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Abstract
Traditional artificial neural network models struggle to quantify the spatiotemporal contributions of
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input features. This study proposes a flood forecasting approach that couples spatiotemporal feature con-
tribution analysis with deep learning, termed CNN-BiLSTM-Attention, by integrating Convolutional Neural
Networks (CNN), Bidirectional Long Short-Term Memory networks (BiLSTM), and Attention Mechanism. The
method is applied to the Jianxi River Basin to evaluate its forecasting effectiveness. By capturing key spa-
tiotemporal features in hydrological sequences and introducing dynamic weighting into the forecasting
process, the model aims to enhance predictive accuracy. Results show that during model evaluation, the
CNN-BiLSTM-Attention model meets Grade A standards for peak error, flood volume error, and peak time
error, fulfilling high-precision forecasting requirements. Compared with traditional LSTM models, this ap-
proach effectively extends the forecast horizon and improves accuracy in predicting flood processes under
complex spatiotemporal conditions, providing strong support for flood forecasting in the Jianxi River
Basin.

Keywords
BiLSTM, CNN, Attention Mechanism, Flood Forecasting

Copyright © 2025 by author(s) and Wuhan University & Bureau of Hydrology, Changjiang Water Resources Commission.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 5|

Fer b FE /K IR AR B vk el o P R AR B[] SRTT, AEEOS FEZBIEK . B LR RS 2
R R [2], B e FE ARG ANIN, AR 53 14 [3] [4] o A% Gt /K SO AR I8 5 Mg T 52 2% IO B B s s e K S
FE[5], HAEEH &AM EAAER], M DLERR TR KO 2 .

AR, TR BE 2 T HOR R PR e vk /K IR B2 41 1 3 AR A e JEL K [6]-[8] 0 LATR BE 2 2] B AR B 2K
P IR AR RN T B TR G AR MK SCSHL[9], R MEHE rh 42 4 5 E AU R AT AT, E R K TR 55 5 A 11
IKSCIIIAT 45 e D0 5 38 e 35 (101 FLrb, K 31242 M 4% (Long Short Term Memory, LSTM) & 3 FH 3
JZ IR A S . LSTM dlad 51 A\ e AZ B e AT 4 ML, o Al T 45 G 1R 32 U 0 28 ) 4% (RININ I A6 30 2k
IV P o 0 1) D) 0, A A T (AR 5 22 07 TR AR IS H [11] [12] Kao S5 [13]44 % T LSTM £ 25 i th vt /K il
AL, IFAEFRIE GV X 7K EE N B v K IR0 o B A  TAR OR s BROIR LSS [14] BLK SCR R B 1R
AR N, AN [F) L (0~3 d) 23 AL T LSTM St /K TS AL, 76 VT 74 48 5 VL It 3 AS [R) 90 0 399 1 ot 7K o)
HLSTM B 4 R B A T 3 e VTR Y f 0 P s R AFOR ZE (1SR 22 T LSTM /K Tl A5 3 I L v T
R N FE LK TR, 45 SRR LSTM B8 () AR TR SRR T BPNN FIZh &S M4 . m] LG
H, LSTM 7EHE K TR (0 N B AR B 4. LSTM S 3 [ 145 45 M sh &S A5 Bt sh, EHAR EIF3A Xt
AN [F B [] 242 P S50 D R AT RS AR ANAL, AR B8 78 43 7 HE - INF 8] 25 X6 vk 7K Fot ] i) A o B 22 [16], I PR | 1A
RULEF IS BE I 2] (O TR AE 77 MBLERJZTE A, LSTM KT F MU £E T e e /= i R, Hug e e & S
BB K SRR I BE I8, AR 2 50f = 30 S AR F AR (R S FE o b4, LSTM B A Ftll it 75 rh A A8 ot
i 2 B 1) 5 A0 R A5 2., R BB 7R 40 R FH BT U] 1 v A7 AE R S A0 0% 2R, BRI 17 RS 7 4l i AR % R
I 1) e

EEX B3R LSTM [ BR 4, AR SC DU 22 RV L SRR IO T 0 IX 45, e i R B AR b 22 ) 28 il B2 i 2 S 30
fE, $EH TR ZS R AE TR - R B 5 2] B K IR 77725 (CNN-BILSTM-Attention),  FE7E b At b 2 37 XA 7K
SO FPARAY, [R5 R8T OB AN 1] 20 PR A A EE 2 e, S I VR AR R ) A B TR

][l

DOI: 10.12677/jwrr.2025.144044 407 TK IR 7T


https://doi.org/10.12677/jwrr.2025.144044
http://creativecommons.org/licenses/by/4.0/

B I 25 RS AL TR 5 VR P 2 2T K Tl 75 s

2. IREXES#E
2.1, R

BRI T ARG YL _BE, REVLREESIR L —, A T4 26°31'% 28°31'. R4 117°31'F 119°00
Z 08 WAL 14,787 km2[17], HUJEARHE L EAL N 32, HoK R SRR . I T A 2= X

AR, ARIRATE R E R, oK EEERE 4 29 [, FHREKEEE] 2200 mm, FE7ER 164 14 m?
[18], JiLddR KIL K IRy 12 h[19]. A BRIIKoK 28 B K STl Bl 2 A1 L 2

Py

N ﬁy,jz o
=
A -
1o
%
(o]
A
T
b
15
Ny =
@ iRy O S
A ik -
- T
i /m o
P s o 2191 . ; 1=
- 0 25 50 100 o
b ik - 38 km N

118° 0° 0" % 119° 00" %

F 1. BERBKREREM S

2.2. BUERIFERXS

AW FCEFNEES | 2005 44 2023 4EH111) 38 3737k dtK BEkE, B3 7 NMAER . 16 MWEN. BRKE
SEVORIBHAT IR R S YERE VR . EEUREMIRIS b, BT 30 itk H TR S H0)I1Z:, J5 8 it /K H TRy
TR, I MRER 5 EERECh 4:1.

3. CNN-BiLSTM-Attention 2 &1&8
3.1 BeEERZ*

3.1.1. EFHZRLE(CNN)

AR R 5 (CNIN) S — K LA J52 UM 5 M R AIE SRS Al 3 OV 2 5T U [20], FLEs M3 a6 i B2 L i
PR R4 = A AL IR21] o FEATFITH, SRR £ A — A RUEW Y « RO Ve (W3 20, $2HUR 3
I 4 R P 7K S A ) (R I A R [22] . BB ARE S X = (3, X, X, ) € RN L Lo T Slgiet il 7 ¢
R, NI RAEE, F SR

iwl Xt+|—1 + b (1)

j=1

RO, Kk BREk DER, K ARG KR, b mEs, XU %rm | M RES tri -1
(IR

Mx

I
5N

DOI: 10.12677/jwrr.2025.144044 408 TK BRI A


https://doi.org/10.12677/jwrr.2025.144044

B I 2SR AE DR 5 VR P 2 ST K TR 05 12

3.1.2. WEHKAERAIEIZMLE (BILSTM)

BILSTM M 4% /& LSTM P25 (1) — Fh A8 4k [23]. H&4 1) LSTM AU B AT A5 B A, BILSTM 5] A
ML) LSTM W45,  BE% [R] AR 2 5 71 04 (345 B [24]. fEABFFH, BILSTM Jdid HAT 1H & 1E 1 il
] AN 5 A RS R A1, AR b AGE R v & i [R5 B I sE K Bh Rl R 5 R Sk 385 B [25] [26], HitHid
L/

R =LSTM(x,h)
R =LSTM(x. ) @
yo=o (W, [Rh]+b,)
K@), X, SNZI KR, LSTM B8 baE LSTM MZHEETR, T RN 4 BIZe R %t i
G FIFSEUZIRE, W, « by 2 AVBCERE AR E D, o NBEH ALy, AL

3.1.3. FEIHLHI(Attention)

TR JIHL] (Attention) (A% O AE T XT8N T AU AN [FIAL B 20 B 22 AR, S HARME S B oTlk 13 B
[27] FEARBFFEAT, AL 51N LLIR A 5] P S I 2006 A RRAE X 224 AU & T Ry AR B 220, Bk S A an
T
e, = tanh(Wh, +b)

__exp(a)
> aexp(e) @3

T
C, :Zatht
t=1

XE)F, h NI ZIFHARAL R, e ARFAE h X R EE R EE, a A EHBCE, W b 735
NREZHARE R, o NEREMHT .

3.1.4. CNN-BiLSTM-Attention (8 & &%

B A G I FE R TR AE oy SR A AR A . B A5 R S A S B B ER 20 E 5 T AR AE AN, AR 7 —Fil
FRA I A RAE TR 5 R BT 2 5] B3 K TR 5 < (CNN-BILSTM-Attention) . iZ kAR L5 I 2 Fis, 3
HiINZ . B2, BILSTM 2. FEAZMEHZAR, BRI T:

e N B I R) PP B AR X :(><1,x2,-.-,xT):(xl,xz,---,x” )T, FEFE X HAT I R ZS M AN YT, Al RITR

XX e )
1,2 N
X X. e X.
X=|"2 "2 2 g RNT 4)
xtox2 e xN

Reft, % = (6, ) N AR A S, X = (6,0, X0 ) W8 n AR T A5 s 4
PSR Y S, ASCRGET =72, N =4, BVHCS AN 20T 72 NP RORERT R, B3 AR 0035 4000 5
AR BIUAMEE, M 02 e TR PSSR, AT SR T WA B AL 2 R

CNN LS T4 N2 IR, 1E B ERIUATE, i — 4 B2 ConvID) IS BHRE, 42 BIMKIAR
RIS, 2P BRI b AR BUR MO S, RN B ORI R B ST

DOI: 10.12677/jwrr.2025.144044 409 TK BRI 7T


https://doi.org/10.12677/jwrr.2025.144044

B I 25 RS AL TR 5 VR P 2 2T K Tl 75 s

A BRI OC R . SIS IRFER A A 4E R IR ], SEIL T 22 4RI e H0HE 1) e 4 FARFAE (19 A 8
NGB PR E A G R .

FET BT E AT, BAZ BRI A S PR B LA RE O AT AT A, TR GRS R R R
NFEFFH], FHAE AL S XA 02 4 (BILSTM) IR, 3 — D s, 2 AR B Al I Rk i oe R . 7E
BiLSTM W, Hij[m] LSTM VR (AP HE 77 SRR« i 5 R S A S5 DR 2l IR 5% 4 iy B 20 3 v 2 ) SR A
SO J5 R LSTM JUL AT PP A o [R5k, 24 i IR 20076 48 AN U A A% rh i A 1) i B3 S HL ) i bk A i 5 )
WFEAER - %, BILSTM MRSl i X FEUR A Rt a, il — A& S e R SUE BRPRES 51,
R KIS AR & B B SARADL I B I SR AR A R AL 1 T R e B (I PRI R R

FEIS 50 T o, g sk A I 200508 24 SR 5 SR A s R B AN RN . MY SRS AUN OGS B G, A
WHIULE BILSTM JZ 2 Ja Bl 1 iR JIpL] (Attention), 4K AN [ [ S BRI 35 AR X 224 i JAe & 0000 A0 AH 5 A2k
S 1 U B I )P R, AT B A8 5 tH OGN 20K RFAE DTk, kD IO RS B T4 X EE T DTk 22 =
I ZN A MBI AN SR Er 7RO U (B A B WA LB [ S5 SRR s R TOOMIDAS B2, g T 1 A 2R AE R 5 itk
AR P A E MR S AT SR .

S0 R IHUHIINAL R 5 I PR AE B i\ 314242 )= (Dense) B AT Ze VEAR 4, BRI B e 4 I H 4L n
KRR n /N TR A Q = (Quy Quove s Qun ) € RT o IZHE A 45 M I 5 BB A 4R EL . X1 I e A 5
FAPE RGN IR, JR4h TAESE LSTM 78 Jm) 54019 B 77 H AN R, JA% 1 B — {5 BRI i BR
AR IR AT R P I D RHE S B, REIRTE 7O AR R AL T AE

B Attention)Z

Pt El It Qt

" kqv)

P, E. I,y Qu Softmax |
Sl Si Sn

. . . . %

Py Ean Lyt Qunt \

AH—] At+2 \‘Z At+i At+n

| | i
‘ L » [Qt+l Quy Qin }
GRE BiLSTM/Z W E
[ 2. CNN-BiLSTM-Attention 384 t& 8!

32. IHESHKE

RN LEAS R AP, AR R Adam fRALES, WIUG24 1%~ 0.001, REAMHEIREEA K /INA 64,
PRI 25 K Huber 45255 508, SORIIZRFEIRCN 500, 4% B FASHLHIB LIS LA . AR G 45 S50 E
L% 1,

DOI: 10.12677/jwrr.2025.144044 410 TK BRI 7T


https://doi.org/10.12677/jwrr.2025.144044

B I 2SR AE DR 5 VR P 2 ST K TR 05 12

=1 REZHSHIE

B S A
BRHE 128
CNN
HRZ KRN 3
) (e =2 1
BiLSTM
Y 2T he 128
BE R tanh
Attention
ER SN ESEE 128
K 2 2 4 1
LSTM
Re il JZ 4 22 TC AN B 128

3.3. EH B4R

R KSR IIRMIE) (GB/T 22482-2008) [28], AW 7Tk B /K M B AT R ZE(RVE ). SIS X 1% 2
(RPE). B E]2 2 (RET ) =AM EAR A7 R (QR ) LA LA 8 1 R B DC )X AR FE AT VP o BT
AR

1) HErE R

2
ZiN:1<Qi‘obs _Qi,pre)
= 2
ZiNzl(Qi,obs _Qobs )
Arf, DCWHIEEREL Qe Qo AMMINMZI BTN, SERMABIKIEL, N RTRIF IR, Q,, A5
R .
2) YK BHIN 522

DC =1-

®)

(Wobs _Wpre )
RVE == —*2x100% ©6)

obs

A, RVE NBUKEBMRRE, W, Wo AT, SERIFIK SR . RVE Fu iR 22 fu Dy sl stk &
1 20%.
3) VRUEAE X R 2

(Qp,pre - Qp,obs )

p.obs

Qpops 7T HINTI . S AT R . RPE SOV 22 Vi i Sl it g

RPE = x100% (7
A, RPE NtIEREMHAHRE, Q
] 20%.

4) VP [R] R 22

p,pre

RET :Tp,pre _Tp,obs (8)
b, RET RUEBUM RS, T o T, /MBS, SCOUBOSE UM 2. RET fo i 26 i (e Sy
I 5] 5 A ADLUGE LIS 8] 2 [RTISF BRI 30% 2 N, e RANEE IS 3 he

5) AkgE

DOI: 10.12677/jwrr.2025.144044 411 TK BRI 7T


https://doi.org/10.12677/jwrr.2025.144044

B I 25 RS AL TR 5 VR P 2 2T K Tl 75 s

QR=—" 9)

A, QR ATIHRE R EHE: n ATHREIREL m B Ik
AR A i AT DL R Y TS FE S5 20, € Bk 2 i

2. REFRMKEEFR

KSR 2% L% W&
ERE(R) R >85.0 85.0>R>70.0 70.0> R >60.0

4, BRI 5VHL
4.1. FIREEITEE

2 L8 B G BR RUE  RVCA R] A 12 /NKF[19], S UE AR 7E 5 K ST o7 & 3 N PR RE 25 5, AL 12 /)
B9 DL A B U, #%E 12h-LSTM 5 12h-CNN-BiLSTM-Attention £%, FIE TR 4 pt AGE FEVE e AU RS S,
g5 B 3(a)~(d) s .

a T
15000F « LSTM b I L
o CNN-BiLSTM-Attention 0t — b
o WfE
- ~ 10}
v 2_ z
::é 10000} R“=0.851 ) E? .
S QRP=0.875 H .
18 el -
pe += 0F b
= =
fosd ™ ™ )
= 2_ =«
t; so00k 2 R?=0.792 oot .
a QRP=0.625 [ ~
. i
20 F
% 5000 10000 15000 CNN-BiLSTM-Attention LSTM

LRI (ms)

2p [Jusmv ] 0881 [ 25%-75% 4 2 [X )
. - ) i
10k [ |CNN-BILSTM-Attention ol L

0.84 |

,.' 0 -
ST

0.76 L .
CNN-BIiLSTM-Attention LSTM

WEFILB 7] 35 22 (h)
o0 o [ ST -] 3% = oo
(=]
- E
s —
jH
-
NSE
=
5

[ SR

3. FRBEITEIERRER

/;

DOI: 10.12677/jwrr.2025.144044 412 TR B IRAE A


https://doi.org/10.12677/jwrr.2025.144044

B I 2SR AE DR 5 VR P 2 ST K TR 05 12

Kl 3(a) AP R AR 3 ik K Sk A It B TR A 5 SEIMEL X EE B, KB X SR R IEMH G A& T, FE4h
TSR (QRP). ITLAE i, CNN-BILSTM-Attention #:7L [f1 ik s A5 4% 2% 87.5%, 54 FH ;s LSTM fit
RUGEIE TN IR S, AR T 70%, (UK EREHEbrE. K 3(0) R T MER U &R 7 40 16
o PR R R ZE M R ZE SRV N, AR 3RIAF] 100%, 2 F ZbritE. CNN-BILSTM-Attention #]
PEERZEIER LSTM B/, HARZE 5010 B HRE AR, R (1 FRk M RE S mAe . &l 3(c)XF b T AT
TRAGEAL I IR [A] R 22, TEAH 27 T D LIS (RIS, (B R 7R $2 AT . CNIN-BILSTM-Attention (U4 [H] 5 4%
N 87.5%, & FHARE. LSTM BERLIEIII (] & 45 3 75%, 153 2 9uhnifE, HAFAE 12h HIMR A 5 FEAR,
UEEEL I RAPE IR 55« ] 3(d) e 1 PAMBE B AE 30 (RO THSEH 1) NSE Seit 45 5 . 7] LAE i, CNN-BIiLSTM-Attention
B NSE BIMEAHEL LSTM BEBYERTE T 0.07, 4347 X (A1 HEAR S iy HEE b, — DU R T 1B E 2 IS
LA KT P2 SR e i .

LEA SR KW, 12 h-CNN-BILSTM-Attention it & WEHUN a] &4 R IA R F0brnt, etk 245
BARAKCFE S, BAMMER /N, %12 h-LSTM R TR B2 SR 40 B R Ae T, Al A G i moks FE K Tl 75 5K

4.2. AN[ETR REREU T EE R 53 4

93t CNN-BIiLSTM-Attention TiARAR B 7EAS R THLIA T AR, A SCRHNRBAUE K TE 1~24 /NS TULIA T
(T &5 RAEAT /M, R RE LSTM FE Nt bl . 25 p8 B AL I i ik R Hp A7 AE — 5@ HIBEALYE, 43 0] 9 /A
RUFEAT 1 30 HAMALTHE, SRA & UL T NSE M R A & it A F2 T i e it 25 R an il 4 Bow .

4 JER T RS RLTEAS R TR R () NSE X Eb g 5. BT DLE Y, BEE TR AE K, PR )
NSE {H# 2 N4 . SR1M, CNN-BILSTM-Attention # A 7E - T WLIHH T (1) NSE #48F LSTM #7848 L5
BKE R TR R TR A

BART S, PAE RS LEAS R A TSR Be R I A R a3 . 78 1~12 /BRI TR P, PR B 3 SR B
B I TR - Fo, CNN-BILSTM-Attention 1 74 [) NSE 4H 24 - FF7E 0.87 LA, LSTM #E% f) NSE {E IS,
AR FELE 0.79 B L. ATEAE H, CNN-BILSTM-Attention A5 1 75 i i 1] XUBE N R BLH T 0 S Ak B AL 34, L5
N4 BV B UL e 05 AR B S A I Y 5 B ) R OGS R IR, AT SR B 7 o i P TR R 2

1E 13~16 /MBS HK TR, PIRPASEAY NSE EIZH TR, 55 HLIARIHEESA RN FR R FE# 2. CNN-
BIiLSTM-Attention Y 7E 16 /N T3 LA NSE (AT RECRFF 2] 0.75 LA b, FHELZ T LSTM BERY SRS B [ 58
P, 7E 14 /NEFTRLIA, NSE {ECUBF 0.73, JF7E 16 /NEFE—20 P54 0.64. WFEIRTEMERE FINZE R EE S A

1.0

, - B
0.8+ '
0.6 -
m
n
Z
04 =
= CNN-BIiLSTM-Attention
LSTM
0.2
0'0 1 1 1 1 1 1 1 1 1 1 1 1

0 2 4 6 8 10 12 14 16 18 20 22 24
I (h)

4. FEIMNEAAH RBLER

DOI: 10.12677/jwrr.2025.144044 413 TK BRI 7T


https://doi.org/10.12677/jwrr.2025.144044

B I 25 RS AL TR 5 VR P 2 2T K Tl 75 s

FHIEMTRENLHIA %o LSTM BB PR Bk = B AR RF e B, 22 Tl 0 A I e 3 e Vi ) J5, %) B 2
NEHE A RE ) W IR 59 : MEiZ T, CNN-BILSTM-Attention #7Yi is He X i) LSTM Bt 48 7 I} &) 57 %1 £
WU AR RE 7, TR P R LGB0 0 OB, (A2 7 Hh K T3 P9 R T 1 R AR R AR E, BT 2 /)
IS 28T

T 17 /NI ~24 /BT,  BEAE TR REAC,  FIHRoRs B B R A, RO R AR A A e 1 RSS2 M e
SN IZ TG 5 . {H CNN-BILSTM-Attention #5284 [ FEIEFE 525 /N T~ LSTM B4, i — P IGHIE | CNN-BILSTM-
Attention A5 7E K] R &t

4.3. BBPOKTIZRLITM S 4

DR FEREAR S A J P KRR i S ML, A SCIET 12 /N F5 LI R A T 45 5, e BRI 3 AN [ 20 ) i AR
BKHEAT 73 b7

Kl 5 R 7PN PR I R, AHOGTHSRAR AR WA 3, L AR T 5% 22 AR U I AN ] % 22 S5 7 f R it
Wb AT SE . BRI ATLUE H, B B RL Bk b B i M A K IRk vE a4, Rl fE kK BL S
IR K B B PR RE » (B AE G B FUAT AT AE — € 1R 22, SR IN WIS ] (1) i % LA S kWA 8 ()R 22

TEUEUELE TN AT, LSTM 7EAN R E it /K i A7 R IR . AHELZ N, CNN-BILSTM-Attention
TR I AL TR A P K, b 20190708 5. 20200708 5. 20210629 5yt 7K 7k I AH 1% 2 43 il /b
7 6.96%. 27.92%. 18.08%, H.XF/NEZHIH/K, CNN-BILSTM-Attention F7Y [1$2 i B 5 AW . 20 i
RIET, 31X =3 SRR I F2 B Y PO 38 B v AR Rt 38 Hite, 176 o0 it A% bR FH R T TP 3 RN B 5540 1 2 1) 7 )
P, LSTM #5281 8 78 53 7% FE ) E e 2 w0 A O I WA T, 36 s H Tl gk 06 I FLIR ZE 8K - % T CNN-BiLSTM-
Attention #4, CNN BEELEEMS IR EiiF s BE K X g2 [l 455 BILSTM HRLA{E SIBIE, 7ERk/K B
B 783 12 S AR IO S5 SRR s, S AR E R IHAERE ) Attention HLAIEE— s

201907085 47K 202007085 k7K
0 8000 0
14000 15 15
ook T CNN-BIiLSTM-Attention Tl i i | P CNN-BIiLSTM-Attention il i it 0
----- LSTMTi At it 6000 | ----- LSTMPUIIiAL it
R TID 4 Sl B 4
10000 i‘*” e 15 %ﬂﬂﬂ Tk 15
z o g % e 1o ,E
E 3000 E
i i 4000r
% 6000 e
4000 PR~ 2000 -
2000
O 50 100 50 0
I8} F () IR F¥(h)
202106295 47K 202206165 #E/K
12000 0 20000 0
15 18000 ' s
o000 4 CNN-BILSTM-Attention IR | ook 1® CNN-BIiLSTM-Attention I it | "
----- LSTMIill i N === LSTMTRli i &
3000 — SR 115 14000 A~ — SRR 115
i Fi 4 12000 | / J P 120
2 6000 E 2 15
E Z E =
b EoE 10 =
2 4000+ g = {35 &
L
2000 0
445
09 30 30 % 50 100 130 50
] /() ] J(h)

& 5. BAVHIKITIZTREER

DOI: 10.12677/jwrr.2025.144044 414 TK BRI 7T


https://doi.org/10.12677/jwrr.2025.144044

B I 2SR AE DR 5 VR P 2 ST K TR 05 12

SXoF BRI B 4 R (M 7, of PSR A TR TR P BB XoF I o T D3 e 1 P S AU, AT G 7 AR T 25 2R

SoF Tt K B K ) 20220616 Sit/k, CNN-BILSTM-Attention #5778 Fiil vt g 7 & it Bk e it 1 1K) 15
B, FEVEAE AL AR KRB B B @RI, IIZREEH 35 UK I (E 25 -H 7E 6000 m%/s %5 9000 mP/s 2.
], A P K kg 13,000 m¥fs. IIZRE R RHKFEARMARREA R, FHORETINRZ MK, SLhx
T I R rh T E RN SR AN R R A, R AR AR R E A vk K A7 BT SR 1 R

UbAh, TR [A] 1% % I, CNN-BILSTM-Attention B AT LSTM 1 ] 242 T+ JEH & 7E 20190708 5.
20220616 X iy LSTM Tl 5 Z 5 Kt /K 4, CNN-BILSTM-Attention #5784 5 o 1 5 5+ i % 1 o Fef
W NREST, KIS (AR ZE -6 h ka2 -2h, LR 12h 455245 6 h, RZERC/DIR L 50% /% LA 1, i3
—B AL T B 1R R TR P

3. M EAMPIEE N TR BT

A e SEI I (m3/s) BELUEIE(mS/s)  RPE (%) RET (h) RVE (%)
20190708 10,780 8582.87 -20.38 -6 -17.44
20200708 5821 3424.30 -41.17 3 -15.20
LSTM
20210629 8898 7087.16 -20.35 1 -2.52
20220616 13,760 11881.28 -13.65 12 -5.75
20190708 10,780 9333.43 -13.42 -2 -10.38
20200708 5821 5049.95 -13.25 0 -16.91
CNN-BiLSTM-Attention
20210629 8898 8696.10 -2.27 1 -5.27
20220616 13,760 15864.63 15.30 6 2.79

5. &hig

ARSI T — P2 LR A I 23 RRAE DR -5 TR P 2 ) I K TR AL, d i A ) R 900 AL B A e 2 vt 7k
IONE, fHHFELRWT:

1) B RS REA LTI, 12 h-CNN-BILSTM-Attention (1454 TS 40T 12 h-LSTM. 12
h-CNN-BIiLSTM-Attention [t i, WEILET [RAEFRIIA B ARAE, 776 dIR I R 2 TR 7oK .

2) EARHETMI T, CNN-BILSTM-Attention 5 71%¢ LSTM FHLH SEAR (0 TR AE B A Ae e e, HA e K
T LK TR A A G PV B PR TULEA(1~12 /NET) N, AR R AR s (HTE P TR 1 (13~16 /)
) AT (17~24 /MET), LSTM BB PERE R FEECA R . AHEEZ N CNN-BILSTM-Attention ()14 RE T [
AR, TEORFFBARE B S AE IR, ALK T 2 /it o HiACh CNN-BILSTM-Attention #5751 7 —
SE T0UU0 I A LA B 5 PR s P RS 1k

3) X HAEIK, CNN-BILSTM-Attention 7E 7L U4 B TR B 42 i W] .. CNN-BILSTM-Attention 4
R T LSTM R AR A% 5 i I AR A 55 A, )5 FE CNN-BILSTM-Attention % & 2% - 42
I FR H OCHRD I S REAE DT, AR S AT A AR B PR I AR i SRS T AE DL RS RTEAFARX . AN
TACHE) I E R G P, PR SRR T

&E 3k
[ 3 D 5 TARCHURIN AN ARIK AL, 2005(1): 56-60.

DOI: 10.12677/jwrr.2025.144044 415 TK BRI 7T


https://doi.org/10.12677/jwrr.2025.144044

B I 25 RS AL TR 5 VR P 2 2T K Tl 75 s

[2]
(3]

(4]
[5]
(6]
(7]
(8]
[9]
[10]
[11]
[12]
[13]
[14]
[15]
[16]

[17]
[18]

[19]

[20]

[21]
[22]

[23]
[24]

[25]
[26]

[27]

[28]

SR, JHEE, B, & AR AL S RIS A AR TR R s [J]. Hh AR, 2024, 79(11): 2811-2829.
ATy, sk, R, S PN -RUROC R AE— B AL 1 IR B R 22 W —— DLV BN I [D]. K T R AR R,
2023, 42(12): 35-47.

XU, Y. H., HU, C. H.,, WU, Q., et al. Application of temporal convolutional network for flood forecasting. Hydrology Research,
2021, 52(6): 1455-1468. https://doi.org/10.2166/nh.2021.021

YAN, X. H., MOHAMMADIAN, A. and KHELIFA, A. Modeling spatial distribution of flow depth in fluvial systems using a
hybrid two-dimensional hydraulic-multigene genetic programming approach. Journal of Hydrology, 2021, 600: 126517.
https://doi.org/10.1016/j.jhydrol.2021.126517

JABRKE, ATENL, R, . ZIREHERBEG 1R 5 SRR BB ). /K Ik 4R, 2023, 42(5): 43-52.
AVANZI, F., JOHNSON, R. C., OROZA, C. A, et al. Insights into preferential flow snowpack runoff using random forest.
Water Resources Research, 2019, 55(12): 10727-10746. https://doi.org/10.1029/2019wr024828

WU, J. H., WANG, Z. C, HU, Y., et al. Runoff forecasting using convolutional neural networks and optimized bi-directional
long short-term memory. Water Resources Management, 2023, 37(2): 937-953. https://doi.org/10.1007/s11269-022-03414-8

ADAMOWSKI, J., SUN, K. R. Development of a coupled wavelet transform and neural network method for flow forecasting of
non-perennial rivers in semi-arid watersheds. Journal of Hydrology, 2010, 390(1-2): 85-91.
https://doi.org/10.1016/j.jhydrol.2010.06.033

XIEE, TS, W, 4. AKOUKBHIRSURIR 5 S il R 2R 0], A RARIL, 2021, 52(10): 76-83.
XIANG, Z. R., YAN, J. and DEMIR, I. A rainfall-runoff model with LSTM-based sequence-to-sequence learning. Water Re-
sources Research, 2020, 56(1): e2019WR025326. https://doi.org/10.1029/2019wr025326

SHERSTINSKY, A. Fundamentals of recurrent neural network (RNN) and long short-term memory (LSTM) network. Physica
D: Nonlinear Phenomena, 2020, 404: 132306. https://doi.org/10.1016/j.physd.2019.132306

KAO, I. F., ZHOU, Y. L., CHANG, L. C,, et al. Exploring a long short-term memory based encoder-decoder framework for
multi-step-ahead flood forecasting. Journal of Hydrology, 2020, 583: 124631. https://doi.org/10.1016/j.jhydrol.2020.124631

BIRPL, BT, TR, & T RERHCIZANE M Z(LSTM) KB AR R iRk [3]. /KI5 K R RHE. 2019,
17(6): 1-9.

ZHOU, Y. L., GUOQ, S. L., ZHANG, F. Z., et al. Hydrological forecasting using artificial intelligence techniques. Journal of
Water Resources Research. 2019, 8(1): 1-12. https://doi.org/10.12677/jwrr.2019.81001

24k, RUNEE, JNE, £ TIER AL LSTM-Seq2seq f AL AR MIBT 7T []. ¥K) 114 £, 2024, 46(3): 980-
992.

HERE, 4%, TR, & ETRAWRES ISR KA B R TR 73], /KFI%:4R, 2023, 54(8): 889-897+909.
WRERY, Mite, MRiE 5, 4. M4 Encoder-Decoder [ LSTM R FIRALAIAT 7L [I]. BROUK 2225 IR (T 24 0R), 2022, 55(8):
755-761.

JIE, M. X., CHEN, H., XU, C. Y., et al. Transferability of conceptual hydrological models across temporal resolutions: Approach
and application. Water Resources Management, 2018, 32(4): 1367-1381. https://doi.org/10.1007/s11269-017-1874-4

R, VEHME, XU, S BT A IR B R AN AR A ) BRI AR RS BT AL[I). AKRI2EHR, 2024, 55(9): 1123-
1134.
JA G, SRS, . BRMEMSEHT TSR] HENL2ER, 2017, 40(6): 1229-1251.

GU, J. X., WANG, Z. H., KUEN, J., et al. Recent advances in convolutional neural networks. Pattern Recognition, 2018, 77:
354-377. https://doi.org/10.1016/j.patcog.2017.10.013

HOCHREITER, S., SCHMIDHUBER, J. Long short-term memory. Neural Computation, 1997, 9(8): 1735-1780.
https://doi.org/10.1162/nec0.1997.9.8.1735

CHO, K., COURVILLE, A. and BENGIO, Y. Describing multimedia content using attention-based encoder-decoder networks.
IEEE Transactions on Multimedia, 2015, 17(11): 1875-1886. https://doi.org/10.1109/tmm.2015.2477044

2, HEZDR. 5T CNN R BILSTM P84k Bl & (1) SCAS S I A HT [J]. SR, 2018, 38(11): 3075-3080.

HAO, X. L., LIU, Y., PEI, L. L., et al. Atmospheric temperature prediction based on a BiLSTM-Attention model. Symmetry,
2022, 14(11): 2470. https://doi.org/10.3390/sym14112470

HAN, D. Y., LIU, P, XIE, K, et al. An attention-based LSTM model for long-term runoff forecasting and factor recognition.
Environmental Research Letters, 2023, 18(2): 024004. https://doi.org/10.1088/1748-9326/acaedd

e N R IEAIEKFIER. KSR IR HITE: GBIT 22482-2008 [S]. Abat: A1 EkriE R, 2009.

DOl

:10.12677/jwrr.2025.144044 416 TK BRI 7T


https://doi.org/10.12677/jwrr.2025.144044
https://doi.org/10.2166/nh.2021.021
https://doi.org/10.1016/j.jhydrol.2021.126517
https://doi.org/10.1029/2019wr024828
https://doi.org/10.1007/s11269-022-03414-8
https://doi.org/10.1016/j.jhydrol.2010.06.033
https://doi.org/10.1029/2019wr025326
https://doi.org/10.1016/j.physd.2019.132306
https://doi.org/10.1016/j.jhydrol.2020.124631
https://doi.org/10.12677/jwrr.2019.81001
https://doi.org/10.1007/s11269-017-1874-4
https://doi.org/10.1016/j.patcog.2017.10.013
https://doi.org/10.1162/neco.1997.9.8.1735
https://doi.org/10.1109/tmm.2015.2477044
https://doi.org/10.3390/sym14112470
https://doi.org/10.1088/1748-9326/acaedd

	耦合时空特征贡献与深度学习的洪水预报方法
	摘  要
	关键词
	A Flood Forecasting Method Coupling Spatiotemporal Feature Contributions with Deep Learning
	Abstract
	Keywords
	1. 引言
	2. 研究区域与数据
	2.1. 流域概况
	2.2. 数据来源及划分

	3. CNN-BiLSTM-Attention耦合模型
	3.1. 耦合理论与方法
	3.1.1. 卷积神经网络(CNN)
	3.1.2. 双向长短期记忆网络(BiLSTM)
	3.1.3. 注意力机制(Attention)
	3.1.4. CNN-BiLSTM-Attention耦合算法

	3.2. 模型参数设置
	3.3. 评价指标

	4. 结果分析与讨论
	4.1. 预报精度评定
	4.2. 不同预见期模拟预测结果分析
	4.3. 典型洪水过程模拟预测分析

	5. 结论
	参考文献

