18k B 7K AL I 5 K R B Crp g S0 Vol.18 No. 1
202042 H South-to-North Water Transfers and Water Science &. Technology Feb. 2020

DOI:10.13476/j. cnki. nsbdgk. 2020. 0006

BT » Tl AR R A BT AL R i e A e 2 A B R [ ], K G I S K R R 2020, 18 (1) + 42-50.
SHU X S,WANG Z R,LI F W,et al. Short-term rainfall multi-mode integrated forecasting based on machine learning models
[T]. South-to-North Water Transfers and Water Science & Technology,2020,18(1):42-50. (in Chinese)

ETHRF ) EE G RN ZERX SRR

E/mj’\}]i i%%19%‘izm)ﬂ2 gj 7!

(1. R TR R TSR, 10T K% 116024
2. [ L L 7 % R A A IR ) A 8 K H T 2 8 /L 30 7 FE A 117201)

7 < R SO I ORI/ 8] B AR Oy e 22 i gy o O e T BUARORS B2 A L9 8L, L TIGGE BEb
L ECMWE .CMA J NCEP =AM 4 B O S A A REA /K P I R U413 R el oy Sty AT FH ANNLVELM R
SVM BERIXREAZ /K R IR AR 1~3 d FEmTEAT 2450 A P T4 » LA 488 g BTG BBE - F D46 0] 1 245 2 L 2405 R
WRZE MR ZE AN R B BHROER RF 2 AT I M TSR R ORISR R BT SVM A ELM (1
LR R TR A TR AR B T80, BT ANN (82 i R A 20 1k A PR e 5438 I I 00 F L LT3R
RORM AL T B — R, =T v, SVIMAG RN 56 b TS 32 A0 i WA Ak o 50 I 0 T AL o ) TR g 2 A
FRAR IR TR 7 14 AT 4T HLRE A6 $1 v Je S0 U R FORG 2

SRR : AR LA ST BT s R TR 5 S I

RESES:TVI2)  XEFRED:A  FEMZE(FRRS )RR (0SID):

Short-term rainfall multi-mode integrated forecasting based on machine learning models
SHU Xingsheng' , WANG Ziru' , LI Fuwei’ , PENG Yong'
(1. Faculty of Infrastructure Engineering , Dalian University of Technology , Dalian 116024 ,China;

2. Heyu Hydropower Development Company ,Guodian Electric Power Development Co. ,Ltd. s Huanren 117201 ,China)
Abstract; High accuracy of short-term rainfall forecasting is of great importance for flood forecasting and reservoir operation, It
can not only improve the accuracy of flood forecasting but also make the reservoir operation more scientific and reasonable.
Based on the predicted rainfall of the Huanren reservoir basin using ECMWEF, CMA and NCEP in the TIGGE datasets, the
artificial neural network (ANN) , support vector machine (SVM) and extreme learning machine (ELLM) models were developed
to simulate and forecast the rainfall of Huanren reservoir basin in the next 1 to 3 days,and the effect of the forecasting results
were analyzed from the aspects of mean absolute error (MAE) , root mean square error (RMSE) , Bias, Nash-Sutcliffe efficiency
coefficient (NSE) and prediction accuracy. Results showed that the integrated forecasting models based on SVM and ELM were
better than the single models, and the integrated models based on ANN were better than the single models when the input
factors were selected properly. Among the three integrated models, SVM model had the most obvious improvement in rainfall
forecasting accuracy, which indicated that the multi-model rainfall integrated forecasting method based on machine learning
model was feasible and could improve the accuracy of short-term rainfall forecasting.
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Fig. 1 Comparison of the forecast accuracy of rainfall for the next day between single ensemble forecast center and

three integrated forecasting schemes in verification period
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Fig. 3 Comparison of the forecast accuracy of rainfall for the next third day between single ensemble forecast

center and three integrated forecasting schemes in verification periods
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Tab. 2 Forecast accuracy of rainfall at all levels over the next 1-3 days for each single model LV v
] R 1R oA 2 R RS 3 R
ECMWFE CMA NCEP ECMWF CMA NCEP ECMWF CMA NCEP
1 91 87 92 89 84 91 88 83 88
I 56 52 55 56 49 53 55 47 52
I 41 31 37 40 29 30 29 30 25
N 44 39 31 33 44 50 26 34 33
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Tab. 3 The accuracy of rainfall forecasting at all levels for the next day in the verification period using integrated forecasting models 47 : %

F7 R4 T A5 % 1 2 3 4 5 6 7 8 TN SN |
1 90 87 90 92 89 92 90 90 92 87 90
I 60 64 60 57 61 56 61 63 64 56 60
ANN
il 46 48 51 47 54 47 58 43 58 43 49
v 41 59 50 30 56 29 42 16 59 16 40
1 88 88 88 89 88 89 88 88 89 88 88
i 66 66 66 68 61 60 61 71 71 60 65
SVM i B i
Il 59 59 60 57 58 63 63 65 65 57 61
I 60 60 60 60 50 44 50 60 60 44 56
I 91 90 87 88 85 86 82 87 91 82 87
ELM Il 60 61 66 71 66 67 61 69 71 60 65
) | 51 53 52 51 55 58 58 55 58 51 54
IV 44 55 56 63 50 50 60 67 67 44 56
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Tab. 4 The accuracy of rainfall forecasting at all levels for the next second day in the verification period using integrated forecasting models

Hfi: 0
Ay W T 2 2% 1 2 3 4 5 6 7 8 N o Z N ]
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v 71 63 60 71 50 71 50 57 71 50 62
1 90 90 88 87 89 87 86 86 90 86 88
ELM II 56 59 61 58 56 59 63 64 64 56 60
i Il 48 48 47 55 57 56 60 68 68 47 55
IV 63 71 60 67 56 63 50 50 71 50 60
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Tab. 5 The accuracy of rainfall forecasting at all levels for the next third day in the verification period using integrated forecasting models #1437 : %4
IR RS 1 2 3 4 5 6 7 8 SN g R
1 90 87 81 87 63 84 81 79 90 63 81
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1 90 91 87 85 83 85 85 84 91 83 86
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I\ 40 50 57 67 60 50 40 50 67 40 52
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Tab. 6 Comparison of the average and maximum value of

accuracy between the integrated forecasting models

and the single forecasting models A%
IS PN] FH{E
B R PR AR
1 92 92 90 88
| I 56 71 54 63
I 41 65 36 55
v 44 67 38 51
1 91 91 88 88
5 Il 56 65 53 59
I 40 70 33 54
Iy 50 71 42 55
1 88 91 86 85
5 Il 55 66 51 56
I 30 70 28 46
I\ 34 75 31 50

TE - B — AU SR e BRI (L A 2 16 T L 4T e vl 45
YA ST . ECMWE ,CMA Il NCEP =A~3— =, B
ESIIGON ISR IR SOl RE Sr e b ki R ESTON RN SR P
TE T LA R T 45 AR 1] 89 26 41 - ELMLANN #1 SVM B4 T7
Frh TR R R A R AR

2 d B B — R R i TR o R RAE 3
91% . EE I R 88% ., Xt F 1. 1. IV 2 i 4 k&
T S AR s TR A R i TS B — T
Ak TV BN UL R 1 d B, B—
SR AT B SR e KA 20 44 Y01 67 %0, F
(e 430 R 38 %0 Fit 51 %6, Wi WL Ky 2 d B, BA— 4%
ORI A TR M B 238 e KA 230 50 200 7100,
PIE AR 42%0 0 55% . LRI L, JE FHLER )
BRI AU R T B AR T 47, BEAS 4 ALK
2 T 358 O T O B oA

+ 48 ¢« KXKRFR

R T WG IET WL 2 2T A (1) A o W 4 ol
TR EAR BRI F P A S L ECMWE . CMA DL
NCEP =A~s—fEA i p0 2011 1 H 1 HE
2017 412 H 31 HAEH B A & AR i 741 B o
g ARl F . 8K 2 ELM, ANN L) Jz SVM 5 %1, %}
FEAZ IR A K 1~3 d BERN EAT 4R L I0AR » IF AT
A 0T B 5 AR B A A T IR BOR L W b
B LT 458 .

(DX FAF A AHEFAUE %, SVM Al
ELM R SR B T B — A X B2 J0KS 2 F
e bm F1 25 9 55 W 10041 o 0 32 1 0 T B — AR K
ANN FEINAE ZH0 LT Ciin A B T3 B A 38 i)
PR A, PO I T LA 2 2 B 2 458 5
T4 B P90 48 B A 7 A A Sk T AT BB A /N AR Ok
1~3 d MR AR IR 22 .

(2) BRIHCHCR N 5 5 AN [FBERY Fil i 38O R AR AH
], o SVM A5 AE = s 8 vh 38U R e fL L ELM
K s ANN RERUE 22 DR o A5 75 414 e 9 2 5 i 4
BCITHR 7 A ASOR  HEFEAT F SVM AL,

(3) 45 45 JI LR ASE 5 ) 041 3850 SR 06 i AL IR 1
B — 5 AR o BV ] ) A5 78 A AN ] 1) g A TR
TFHEKM T oA AT TR, £ 502 ANN
BEAY, X i AR T I R Rk . R e AT A
AR B TR T S A R 1 BB 2 e %

2 Tk (References) :

[1] COLLISCHONN W, MORELLI TUCCI C E, CLARKE

R T, et al. Medium-range reservoir inflow predictions



A% ETHRFIRBNEHET SRR ERTMR

(2]

[3]

(4]

(6]

7]

[8]

(9]

based on quantitative precipitation forecasts [ ] .
Journal of Hydrology. 2007, 344 (1-2) : 112-122. DOI:
10. 1016/j. jhydrol. 2007. 06. 025.

CLOKE H L, PAPPENBERGER F. Evaluating forecasts
of extreme events for hydrological applications: an ap-
proach for screening unfamiliar performance measures
[J]. Meteorological Applications. 2008, 15 (1) 181-
197. DOI.: 10. 1002/met. 58.

LEE C,HO H,LEE K T,et al. Assessment of sewer
flooding model based on ensemble quantitative precipi-
tation forecast[ J ]. Journal of Hydrology. 2013 (506) ;
101-113. DOI: 10. 1016/j. jhydrol. 2012. 09. 053.

B R B R RS TIGGE K54 Tl iy it
AKBHRLT R E R CHARPE A S TREORBO .
2015,48(2):177-184. (PENG Y, XU W, WANG P, et
al. Flood forecasting coupled with TIGGE ensemble
precipitation forecasts[ J]. Journal of Tianjin Universi-
ty, 2015, 48 (2) . 177-184. (in Chinese)) DOI: 10.
11784 /1dxbz201308048.

P, RN TR TLE, . 52T SCE-UA Bk 24
SRR T B TR BB FE LT ] T PR 72 4l (B L
R, 2018, 31 (6). 27-31. (ZHONG W, ZHU C F,
ZHANG W G, et al. Multi-model integrated precipita-
tion forecast based on SCE-UA algorithm[ ] ]. Journal
of Ningbo University (Natural Science &. Engineering
Edition), 2018, 31 (6): 27-31. (in Chinese)) DOI;
CNKI: SUN:NBDZ. 0. 2018-06-005.

X I LI A B AR A B ST (D K
U BB AR R AT AR BE L 2014, (ZHAO C W,
Study of the algorithm for super-ensemble in short-
range precipitation forecast [ D]. Changsha; Graduate
school of National University of Defense Technology,
2014. Cin Chinese)) DOI. CNKI. CDMD:. 2. 1016.
921643.

CARTWRIGHT T J,KRISHNAMURTI T N. Warm
season mesoscale superensemble precipitation forecasts
in the Southeastern United States[ ] ]. Weather and
Forecasting. 2007, 22 (4). 873-886. DOI. 10. 1175/
wafl023. 1.

WU J,LU G, WU Z Flood forecasts based on multi-model
ensemble precipitation forecasting using a coupled
atmospheric-hydrological modeling system[ ] ]. Natural
Hazards. 2014,74(2) : 325-340. DOI; 10. 1007/s11069-
014-1204-6.

LIM Y.JO S,LEE J,et al. Multimodel ensemble forecasting
of rainfall over East Asia: regularized regression

approach [ J ]. International Journal of Climatology.

[10]

[11]

[12]

[13]

[14]

[15]

2014,34(14) :3720-3731. DOI:10. 1002 /joc. 3938.

TR Y G T TIGGE YR R K 4,
IR TR WETE LA L BRI A& S P LR K E
B ARE ——S3 £F = Jm AR M5 R gigiz[Cl 2
ARG R IR 55 B 5 09 L 20132 679-690.
(WANG H X, ZHI X F. Research on downscale and
multi-model integrated rainfall forecast based on
TIGGE data[ A . Innovation-driven development Im-
proving the ability of meteorological disaster preven-
tion-the third meteorological service development fo-
rum of S3-public [ C]. professional meteorological
forecast service technology and application. 2013 679-
690. (in Chinese)).
TR A 25 BT TR R A 1) i AL RS o S o
R TR 4 I Al 1 3 [T ). U4, 2017, 43 (9): 1110-
1116. (HUANG W, NIU R Y. The medium-term
multi-model integration forecast experimentation for
heavy rain based on support vector machine [ J ].
Meteorological Monthly. 2017, 43(9):1110-1116. (in
Chinese)) DOI: 10. 7519/j. issn. 1000-0526. 2017. 09.
008.
YASEEN Z M, JAAFAR O,DEO R C, et al. Stream-{low
forecasting using extreme learning machines: A case
study in a semi-arid region in Iraq[J]. Journal of
Hydrology. 2016 (542): 603-614. DOI. 10. 1016/j.
jhydrol. 2016. 09. 035.
ZHANG X L,PENG Y,ZHANG C,et al. Are hybrid
models integrated with data preprocessing techniques
suitable for monthly streamflow forecasting Some ex-
periment evidences|[ J |. Journal of Hydrology. 2015,
530:137-152. DOI.10. 1016/j. jhydrol. 2015. 09. 047.

S B TRvK. 20k H 5 BP filZs j 2%
PRI YL S S5 b (% eI e LT L /KB IR 5K TR
24,2017, 28 (3) : 123-126. (FENG X W, HUANG L
M, SHEN B. Comparative study on multivariate linear
regression and BP neural network model in the
prediction of flood volume [ ]J]. Journal of Water
Resources and Water Engineering, 2017, 28 (3):123-
126. (in Chinese)) DOI.:10. 11705/j. issn. 1672-643X.
2017.03. 23.

SRR XN XV 5. BT PCA Hil BP M2 M 26 1Y

AR B [T ] o b, 2016, 36 (4); 1144-1152.
(NIE M, LIU Z H, LIU Y, et al. Runoff forecast
based on principal component analysis and BP neural
network[ J]. Journal of Desert Research,2016,36(4) :
1144-1152. (in Chinese)) DOI; 10. 7522/j. issn. 1000-
694X. 2015. 00039.

KX KK/ 49 .



F18& & 18 ARG AR A (F HS0

2020 4 2 F

(161  WAdL, XI3E, B 2226, % ST /NG M 2 3040 4l 122. DOI: 10. 1007/513042-011-0019-y.
BRI L] ] AR KT, 2012, 43 (17): 61-64. [23] HUANG G B, ZHU Q. SIEW C. Extreme learning
(MING B,LIU J,LYU C M,et al. Classification and machine; Theory and applications[ J ]. Neurocomput-
combination prediction model of runoff based on ing. 2006,70(1-3) :489-501, DOI; 10. 1016/j. neucom.
wavelet analysis[ ] |. Yangtze River,2012,43(17);61- 2005. 12. 126.
64. (in Chinese)) DOI: 10. 3969/j. issn. 1001-4179. [24] HUANG G B, ZHOU H, DING X, et al. Extreme
2012. 17. 016. learning machine for regression and multiclass classi-
[17] RAMAN H, CHANDRAMOULI V. Deriving a general fication[ J]. IEEE Trans Syst Man Cybern B Cybern.
operating policy for reservoirs using neural network 2012,42 (2): 513-529. DOI:; 10. 1109/tsmcb. 2011.
[J]. Journal of Water Resources Planning and Man- 2168604.
agement, 1996,122(5) :342-347. [25] B0 BRm L. 3 F 2 RIS B 24 > LI B 2%
[18] CORINNA C, VAPNIK V. Support-vector networks e BN LT 1. THSEHLRL T, 2018, 38(8) « 2437-
[J]. Machine Learning. 1995,20(3) : 273-297. 2441. (YAN H W,SHENG C G. Short-term bus load
(197 BALTAR, 5 SOk, 2T 32 R m LA R I AR R forecasting based on hierarchical clustering method
Wik [J]. 217K, 2009, 28 (5):55-59. (ZHAO H B, and extreme learning machine[ J]. Journal of Comput-
WU Y B. Long-term runoff forecast based on support er Applications, 2018, 38 (8): 2437-2441. (in Chi-
vector machine[ J |. Hongshui River, 2009, 28(5) ;: 55- nese )) DOI. 10. 11772/;. issn. 1001-9081.
59. (in Chinese )) DOI: 10. 3969/j. issn. 2095-008X. 2018010017
2009. 03. 001. [26]  FE/NIL s A%, MATLAB £ R%% 43 4254515y
[20] VAPNIK V N. The nature of statistical learning theory LM ], db 5t db 5T i 25 0 K R 2 i R A, 2013,
[M]. New York: Springer-Verlag, 1995. DOI: 10. (WANG X C,SHI F, YU L. 43 cases analysis of mat-
1007/978-1-4757-2440-0. lab neural network[ M. Beijing: Beihang University
[21]  FEAESR (e, B RO e 2Rl LML TN e Press, 2013. (in Chinese))
BT K2 B 2013, (ZHUANG C Q. HE C X. (27] AEE PG IET TIGGE YO A e 4E {3y
The basis of applied mathematical statistics [ M]. ZR TR LT ] KRB ¥ %), 2013, 36 (2) ;
Guangzhou: South China University of Technology 165-173. (CUI H H, ZHI X F. Multi-model ensemble
Press,2013. (in Chinese)) forecasts of surface air temperature in the extended range
[22] HUANG G B,WANG D H,LAN Y. Extreme learning using the TIGGE dataset[ J]. Journal of Nanjing Institute
machines; A survey [ J ]. International Journal of of Meteorology, 2013, 36 (2); 165-173. (in Chinese))
Machine Learning and Cybernetics. 2011, 2(2): 107- DOI: 10. 3969/j. issn. 1674-7097. 2013. 02. 005.
T L e e S S
L BEmIR . ;
; X T B 3t ) |
i BT i 2 A B L iR RO I A K R AT 0 vy L D ISR BE K BE T R . I BT A i
UK TR I 900 {2 m’ AU AT ML 450 1 m B ML T HAERSERE M TR R fEL |
+ UK AU T RERI IS AR TR . 1843 4F BT 4E bl 11 Pk g i 5K 3] 33 000 m* /s, HHTAER M3 Wi AE ) 4
LR 22 000 m /s BT TR ALREIAE S FUAT 11 000 m /5. BRUAASR FURSRIAT 4 B B IS4 |
b PRAEARTS HEAOR R bR v K T REVE L SO BT HE TG L e MK U T R S AR P A R
R NCL T i
; AT SO I « AR K G T2 e ) - RKAL Sk |

L AR AR £ .2019 4F 11 A,

e —perfee—her s —hsn—pmer s —her s —her—peer e —pmee s —her et s —perr e —hse s er st —pmrr e —hsr s er—err st —pmrr s —her st sr—prr s —pmre e erpre—fe X

¢ 50 o

K % K K B

t





