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Abstract: Flood forecasting is an effective non engineering measure to reduce flood losses and
enhance resilience. And accurate flood forecasting is one of the key technical challenges in the
hydrological field. At present, flood forecasting models based on physical mechanisms still have
shortcomings in simulation accuracy and efficiency, while forecasting models constructed by using
deep learning techniques have experienced rapid development. This study comprehensively reviews
the principles and characteristics of deep learning models applied in the field of flood forecasting.
It summarizes the progress and problems in the application of deep learning models for quantitative
and probabilistic flood forecasting. The study also explores the relevance and application prospects
of deep learning models in relation to flood physics models, particularly in the parameterization of
physical processes, interpretability studies, and error correction of flood forecasting models. It is
believed that deep coupling with physical models is the future development direction of deep
learning models, which will be an important development paradigm for the time series prediction
of flood, and an important research component for realizing the water resource intelligence in the
future. Finally, a few thoughts are given on the difficulties of deep learning in flood forecasting, and
corresponding solutions are proposed for the current challenges, in order to better explore the
application of deep learning technology in the field of flood forecasting.

Key words: deep learning, flood forecasting, quantitative forecasting, probabilistic forecasting,
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SERR B AR No-U-Turn Sampler ANfiE 1t AL 77y FRRRAEIAR. SRARSARR  (Krapu et al,

2019) IR 455 P h £ o] 1 HRARSITIRE. BRARIGRE-  (Mian and Hung, 2020) %%,
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SRIG, Z W TR N BB R TR A b, R T R RCR, WRA 2 umli s h
iy R 72 [ U3 U5 0 25 A5 R N 6 TORAR Y, VA T /KA S RO RE 26, R TR X )
St AR B AN R PR S REE 0BT (Zouetal, MRVREEIR. SRARIRR 5023) |, HEEL (2023)
A LSTM. B4 5 BE 20 0 2 IR 2 VK SCRERY MG 1 /K R e RS AL, 7 R0 1 T
WA R AR, B T KRR A AT {5 B
3 REFEIERK/NE REE TR A pE A i

ZINEE FROBE K TR CE SR AT TS . R i SRk 453 2 T LA AR AR . 4RI,
LG8 K SO RYAE /NS R B TRk KA A AEAE BRI 2 (Anderson and Radi¢, 2022) . H il
HFH TR B2 2 S R A K 3 S R I, P AR S BE AR K ORI, 7E /N RUBE /K 751
R IE IR, 3R 2 B T 9 PR 2 S B A /N ROBE V7K P AR oA A P A

H% 2 /&, RNN. LSTM A1 GRU 55 BT~ /)N i RUBE ik 7K BRI N 8] 0 25 [ AL
EIFIIIR, Hrh LSTM BALRILEEE (Liuetal, 2023; Dtissibeetal, 2024) . Jy 7 Hf
F LSTM HEAVAE b [ AR 2 IR b K@ F I, SRS SR (2024) Phafeifginl . BT ifE
WL KILRIRA 9 AN T, VIZEIEIRAE LSTM BRI B UM, 5 1 h UL,
LSTM BIRTE & I35 2% (NSE) #id 0.95, & I HERIZ ALBE Joms: SAT, 4T
BT 6 h BF, LSTM BEIARUARRIREF 2 ) BIFE R 5 H OB E R R, WHRBERZE.
CNN B T3 /N RBE VK TR, R B TR BUR SR 2 T RFAE, X TR AR R 1
WIRRE /TS, KIS LSTM M @R 418, LR S UK TiRKF (Zhao et al,
2025) . U-NET . Transforme 1 GAN A5 R 75 it 7K i -t 3R 3 R 2 B2 &%CR (Hofmann
and Schiittrumpf, 2021) . AE A 3= B Tt /KB B 4E AR BUK SCHARRHIE, ANEEH
THOKBHR BEAREE, 2023) o GNN AL ) R F2408 00 5 18] (4 34 22 2% (B0 MR, 1Rk ol
RRER R (RTESE, 2022) o BEEHARMAWRESRIOIET, ZFhRE % IR BIEEARK
0 M S FH T /N OB K R, Bt ok SR A SE R T R SR

R2 9T FHRESSIEATEZ /N BB TR R R

Table 2 Application of hourly scale flood forecasting of nine deep learning models

W wEE Wl R RIS
I

IS RNN ANERRE fEIREERGH L h TR, XF NSE. TEM S (KGE) . P
1l AT Witz (MAE) A7 HRi%E% (RMSE) 4 AMEREFEFR, RNN B
3k LSTM B4 B T 1.72% 4.43%. 35.52%01 25.34%; M3t [ uk 1)
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ERIPERE A FTHR R . RNN A BY S5 R 7 5, vk /K TIORGOS ) M s
(Wang, 2023)

FATL ¥ LSTM /NRHRE FEREME. 2RI VL RO, AR EHIE. R RS SO
W VT 9 M 1 h LK, LSTM % NSE il 0.95, MR RLF, &R
KITHIR A MZAGRE TR CFRFIATARZAL, 2024)
T
HEE/K  GRU KT s BRERE 3 ANKERSIE, 2 SOGERT 1T AKE. HHl
DTSR fI/NREF it ., GRU M NSE {2 0.979, LSTM A 0.981, &R, 1H5 2
K B, WA AR AT AT H AR (Yiand Yi, 2024)
IPNES CNN AN R RGO TR AR BRI ST HE 2 (CSD lik 0.83, 5& 1 — & (Zhao
TH BRI UK etal, 2025)
ARAE U-NET  #K/KE  WE X NSE EART 0.8, BORIAT R S5 i« shlX, AT
FLliT Tk X I AR, B AT WK (Lietal, 2024)
I ELK  Transfor  1~6 h i HABIGFHREHAME, ETLHE 1~6 h #KTHRF, GRU-Transformer £
PER IS mer TR AU AE AN IR ) NSE ¥R T 0.85 (3B, 2023)
EEERT GAN BEAKIKER  floodGAN BRI L = T H I3, F1 4-40H 0.78~0.79. GAN HiAYH]
DA SR AR B 2 IO N ERRE A, R 0 ad T /0N R A ) 0 3 vt 7K =1
(Hofmann and Schiittrumpf, 2021)
tWZRAE/NE  AE B E T AE MR ZESBMAMNS (RCNN) [t /K 75 % Tl AE-RCNN 5
FREE A Tl A, NSE 409, f£F CNN. RCNN FIP#% K RCNN #i%, AE —f
MoK ST A RARBUK SCBARFFAE, A m SR TR B, AN B A Ttk
Tk (A RAE, 2023)
BT GNN 1~6 h ¥t RANTEER N (STGCNWERIT Rt K Fifk, REIEHT 1~6 h T3
b JKKALT NSE 5 0.87, STGCN AR IE 513 NSE 24 0.948, ¥/, &M
i SR, T R A (AR (RIS, 2022)

4 REZFIMNEZIOKTRER KBS

BEOK TR AS Y 3 73 g T B AR B 7K SCEK B AR R (RIS GRigt /K FRAR B ) ik
TEAR RS IR B 2 ST (TR ARSE, 2022) , XA IR ERAIN F AP E R EE R (R
3) o B GEHIKTRAR R DL 22 56 - WU AL 9 A, o 3t 7K B K Az S5 BEAT A 100 B i o
H T X AR AE A R AR v 7 R BRI SO N R B, X387 S5 WA
1A P N R IR P 2 SR T R TS AR A% A, AN F KB iy N R A B4
PHECHE < B AR LIt Ok RBEAT AR, HEA LV AR ESRARHI S ) AR 5y, FEE LU
LN BAE G TTVEA L) 4%~8% )T FL B (Miroetal, 2021) .
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Table 3 Comparison of machine learning model and flood forecasting model
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P57 Ak A e At
Hi PSR B EOROR, RHEATHH D SOREAELR D, B TR AG 4
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By N B A RRREDRAD, IR, OKAL. TRESEDT LR, R, WRRK. AR, AR TRESEK

* R K SO 5% Bl SCHARATIIE . 33 R RS T BT BcdiE

T aE 11 BOME TR ) 3 SRR A A A i A X R B I ) A R e A T RE
Vi)

B SRR ST, ARRES FEMN X SHEFR AR, SN B RAR RAERE

£

AR FIARRENE 2, R E T IR AR Y AR AN B — B OR, 7S B A
s

A TR, AR TR A

T A SR K TS 55 5 2 SRR AEAN [ I 28 RUBE DA R AR R ATER R /) Gt 5 T AR

F+ 10000 km? 5 SN RIS, /INT 1000 km? Sy /NFUE, AT 2 2 8] B 9 s 1) TR
FE, A IR SRR BOK TR S ] 77 IR SER] . i3k 4 ATfg i M 45k (1) 8

WHRAE TR BTl () K OIS A JR VR 2 ST 2R | Pl AR o, TR Bl TR 1 I ]
A RS T AP Z R TS OL T, R IR IS A T AR, (20 RAIAEdE
I3 77 AR K SO 58 B 2 SYAHSE & TR BUKTR S8, Rt K R Sk i) R Bk 3
ENERESR; (3D T RKAIBHLX 2h, 6 h flHARRE T, RS SRR AT DS NSE
FLE 10%~70%( A 24 ZE 45, 2023 ) ; Fhiftisiith X NSE FidiAs & AT 47 15 10%~20% % 45 (Hosseiny,
2021; PSS, 2024; RFESF, 2024) ; /NIEHBIX 6 h B¢ 1h 423 E NSE "4 10%~50%

(#&WI1&%, 2023; Zhaoetal, 2025) .
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Table 4 Application of deep learning models for flood forecasting

Wi (EER B B E T S ¢ = vy FEEEXTEL
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KGR (10 LSTM- 2h Ml 6h HLUEAEGT  6FFF3) REP Al NSE PPALEFR,

315 km?) Transformer M PR 7=  TOPKAPI 4374 11.34%%1 0.66, 2h




H A K IEM (REP) , T} LSTM-Transformer ZH&4%1E
TOPKAPI #5 NSE N 3.59%F1 0.97 (4rAlIRE 68%FI
i 47%) , 6 h T WL.3H LSTM-Transformer
HAERIEN 10.40 AT 0.84 (43R
8% 18%) (KZEZELE, 2023)
B HBATIL LSTM#RIERE  HAR#R  NSE 5 ERRIS #7AA L, ERRIS-LSTM H5 7 % i &
(21 5 km?) A fl ERRIS H RMSE JATTL IR NSE #2751 4.1%, RMSE J8/) 67.7%
it (XIFEE, 2024)
WWAREHEFAE LSTMAE %L 12, 24 HiElk WL 2 M RGP 0.87, LSTM 12h
WRDOAWIR VLKA 36h RH N 0.93 ($215 6.9%) , 24h. 36h 735179 0.87.
(9069 km?) 0.85 (L2 iLAH LBl  GBE, 2023)
WIBET L AN # A HERK  NSE % T EXP-Hydro, Hybrid-DL ) NSE 12/
#2928 £ 4% (P- RMSE . 21.01%, RMSE P%{i 33.73%, KGE 25 12.68%
km?) RNN) JBA KGE (PSS, 2024)
A ( Hybrid-
DL A& K
SCAR AL (EXP-
Hydro)
WL & MH  CNN-LSTM  H#A&RR  NSE GRID-HBV #%4F#4 NSE 4 0.81, LSTM.CNN-
X zZBEBRBE MWK A LSTM. B TR~ 2 (PRd i)
(2704 km?) GRID-HBV 1 bi-CNN-LSTM #2% NSE 43724 0.89. 0.92
it H10.92, 35S 10.9%. 17.2%F1 14.2% (7
#%, 2024)
VLB AR CNN FIFTH#] 6h £ NSE ,  CNN REAN 90%, APl KRN 78.1%, &
(953 km?) WM ER &= REP 15% CIRAIZE, 2023)
A API
P48 E,H  CNN-LSTM- /b I 3 I aZ)  CLMA AU CSIC0.83)EHT VLI AL /) (0.54)
i X /™ % 3| Multihead 8 & & # $%54% (Zhaoetal, 2025)
(297 km?) & B B (CSD
CLMA 1 %7
TR
MABMBEARE  CNN R U- /b B 7K BUKERE 5 iRIC #EAURILL, U-NET-River BB K
(3.5 km) Net FJREHE {7 (m) HKIRE 215 29% (Hosseiny, 2021)
A UNET-

River fl iRIC

H BIVR BE 27 S AR S AL GRS AU L, W ARG AN, A T B S s i Y

Y EHLH

fih

2
ARENERIFR T Z A (Karpatne etal, 2017) , WA AR % JHA
BV RS B D sl R FTR B2 22 SR B L G Ge it i b BE 5755
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H 8046 oK SCRAUIE S EE T MR E BN : SR EA G — . SR REAILE A &
SHEMRNAEERE B GRKIE, 2023) o LGS HBUBRME ST EZ R T Fal i
#E, PR T AR B UL A A 8% o T 15 B TR B 2 I U E S T S5 B, M AT A ik
MR SH, W] UAESENTT SR TN B L R AR R IRBII AR, (5
W55, 2021; MpRUBEAE, 2022) , IXONRREIREES: S] SYEAIRIRME T A Sugit.

[l A &2 38 2 e R PR R B2 2 ) B R A S U AU JE T K8 AR, WR AR %
SRS BUVRT TR S5 [ shik i R RReme. SRARSS. - (i, 2021) 5 BIA K-
means HEIR AR rh B G 250 SR AR TR 28 90 £ S 7 3 R 2 R ARSI RR. SRR
IR Qinetal, 2024) ; BT SIBARN K SRS R S5 et /i, HER N %08
M IER R T (54, 2022) o BHULTT L, VR FE 5 SJ AR MRAAE Go K SUREAS S50
T A VR A K R A, UK BRI IR R T 2 —.

TR FEE 25 S R R AE AR B AY S 45 X 3 A B4 i [ 7 Tt — 8 AR % 7B EE AR R TG W B 3k
— BT AR, TR K BRI AR SE s S e, B S 15 B
JE 5 S HARKT S EREAEAR BRI LA AL, I ff 8 8 (Y S A X IR T 52, N Bk X (1
SR BAFRE AR (BRKIE, 2023) .
4.2 RIREFE /K TR AL AT Rt

VLAESR, ] iR N L% e (Explainable Al, XAD B ECA 22 A B 96 7E B #4 5 4538 (Mcgovern
and Aha, 2019; Gunninetal, 2019) . fEREPENLER I A0 AR . H 54 RS )5 R R aT
fiEREr: 3 K2 (Brenowitz et al, 2020) o ffREM: 7 i 3 B KRR BN VPN BREESHT .
REAE AT ALY DA S T AR AR S . 3 I AR ME B B B R IR 2 (PR LN
AAE TN, FE T 77 1R 2 MRHE B ZE VPG 7772 Shapley {H 7715 (SHAP) | I i) J& i
B A BT B LR YRR AR NG (PINND Z5. Rk, 384T 5B M B A B R
PO P A5 T T AR L R (R VA 4R b

FEV K TR AR, VR FE 2 SIS 2 3 ] T A55CRp AL A0 4 £ i HE TR i AR R A T A
TER R — M nT LU I w] AR R 7 V2 R MR iz B % R B, U PRI SHAP 757, HEFI B %
Pevky B BREEVE . SEHUREAR . FUMEREL. TG KA AT AL 7 V2R R 38 ml R AR B AN ]
NARRE S o MUY AR ST R R L HE A8 PRI S AT RIAE SR 4 5SS 28 T4 OF -7 o R A It 2 A
(RN AR IRIR B S FIYE. (Schmidtetal, 2020) , %& T HISEHA R 10 R J7 2485 LSTM
BB RF RS . I BRI D] S PR 3 RS A R4 N5 1L /K 55 R AL 9 T R4 R
REBI5IHYE. Qiangetal, 2022) , | FH 723 3 = AL 1 AT AL 7775 I WAl Geidtk /K TR
R &M (Ding etal, 2020) LUK ATAIAL CNN W48 4125 0 B S5 AR R R 251 8.
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P F UK TR AR Z R IEATE S, 403k T LSTM A Transformer %} TOPKAPI A5 R4
I TR AL K TR AT IR IE. (K225, 2023) LA KGRI I 2 PRI A o) 445 ) S IS5 R 4
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