Journal of Water Resources Research 7K IEWF 5%, 2021, 10(3), 312-321 Hans i
Published Online June 2021 in Hans. http://www.hanspub.org/journal/jwrr
https://doi.org/10.12677/jwrr.2021.103034

ETLSTMM4EAYSERF N BEESL/K TR 75 3%

MRk, BEE', 7 Y, 7 K FEH

VI B P A H ) AR e BOK JR T, BRIV e
DR AR R R BB, e i
IDUR A 2 2 4B, e I

Email: "wanbiao@whu.edu.cn

WekE H . 2021485 H18H; A HEM: 20214F6 H19H; &4 HiH: 20214F6 H30H

«
b
T

R

BEE WK SRR BURDIRI = B (Y 3525 A B3 A Wi AR R, SR A BB TR 3l K 7 2RI AL 7K BRI\ FE A0 160 R
ERA—F AT B . A0 T —FMEE T LSTM (Long Short-term Memory) P 2875 B 22 3] SR N R HE K
PR, R DUKERANERRFF. el ARE N 55 R ek ol Bt R B R 5SS AR
BN, KETERAEREREEANRE, BATEMEKTER. ZRKERKBERKEHMIERN, LSTMMEHE
RUR] DRI AN R KGO AR, H7E SERT UMUK TR B F BT R . AHIF 52 R Ak R B vt B D) B 1R it
AR #.

eI 4L
NEEHEK, SERFTRIR, LSTMMZ, REF%S]

Real-Time Reservoir Flood Forecasting Method
Based on LSTM Network

Zongrang Chen!, Yanjun Yin?!, Biao Wan?*, Jun Wanz?, Yaoxiang Yu3

1Ankang Hydropower Plant of State Grid Shaanxi Electric Power Company, Ankang Shaanxi
’School of Water Resources and Hydropower Engineering, Wuhan University, Wuhan Hubei
*School of Cyber Science and Engineering, Wuhan University, Wuhan Hubei

Email: "wanbiao@whu.edu.cn

Received: May 18", 2021; accepted: Jun. 19", 2021; published: Jun. 30", 2021

Abstract

With the progress of hydrological and meteorological data observation and the accumulation of data, it
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has become a feasible way to study the reservoir inflow forecasting by data driven method. This paper
established a flood forecasting model based on LSTM (long short term memory) network and depth
learning algorithm. The model takes the reservoir early stage inflow, rainfall and upstream sequence as
the inputs, and the reservoir inflow as output. The application of Ankang reservoir shows that LSTM
network model can simulate the flood hydrograph very well, and has good performance in real-time
flood forecasting. This study can provide technique support for reservoir flood control and beneficial
operation.
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K EE PR 7K TR 58 G0 A2 BEAN 7K R 997 A A R HEL T 2 R S R R I A o A T 23, P 5 FR t ZK To  A e /K
B7 3k B 6 B AT o N FE VK SRR 5 B TR B Y . 28K T ST 2R 1 45 L IR M UK TR AR Y SR gk AT
[1]. HAT, HEKTREER 3By 3 Fho R . — 2 i i % 9t 3= Y e LB 5 3k R gk A7 MR 4 0 T 2 S R R &
PEEAR B AR SO A, R TR B 7 82 . DL2E TA) B O U TE A R AR T B S % A A2 1 2 A K L
BAAY, =il B ARG TR R R S U AT AR R B RN - T O FR AT TR %) H s DK B A5 A
2]

Wt 7K SRR R AR 93 A XK SRR AL R 2 Ak 4 P sk a3 e A S8R 5 F T T, T B S5 e 250
PR, ARATAE DA SE 4 S B K SCRIUEE,  HLBT S 1T S8 S5 A S5 AN 2 SEI 3R [RIINF, IR 3™ TE i 7 2
FE S FNARE N, ERMAKCOREIEA—ER R ER S TREE, ©2E3 “RSERA” FR-[3].

BEE 5 SR BREE R N, IO SO R BRI T Bt AR T AR KRR T, — s SR A
5 IR BN 7 ORI FCIR IR ) R . B I B AN BT B B K SO AL, T R T P s
MWL, K& & O R T2 SCEEE . AR AL 2 2% 3 DA R 7K RN K A .

FLZE 20 tHE4D 90 AEACHIHA, N L& M4 (Artificial Neural Network, ANN)&E#% N FH T B R 42 I AR 4 24 Hh 4]
[5]. JEJLAER, BT 33 A £ P 4% (Recurrent Neural Network, RNN) A 57 #1012 P 4% (Long-Short Term Memory,
LSTM)&h #4455l 1 FH T B 1) 2 51 5000 10 00 SR BEqi, ol 5 N IRt 3B W = A PUL R i e b o (E, ZE K ST TR 43
I, T LSTM W8 MR BE 5 =) (R K T 78 A MK S, AN [R] R i 9 8 AE AN [RI iR dak . A [R] 16 A BE A 1
V2 IRRE MR ZK[6] [7] [8] [9].

AICATIU, B KR 7 B BOR AR B 2 S R B BE AN 583, 26T R . £ 40K SCER! DL R IR FE 2%
SYESANEE & K AR B RO iR B b KRR, FFAEARKRAGE T I M AT F[10] [11] [12].

2. ARFA*®

KARHHAZ WA 25 2 — P EPE P2 0 2 JE Rl B A A IR SO AZ 850 B RF RPN 22 X 2 . RNIN S — i BLAT 58 53 ol
LM BB RE RS, (AR A B 3 S KR I A7 AE BB BE 2R« AR AR KR R P A DG P B 22 55 1), 17
LSTM f£ RNN [5EAH 13800 1 4\ 5% i A3 i e SO R AR BACAZ B TR, R ST PP SR AR AR 5 24 i
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Figure 1. Internal structure diagram of LSTM network
B 1. LSTM MR REE

VLI LB REA A X = (30,0, |0 SRR o+ 1, B FAL R 125, BEHN x, ¥ Ei
S RAEE] LSTM HEL MR . 554, P 23T A IS 0 — | 50498 7R A5 (Cell State) C,, SHiH!

{E(HiddenState) A, [RII 1 i AR F BIA VR SRR b o TS8R T A I T T st NS B eiR& | 534
RIHI x, e M R R B R e 5 ., At s AR
fo=c(W, h_ +W, x, +b,) (1)

Hore o, Aw, g 550 9 BCE R R A0S R R A AR, b, RIS TR WE, 1o O sigmoid pR%H.
a(x)=(1+e**‘)’l, TR BREC 2R A R A T 3R U YU B 2 ORAE X TR0, 11221, 8 C, | $fisofe
BAEE, Wmdg 7 KEHSIZ R R AR
BN TSR DRI L6 45 SN N B 2w 1R) 2 4 MLRES €, b, BAR TR AN E
i, =c (W, x,+W, -h,_, +b,) )

ih n—1

C, =tanh (W, -x, +W,, -h,_ +b,) 3)

Hoife AW, S B TR AR SRR R IR, b, R TTIORE . B x 5 AR
KA E RS, T e B0 I 88 C, BB, C, i G)RAE, Lt BRI P
SERAIF], FE7E B A T XU TE DO IR B sigmoid FiI TR0 A8 RV HIBEAT IS, AR P 2% 76 22 O B 36
B sAET-1, XTI, AT B RIEICAZ T8 C, b T8 2 (B T 5 S AL 3.
B ROk, LSTM 270k A 2 it A ()7 B HE 7. 1 46— W 22 078 €, S T sl £
I B 2 (R AT 770 TR B, AT P 0 FE 0 KI5 S0 LSRR PR 0, O - G, AT DR B 4
A IR RN ST IR L, AT S S M B R R TR RSN C, b, b
7 LSTM I 115K 0 BiRAZ 8 TERAE N C,
C =f-C

n-1

LG T BRI OSSR N A 1, o Z R FRE A B, BRI R FR:
F— BTSSR x, f B RPN AR 2, A0t sigmoid WUE RS B —AME N 0~1
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ZTE) FR I e R, DA OR PR i A A DA R — I TR) 5 B A L R 7 T DA
55 0 I tanh BRI B - 1~1 38 Bl 1A) AR 3800 ) B B0 SR AR B LSTM BT 4 /i KL IR S H I8 C,
5 — i S5 RBET R EIZB TR, RAGRML b, ZETEEE o DAREREKNK A RZE
S
on :O-(VVox.anrVVoh'hn—l—i_bo) (5)
h, =0, -tanh(C,) (6)

PRl LSTM AR 7E I /K T o ) 2 T EAE AR 2 O SR BRI 1) 2 R 4, MR8 58 1) g S ok Bt I DA
A W B RN AARGEAER T T NI E SR, R BRI G I GEE I —FRAL A, IRtk
R FH i A

3. LSTM FiRIEE! pO3E T
3.1. EBG

LSTM [ 2% [e] HABAE I #2226 —FF, TR BRI A B K/ NANEE AR B R P R & FRAE d I 2 454, PR
HARE (R B BEAT AL BT 55 . ASHIF 7T %] TensorFlow2.0 VR FEHEZE K348 LSTM MZg R, W] DA B A v
9011 APL %1 Keras. HEANMLS IR @I RT3 LA T LA D IR

1) B wisk

W F0 A FH I A T RS R B WA, B T AN IR R B ) B UG I 22 S K, A Rk L 5
IER SRR B AR, (R B S AP AR R RS, T B AR AT — e EE, AR 0 B{E A
— AR K/ MEIA— B R 7k, AL

BB AMEE— L X, =Ko )
Xmax _Xmin
OBk Z = % )

gt 2 GRS, RIS I ME I — AR TR, B A AR R AR 6 0k TR 4 S ki AN
IKEPHT I SEMR S /N o Rl A ST e 2SR FH ) 2 oK dse /MBI — A A 2(7)

2) HINEZHH)E I

PREE 28 I N JZAEAE PE T S Tl ge /), sl i A E RSN E S EA G, BRI PRI
TR . ISR . BTN ZIRNFEARRAE , ARG T7 5 BA AR BIRBER .

3) LSTM [XH 2% &5 ¥4y ) 45 7t

W 2% 51 £ ER AR NS B R A AR B RN, Rl —EM . ZEMEM=EMY, 22
RIS, KIMZE LSTM JZI1— = 4152 B M 2RO St 380 R 8 ] ReLU .

4) 451K BRI HU) e B

TREE 5 2] poa] (e B 40 K BRSO 20, AR RT3 4% 1 BN H B PIA, 33177 9% 2245 2K (Mean Squared
Error, MSE) IS4 44%] H 73 1% 22 (Mean Absolute Percentage Error, MAPE). HiRZTHHE AL T :

MSE = %Z( YY) 9)
i=1

MAPE =L 3°|x, —m(x) (10)
n o
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Figure 2. Computing structure diagram of LSTM network
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Zeid btk 5T PSR R 22 B /K EE RIS ON R PR 41 . R 309D I 6 AR 3t (A SR /K ) BT U0 1 I R B
3ANMEREVE IR N, AR — I B2 BE TR N AR e

IE AR RIS IE 1B 4T, BT BRI AR A — e 8. BRI GREARN BN 50, AMRIE R U, %
RAREK E N 3000
3.3. T iEER

Tk vH RO S S A < 1A AW & R W] FH A e ME R DC RVEE . DC & — M sEAL Gt 4ahs, HAE A
T(oo, 1210, AT 1 FopB S R e R WA LIWE . THE AT

;[yc (i)_)’o (i)]2
;[yo (i)_)_’o]z
Roft: DCAMEERB, UHRAPARINSE): y, (1) 9 SMlEms): y, (1) AR @s)s 5, Al

I (ms); n AVRFFIKIE
A, I e kAR R 535 R0k BT 1525 7 96 O TR I . AR K S B R B A

(GB/T22482-2008)) [13] /&R TAESZhRROL, AP DHIEERE > 0.7, BUEMXTRZE <20%. M
SHRZE < 20%1ENEHEER .

DC=1-
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4. FHE X A HiE
4.1. AREXER

L REKPENL T PUT R BRPE A e, 2 —RLURHON T, MMk, BUE 56 R H KA KRR A .
HEAL T2z BETIRIE 18 km Ab, FIRISRAE /KT 35,700 km?. Hu¥E FJ& g dbid BT AGBIX, HZE52 K T3
RlEEh], Z28W. DILZRAKEINE L Ft K E . BERKBEYS , A1 2R 2% A DL ROY Bt 7K i) 2
a7 B YIME G . B TR N K R AR A IO IR, I8 B A A B K

DUL_EJESCRARZ , K BRI AARIFR, 2 B B i AR 221 20(A S DULFR), Hh— G500 62 5%,
TRLLE R 159 %o UK TEAR 200 km® BB — ST 26 2, HAP T K. A ARSI AR
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Figure 3. General map of main rivers between Shiquanand-Ankang section
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4.2. BIEHER

TSR 212 BEZK B 2010~2019 £E[]3E 21 S MK BURE, A AR - 22 RREIX IR AT sk ) 25338 00 st 14 B4 R
ASROK I R R B T K BE N BT SS o Il IR AR P A O X (B I P B, 4% 1 h B,
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AR RE T, R B IZ /N N B R BORME LR ™ 5, AN B S B, 55ehayi
MREARF, JE T s AT T Z AR

1) BT 3 higsh PIALEE, WURANERZ JEIR AN AL ZOR, AUARSE 4 h P AREE, BRIV R i LA X
i, KA 6 h;

2) IR JE M ERAT B 1L, PRIETEZEh 5 Bt - SR eIt o A I [A) 2 ] — I 221

3) fa, ACEE R R S R E R 2L IR ORME RO E T, BRI R Z IR
[DERIEN S S

5. BEWFMNME SR

TEREBIZRRT, BT B B e REN R X IR T W S AF SR PR e 80 9 A, (7R SER TR, J5
HAR 2 RN AR o T XA PR R, A SO TSRO, e E MO B
(AT 55 5 B R AR A L [ TRARASE Y, iy N S 2 1) B 2 BT BN i S5 e, Sl IR 2 2] J5 , 1981 LSTM
BEK FARASE B S0 S BT ORAF ICAZ A, DA S EE N T S Sl TR vk S0T, 4 N X T) T R A
FOR RS, 102 RN FE RS G AT TR oF AR B . Bk, B TR SN, e
SRINEEDHZ R
5.1. WERUTERS BTN
5.1.1. EEHIGER

XPETE A 15 it KRB, B EPE R 2L DC S A 0.993, AKX 0.919, ~“F104 0.967. HhIgRZE i
KA N-15.1%, H/AMEN 02%, RELSHE TN 4.8%, RENT 20%094G 15 MK, 15 100%. HEERE
BRAEN 3.6%, B/AMEN 0.03%, RZLIHE TN 1.4%, RZE/NT 20%894 15 MHUG 15 100.0%. Bk
TR BERL I, Heirh 20150629 St KR4 5 L IE 4.
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Figure 4. Simulation results of No. 20150629 flood
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5.1.2. EFHALER

XFRAEHI 6 it AT, A2 Itk R % DC femy 0.981, HAKN 0.783, ~F1705 0.931. #tlgRZER K
N-34.4%, /MEN-1.8%, RZELIHETHIN 11.6%, #EZ/NT 20%898 5 MAk, b 83.3%. HEIRZER
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Figure 5. Simulation results of No. 20190915 flood
5.20190915 SRR HERE

M8 WIANIOAE A AT LSS SR, #ES7 LSTM 4 v /K FihoAss 28 e AR df HuASE 0L 17 st it /K 2, 2%
TR FL R T SR K TR T 5

5.2. TR ERBEXEE o4

SEI TR TR, BRAIAE JUANTBEAN, 22 BN PE ORI BT AT v AR BRI & . #4821 itk H
KIAT IR VTS, e RE DC &N 0.991, HAKH 0371, “F475 0.863. LG IR Z & KEN-46.9%, &/
HN-0.2%, RZELIEFEIN 11.5%, R®ZE/DT 20%0H 16 MHIKR, & 76.2%. HEIRZERKEN 28.6%,
B/AMEN 0.7%, RZELIME TN 8.6%, 1RZE/NT 20%HIH 19 MHIR, 4 90.5%. ¥ E BRI FA BT N %,
R b AR AT 36 2 B K SIS TARORS B A SR o AR B S TR S AR 2 B S il n 2 1 TR

T B A X B T R AR . AT RN E SRR AT K AE, i LSTM M 25158 GRAR 1 b
AU sk R o TR TSR, 2 BN R N CF B BRAS B R R, S SR E A AR — B R
D] G TR ARG FEAT BT RRAIS, AR5 ) A R 0 4% 22 0l K

TRLHA T T, ERSAH SR, T n AN B 2 4 N TGS n+ | BB ERE, SR A
BB TR v B, R R B AN A SR A, PO R KT AR, ESEBR TR
LSTM A& AR LA B HH] FH R 2N By O B3, AWt 5 BTk AT 2 1E,  #-A7 SEmH R Bh Tk «
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Table 1. Comparison table of effects of flood simulation and forecast calculation

= 1L ISR S TR B R R

J73 sk K BT TR
B Higm's)  HEACm) iRz PEARZE T2 T R A PR 2 BEIRZE T e M R AL

20100718 25,549 26.3 -2.7% -1.6% 0.981 —24.5% -13.2% 0.894
20100724 11,865 24.72 7.5% -0.3% 0.967 4.0% -3.0% 0.933
20110707 13,145 15.65 -0.3% 1.2% 0.980 2.3% 6.3% 0.960
20110801 12,202 21.93 -5.3% 1.0% 0.969 3.9% 7.2% 0.913
20110805 11,826 19.43 0.2% 0.2% 0.986 2.4% 1.2% 0.978
20110913 14,589 40.52 —4.0% 1.6% 0.965 —6.5% 5.7% 0.920
20110918 18,952 33.19 -0.4% 0.0% 0.993 —0.4% 0.7% 0.991
20120704 12,130 9.58 5.2% 2.9% 0.985 —4.5% 7.5% 0.951
20120710 9271 20.01 2.4% 0.8% 0.968 0.3% 2.9% 0.910
20120902 16,451 16.78 —6.5% 1.9% 0.981 -0.2% 7.4% 0.973
20120908 10,278 8.43 1.5% 1.4% 0.954 1.1% 6.4% 0.895
20130719 10,355 11.23 6.6% 3.6% 0.919 10.8% 14.3% 0.836
20130723 10,094 13.94 —0.4% 1.6% 0.964 5.8% 6.0% 0.936
20140912 10,881 51.81 -14.3% -2.3% 0.926 -18.4% -8.7% 0.792
20150629 15,766 16.09 -15.1% 0.1% 0.961 —20.0% 0.9% 0.950
20161025 4123 5.40 —34.4% -8.3% 0.783 —46.9% 26.3% 0.371
20170912 7475 30.55 -12.1% -1.3% 0.951 -32.3% 4.1% 0.788
20170924 9245 19.19 -3.6% —6.5% 0.953 -33.5% 28.6% 0.641
20171012 8753 50.26 ~15.7% —4.7% 0.967 -5.1% 17.9% 0.745
20180704 6812 15.69 -1.8% 1.1% 0.951 14.6% 6.7% 0.811
20190915 15,772 52.30 -1.9% 1.0% 0.981 4.3% 6.1% 0.932
A XA T3 / / 6.8% 2.1% 0.956 11.5% 8.6% 0.863
LR 95.2% 100% 100% 76.2% 90.5% 90.5%

6. &t

ARICHET LSTM WA HE ST T N /K TR AL, e T 22 BEZK P SE R vt /K T o B 1 ASE840 N B
B2 M FESH, R T A L PRAT I RS PR IR FAR R, AR RS R T

1) LSTM 25784 ] DLAR B M AR ADLIZ /NI N FE K R, AUl T SRS P e

2) SERT TR IR AR AR BN RS R AR N JE BATIAR AN, TR T A 2 BT R B

3) T LSTM 4% (1 Sy N PER K Bk 75 vk A — e s .

R, 2R S AR S SRECTORHE N R R, A AR IRAFTEA R o AR o] B B s N4k FE, K
FEIX [0 A 25 LRI 7 A 2 ATl aE, XA 1 T — BRI R A .
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