32 2]
B, MZRBOE B SRR AR, U VI ZREE R R IR (AL, A 2 IR SR AR I SRR A
TE e 4 25 (R R A3 AT AR A LU AN 25 (B ) A A SE A%, R R B A B ) TR i IR A% v [T SR L, F 2 A% R
byt e B (R iR B 2R AL 8 e, KR B h I S USRI IC R 55 2. BE R, EEX R — /M e
B, EEAFZRBNSE, SVR Mz ERe A ZERR[16], 31X F R B AN R I S H00 L1 e 4
RFIE 25 (B PR G5 A0 LA 22 S P, TTARAAIE 225 1) 1) 1 O B B 8 5 A% T VI MR R . UK SVR BRI 18 1 R H0R0
ABURI R MBS E A R A E SR, PR R A 6 NI ZRR 22 R i MU R 5T % 2 T 1)
A, H R SARRZE S S I BT Je 2 (VAT 4 32, BPE A 8 PR R A1 25 ) 1 1 0 560 JXU R 2
SNVEEVEEM ], DI IR Rz AL RE DB i, T A BURHUR MBS B FE B Ik R 22
Ay, FERETY B 68 1 RN A 1 2 () S 2 P04 FH [17] [18] [19] [20]. #3 BRI i LA AR A5 R e 0ot
SVR R H — B HIsEmm, B T @ R e B A e S, i s, T HLAORE 2 2 BRI e
SREHEE, a0 R JF IR G AR T R e SR AL B, R 2 REIE SVR PERE, IR )R R R
M ARy A PR AE[21] [22] [23] [24]-

TR R B R B S R B S8, SR = AR Hh & 5 R 8L C FIABUREU R R 24 e
DA B R RS B (R E AT TAE ELAROE, AHEL RS, 76 SEPR g A B A Hh 75 M 5 VR ARk, 4
AT DA R o I RS, (Fs E AT AR 7E SCHR R A RHIE (S B, B R R R R S
HOAT AL, B BN I T R B C A BURER K R U 240 & AT 04K, 41 Huang #1 Wang 7E#% iR 5025
RN SR BRI 5 T, 52 R A% S50 [R] I A SRR AIE 1~ R 1 SVR BB S [ 25110 K 2 1 73 R HE I %2,
1 T A% R S HCR A X IUE 5 i , W SO N e R AR s Bk B4k s Oliveira A1 Braga &
FARLTF B R AE B 2B R AR A = A% s S8, A S TR R R T Y, Hrs
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B HERE, R0 0% A X SVR B [ 8047016 [26]; Li Xiaofeng A Wu Shijing %5 AR HI ki
FRESEIUASCHF ) S AL AR 1 R 2 C A i B3 o S i e W B 2R UG B2 T, AR B 1) 3L
B, EE AT I B B A 2 %1[27] . Yang Ailing A1 Li Weide 2571 FH (1 AH 5% 56 B U A5
EVRFAE , FER) FH AR B2 A0 A8 B0 IE A B /1> 39 SR [ B [0 VARS8 2 40, g 7 0 P ) g TR A Y
S = 25 S A A% Ge it (8] 7 H A B 1% 7 Vo e B e TIUIRS B2 [28], {H @& X R AR B AR B S H08 A Ak -
i, ASSCRI R - BEOR K FVERM I TR A B R EOR, AR B e A AR DR AE P I
BEASCRE IR AL A% R BB DL e 4, AR VLRGSR S8, FF e Py [ kA SR 1) LA I PO
BT IT, I8 3N 78 P2 90 AR 10 SRS 2, AN A 50 8 v F S PR B R A R Bk, %
ERAGNE A e 2
2.2. NFELFRINR KL

Fi-FHEAR 4k (Particle Swarm Optimization, PSO)/& H Kennedy A1 Eberhart 75 1995 £E 4 Hi [ — FhJE T 7
R IERIME T AR, AR R ZRET AR S P SRS AR B R BT N B, B A
W2 RS BACHe, HEhPMERIM G2 R, HEVEW R, 5 SCOlRIN XA R ZI R A R G 5,
Uk, fEREEILER, KA TRIRAOERE, HIKENTRRE, HFERERI. Emlg%k,. B
35, B R Geks ] UL A TR ARG 2 72 MBI [29]. (EE A EEG, SRR, BBANRE
WAB £, TERMU G IR PRI 5 R L2 FEE, IR ERE . ik, 2 AaERl 7T RENSutHE
B XS AT — e R R T AR PR A IO MR RE[30], b T R SV RS R AR W 1 s

BT R RIS, BT AR
gk EEAIMAL

v

TR BB E R <

Y

B RARLTIEREE, THERT
LB R R R

R AREHR T

BEEARYEE
KRB AR
/NFHR?

BHAR
Pk

Figure 1. Flow chart of PSO
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PR K By (Simulated Annealing, SA)#xF-fIE A8 & H N. Metropolis 25 AT 1953 4E2H . 1983 4
S. Kirkpatrick 25 IR R KA G| N BIH SR SUR[31], E /22T Monte-Carlo 3248 3R fif 5 s 1) — Fof
BEALS R SE, HH R AR T 3 v [ AR 5T (3R O RE 5 — M2 A Ak Tl R TR R AR AL . FEIEAR
IR AMERL T RS e R S A B RAR B EOR AL B, 72 SA FLETPHEBERE S8 A T R, 2
DANE 22 422 52 9T R AS LE A 25 [B) R BE AL - 4K B AR eR B 2 J B L, BIE ) 08 A A0 AR i AR 236 {2 e 8k 1 I o 2%
T 4R Ai[32] [33] [34], MR KEIRIZHRAIIE 2 fros.

SHYGENL, VMHREE. &
BRREY £LHRE

v

BEHLAE RR B #7 R BV 3 R
HEAREYS (o)

v

> REAELEFOR @
v HHBFRE f(0)

v
N = f(@)-f(@)

<y >

BT R % Me tropolis # T
o=, f(0)=f(d) B H W
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HERERKE
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Figure 2. Flow chart of SA
B 2. BELRAEERIZE

2.3. WIFB - BENRANE AR m B E )R E

HETFLEREA (%)% ¥2) o (X Y ). % €R™ Yy € R, et n ARSI G BN A4 N &
BEAAMML, B IR R SO S B M A {0, ¥, ), (30 ¥ ) (X Vv, ) X € R™, y, € R} AR,
B (X110 Y1) (20 Yz ) (kY )% € RY, Y, € R} SAIAE SUERTEE BN

f(T)= T -5 ©
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AR RF PR FBE - R KRR W R B Sy B R R R A, A R R
SH, TR ESH, HECPARA R /MU B AT AR 1) 8
1 N ~\2
max f (T) :N_Zizll(yi -¥)

sh. ¥, :Zill(ﬂi*—ﬂi)K(cixi,xﬁb
min(a),g,{):%a)Ta)+CZL(§+§*)
sh. yi—o'p(x)-b<e+¢ (10)
—yi+o'p(x)+tb<e+&
£,E>0i=12,---,N
¢ e{0,1},i=12-N,
K, e{K,,K,,Kg,K,}

o TR G B E A R P BN BB, AU XT NA% B S BRI R 24, D AR SO iR
I 0-1 A 7RAEANT: s BB A i 5%, b 0-1 g i E B2 A Bk AL B R Y, V% A b 1 2
PERIRZ R B S BN SRR [ RSO/, PSR IE BT 0 FR R R BA &, 1 FoRiZA8 Bk,
P R BUE S 00 FoR MR B, 01 FoR 2 A iR AL. 10 Fonm Tz k. 11 %o Sigmoid 15
e BT O-1 Gt B S o, 7 R Ry AT Ry X A% R B S H S, Rs A1 Ry I B SVR #5784 24
i, PR R BOY T R R R R, BRSO R WA 1.

Table 1. Relevant parameter coding components involved in the SVR model

= 1. SVR REFTH K X S M 4miS

A R A% eR E I AR 2 R S5
Xt X? xN Ky K, Ks K, P, P, C £
0 1 . 1 00 01 10 11 R, R, Rs Rs

B TBE - BUDIE AR A 1AL SVR (0 EARSSI B TR AT R -

1) ZHIAIL, BENLAER n 47 m, S R AR n 47 m, U3 SOMOERE, n ZORR BB A n
= 40, FETBEFEE A0 A, m RIS R R T AR DU R Sk, Atm, = N +4, m,
RS EA R S B, WUt m, =4 . A RREURIERIRERE, 1A R A B R,
VP ARV 1 [0,10] 951 A A BEHLEL, B KR BU B HOR SVR U B 5 kD,

2) RLERLRE, M GREATERRIE (L, S T AR SR R A BN, RT3 5
AR AT T R AR MRS SR S 5, M SRR B A R, 5 (L0) Rt
AR T HOE R, LB R (G R R TR T e (1) LU B & R BAT G B p (1) -

3) Ki T RN

ViHl = CI)Vil + Clrl ( pbest (t) - sit ) + Cz r-2 ( pgbest (t) - Sil ) (11)
W = Wy —M iter ¢
|termax

T @, o0y 58 BRIV (B (R M, iter iter, 432 24 9k (R VCHURT A % 1R VKL
6. RESIE T, 1, r, REBEHLE L.
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4) R AL B ST Dy 3 ) S SORL R AT SR R A TR, kR B ORL T A B R 5 R

H:
0 r>— *
L+exp(-vi™)
Sit+1 = (13)
1
1 r<

1+exp(-vi™)

Hrr, r Ou[00] S A BN . SEHORL TR B SR RN

st =5 +vi* (14)

5) LR G BRI B G R 2 % Af = £ (%) F (1) BESLEAK, WIHFHOR R,
{9 R —IRITRLT:, #EEIEAE , AFSCHEAT BEALIE K Metropolis HPFEHE I IHE A R — . 22 Af < OB,
7E[0,0] M AT ERINBEHLA R, (E4ITRAET, T, s R> ™™ | MUBEI T R s, I, 75
RIRREET, T RESUR TR SRR, PR, JF LU ERT AL, (S B RER

6) [RATHEAT 2)~5), ELHIE B 2 B R B #i B8 AOIEAL AR B T AR K0)

7) AR R — 1R B B AR, SRR SVR BUMEEBEREAHORHE . BB M09
B  SHAIBUR S5, AR REAE T U, HPSOSA-SVR A MRHESL Il 3 F s

T armn, wEARESHMHY) [ wmma |

BELR A EEARBE ., MERH.
KIERESEMBK

——» EREHE A
[ mrpsnErss |
[ EREHE  |je—— gm0 axEmas
- TobEHLEU
&
A<0?
£
2 - U>exp(-E/K,T)?

b RRARHOR T A F— 1)

[ ZemesEEsR  |——

A

B, an s nmansn > swemmmEmR.

Figure 3. Flow chart of the HPSOSA-SVR algorithm
3. HPSOSA-SVR &R FIZE
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3. NASEBIRHEERT
3.1 BRYE

JTPRMINLEERLK &R, T 773.3 A8, JMIHA 57,173 F 7 A B, B8 AL =% 30 M &
7, RIRTEZE 1306 K, “FHILLPF 1.68%0, “EXJiiiE 1865 5 KD, FH4E 4~9 A NI, M 1988 4%
A 20 4], KBE KR A BONIE, 5 ERAR ™ H, KA 100 4 —E R4 K 1 7k(41996.77),
20 % 50 4E M RUEK 3 Yk( “1988.8”7 . “1994.6” F1 “2004.7” ytsK), 10 Z 20 FE—iBHIHAHK 1
R( “2000.6” t7K), FH TR A e (AT PR AR I TR0 AS 28 ot B o 9 ¢ FL AT FL R Mo

NI A ST AR S B PG MV S 1 B4R 12 I R A I B 3R AT S T S48 23 M7 5 S B BE S 2006
£1 H 1 H3 2010 4F 12 A 31 HAL 1826 /M4, Z3Jil 57 2008 4, 2009 41 2010 4 4~9 HHUHARH
TN, s AR T BT 7 N R A, ISR 3ds T AR IR A S A, DR s T
RIS RO AR, Bk gk 2 Fiok.

Table 2. Establish model training data and test model test data

2. BMARBENGEEIG IR B AN R

I SREE (U5 2 AN WAABAR (T £ ) AR AN
2006 4£ 1 H 1 H~2008 43 A 31 H 821 200844 H1H~9 H30H 183
2007 £ 1 H 1 H~2009 4£ 3 A 31 H 821 200944 H1H~9 H30H 183
200841 H 1 H~201043 H 31 H 821 201044 H1H~9 H30H 183
32. BEET

IR LR [ R R T RS R AR R B P AR SR N XA IR B R B K KR
BN SRR T DR T A R T, R SRR 96 /N T243 HUE ™ ) 17 R S S B R Ay
BE, BYLESHIAAN, JEEIM 150 N 3 300 N, £/ M 1000 E % 1200 E, 73#5% )y 10° x 10°, 34
336 MR AR T, S HIE IR IRAT 45 AMEEDR T, 0 R bl A BRI AR R 1 A A
R ¥ LI AR AR A

3.3. RESHAERETEM

%L HPSOSA-SVR BRI R, 43 5ill £ 37 SCRe ) 2[R (SVR)REAY | Ll B gk A4 SR 1) = e )
FEAY(PSO-SVR), SVR HALURH] il e B, A 2 Ko & R S SCIAIERf €, PSO-SVR 52 KL 71
AL R S AL, A% R BRI e S S AR T Y, L AN A 7R 2 AR 13N 5 40,
BEACIEARIREL 200, FERUR K EEVIRIRE 1000, FEILARE 0.9, BB A%t 821 MEEAIL & FIXT 183 4MFF
AT, s SR R SRAG IR TR B (38R . BRI 23 Sl 3R SEBRME R I 2 SE AT, AREAR N, AR
BEHER G IR, R 4 MEMRE IR A TN . SIALLT 4 Figiihfehs:

1) ¥3757 H¥i% % (Root Mean Square Error, RMSE):

RMSE = /%Zle(y[ -9.) (15)

2) “P¥4aXE 4 bk 22 (Mean Absolute Percentage Error, MAPE):

100 <n |V —Y
Ztﬂ'yt o (16)

MAPE = —
n ||
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3) Nt & ¥ (Nash-Sutcliffe Efficiency coefficient, NSE):

SE=1_ Ztnzl( Vi — >it )2 (17)
Zt:l(yt - y)
K@E)~ANH, ., ¥, S AREAR I SEBRE AR B B, n IREARANEL, TEGNT R R R |
2 HA L I U AR PN 1 B VPAN FE A«
4) WEHGA R R
Zip:1(ypi - 9pi )2

1= 18

ZiL(ypi_ypi)z "
A8y, ¥y 7 MR PR IEAE SRR AT K I B R E Y, s BUKIEE AT AME, A3t
AT 4000 (%) B BEIEAE, p ABKIEEE AR REA AN B PEREVEN R bR (1) F0(2) - B KA
PR R AR RE,  HCARE 1 BB F T E REBk A 1%k BE R b (B) 1 L2 B Y 8 1 X AR AL A A B i Y
IERR I, AR R (AT By, e HERRER BRI 3 VERETR AR (4) R BLKIEE % i1
FIRTHRFR, X TR AE SRR A, B o Oo R S BE 75 O AR 000 9 5 kvt K, ROV /K I B 3
LREAIRIVS RPN E S =R ST 3 7

3.4. ERSHT

4 5% HPSOSA #11 PSO 43 jllif At SVR i #ertr, &Rk AR B 72, WK 4 iTLLEH, £
200 IEARIRBOIFEH, HPSOSA-SVR i 60 X HBLRZ1E I, 2 ) BE A 15 AR e B B i3 W e T
AN H AR, 1 PSO-SVR fE AL FE AT 140 UORTE R Bk %, HEIIE 200 kA @ TRERE.
] 4 35 IR B B AR AL SRR T LLE Y, HPSOSA-SVR B IR A 360, & R g ke g, ik
o Tk FELUS S I 0 e S e
0.9¢
20.8 \
730.7
§0.6
=05
04
0.3
0.2
0.1
0 2|0 4IO 6l0 8|0 1 60 120 140 1 20 180 200
Iternation

Figure 4. Fitness values of PSO-SVR and HPSOSA-SVR process with the iterations
[ 4. HPSOSA-SVR #1 PSO-SVR g i HiE M E T T2

NSE

peak =

—&— HPSOSA-SVR fitness
-SVR fitness

—&— PSO-SVR fitne:

Table 3. Fitting and prediction results of three models during the 2008 flood season
3. SHMERIXT 2008 FHARYILE FIFUMLE R
#A(2006 4E 1 A 1 H~20084E 3 A 31 H)
R RMSE MAPE NSE NSEpeax
SVR 167.8633 15.7583% 0.9866 0.8754
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Continued
PSO-SVR 154.0910 12.2492% 0.9887 0.8921
HPSOSA-SVR 74.2182 4.0399% 0.9974 0.9526
THHI(2008 4 4 A 1 H~2008 4 9 A 30 H)

R RMSE MAPE NSE NSEpeak

SVR 1211.1081 49.6047% 0.6586 0.4339
PSO-SVR 1012.6213 30.0892% 0.5449 0.3757
HPSOSA-SVR 340.3019 9.3433% 0.9747 0.9447

AR P EWK T 4000 FIEME N 47 4, TRINEEE 25K T 4000 HUE(E R 24 4,

2% 3 SRR AR VRN 2006 4F 1 H 1 H~2008 4F 3 H 31 H AR (1) 821 s AL A& F1% 2008
4 H1H~9 A 30 Hit 183 MEEARTM &5 FPEREG THER, € 5 2 = FhE %S 2008 £ 4 H 1 H~9 H
30 H B AR T 2 S, 14 6 &% 2008 4E 4 F 1 H~9 H 30 H A4 KT 4000 (m/s) T 25 5 .
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Figure 5. Prediction results of runoff from April 1 to September 30, 2008
5. TEIERI%T 2008 £ 4 A 1 H~9 A 30 HERFMLER

Predicted effect of flow velocity greater than 4000(m?s) from April 1 to September 30, 2008

18000 T T T T T T T T T T T T T T | T T T T T
3 [ Peak run-off
[ SVP forecasting
16000 [Z_IPSO-SVR forecasting
— [ JHPSOSA-SVP forecasting
& —&— Actual Peak
E 14000\ -
=
@ 12000 -
c
2
% 10000 -
jo]
[N
8000
6000
4000~
2000
0 — —
B (0 0 0% 0% 08 002 A0 (02 08 08 00T 10 002 0 a0 102 008 0% 0 0% 0% 0% 0®
OO 00 a0 T 0 0 00 a0 & 0 0 0 3 AR A a0 0 A AR H IV ¥ 0
NP A P B e S N T A A A T g g N A T
R T R P R A R S e e N

Figure 6. Prediction results on runoff greater than 4000 (m®/s) from April 1 to September 30, 2008
[ 6.2008 £ 4 B 1 H~9 A 30 BRRFAT 4000 (m%s)Fimiss

P 4 B SRR IV AR 2007 4F 1 A 1 H~2009 4F 3 A 31 H A K 821 VI FEA LA FI%T 2009
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H 30 HIEAZR IS, &l 8 /&% 2009 4F 4 A 1 H~9 A 30 HMIE 2% AT 4000 (m3/s) T &k 5 .
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Table 4. Fitting and prediction results of three models during the 2009 flood season
4. ZFMRERT 2009 FHARIHLA FAFMZE R

#A(20074E 1 A 1 H~2009 4£ 3 A 31 H)

1 RMSE MAPE NSE NSEpea
SVR 235.7658 13.0707% 0.9782 0.7954
PSO-SVR 196.1539 12.3797% 0.9849 0.8521
HPSOSA-SVR 67.8030 2.8373% 0.9982 0.9635
THMI(2009 4 4 A 1 H~2009 429 A 30 H)

R RMSE MAPE NSE NSEpea
SVR 1417.7070 53.6823% 0.7864 0.5481
PSO-SVR 1371.9913 46.2099% 0.7994 0.6799
HPSOSA-SVR 333.2365 6.0931% 0.9882 0.9679
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Figure 7. Prediction results of runoff from April 1 to September 30, 2009
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76 5 P AME ARG MIYT A2/ 2008 4F 1 A 1 H~2010 4F 3 A 31 H 1 K 821 I ZRkE A& Axf 2010
471 H~9 H 30 HIL 183 MEEARTINM & FriRZES T, K 9 2 =M% 2010 /£ 4 H 1 H~9 H 30
HARR AR, 10 /2 2010 4E 4 A 1 H~9 A 30 HA#J AT 4000 (m%/s) Fi 2 4«

Table 5. Fitting and prediction results of three models during the 2010 flood season
5. SRR 2010 FAHARIL A FITUNEE R
#A (00841 A 1 H~20104£3 A 31 H)

P70 RMSE MAPE NSE NSEpeak
SVR 244.2786 14.0535% 0.9054 0.7863
PSO-SVR 195.9623 13.5166% 0.9723 0.8941
HPSOSA-SVR 78.1758 4.8994% 0.9845 0.9053
g (20104E 4 A 1 H~20104 9 A 30 H)

P70 RMSE MAPE NSE NSEpeak
SVR 1180.4190 111.8562% 0.7244 0.4377
PSO-SVR 862.7260 43.9980% 0.8517 0.2068
HPSOSA-SVR 192.9120 19.1050% 0.9926 0.9863
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Run-off forecast results from April 1 to September 30, 2010
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Figure 9. Prediction results of runoff from April 1 to September 30, 2010
B 9. TEHRAIRT 2010 £ 4 B 1 H~9 A 30 HERMMLER

Predicted effect of flow velocity greater than 4000(m?/s) from April 1 to September 30, 2010
1 6000 T T 1} T T T T T T T T T T T T T T

EERuNoff peak

ISP forecasting
[CIPSO-SVR forecasting
[_JHPSOSA-SVP forecasting|
—e—Actual peak

14000

off (m3/s)

¥ 12000

10000

Peak run

8000

6000

4000

2000

0 L L -t .
0"0 0\0rLQ'\OfLQ'\QQQ\QQQ\Q@Q\Q"LQ\Qqp’\oqp\gfLB'\QrLQ'\Qq_Q'\Q10\010\010'\010 )
IO AR ARt A ALt A At A it AU At A A Aut Aol At Au v yav
3 G X N N A W WA W e

\Q 0/\0 ,LQ\Q’,LQ’\Q‘,LQ’\Q

Figure 10. Prediction results on runoff greater than 4000 (m%/s) from April 1 to September 30, 2010
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X SVR B — 04, 21 SVR BEALAUA A TS FE o

Tk 7K UG A 1 B s A T 9 55 ek Tk /K a2k ) e 221 NStk K UG A 34 R B AR LR b, R AR I AR AR BB 75
TR 9 T P k7K DA S AE S B B FH ) R B4R AR . AR 3 IEE AT LG, 7EXTF 2006 4 1 H % 2008 4 3 H
ARG H SVR IEE 2 E 252 0.8754, PSO-SVR KU AH g %50 R R 32 0.8921,
HPSOSA-SVR HIUEE AT 3% REUE 0.9526, —FFHEAR; (HZ @AY 2008 45 4 H~9 HFEA
TR, SVR KA H 2% ZEUN N 0.4539, PSO-SVR (IIEAE 4941 %% 2 %)y 0.3757, HPSOSA-SVR
(TR R E0J2 0.9447, =FAHZERR I ETK, SVR. PSO-SVR R K A GEAE 52 BRI o Fim) vk 7K g
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2010 AEAMIEAE T, VR K V(B R AR A7 I BRER BB 0, X e 45 45108 HPSOSA-SVR #5254 ]
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Table 6. Fitting and prediction results of three models during the 2010 flood season

6. ZMMRAIXS 2010 FRHARIIL A FIFUNEE R

. ) R SH SVR 2%
A e et

a p C €
T 1 Sigmoid 1% iR % 0.2504 —0.0346 26.20 0.0686
A 2 Sigmoid 1% B % 0.1627 -0.0627 25.39 0.0645
57 3 Sigmoid 1% B % 0.3253 -0.0265 18.60 0.1059
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HAT AT HHLEI DL SA fR AR R AR MRE AL, TERCT — A R0 =R R T %
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