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ORI SIS I RIS B, R HYMOD 7K SCESRY AT LSTM A5 BY #E 47 X L 707,
Z 500l EnKF-PCA-LSTM #5813 S80A2 T A AL, |

1 IR T

1.1 EnKF-PCA-LSTM #&%)

ARSCHREH B —F A EnKEF, PCA A1 LSTM A AR B U A STk SCR RS2, i SCE-UA
B R g HYMOD K SCHERI S B el , DL 423 581, KA EnKE 537 itk SO RL AR 45
At HVSERRZEIOR (Ey) FI B (M) 5 @it PCA J7 i EAT MR E, 15328 AR A I T4 4
R 075 6 A0 S 40 R 7 B 45 AR 30 S0 42 3 I 5 LSTM A B T3l 2 i 19 LSTM A5 78 4 47 0 B 48 0
XN
1.1.1 Z&5FRIZIEKR

EnKF 256 T 4GB HHR IE MR R @080, 810 S8R R 5 I v R0IR A5 8 8 %) T8 0 2 2 P
2, W TOUDUE RO AE = [ (4 1R 25 Dby 25 e MR AR B ARl i, REEBRA IINAE R, R AR
RS D RN SR ) R AR IR AS AR R R AT T, SRS ARSE LI A5 A A B A 25 I T, SRR R
1.1.2 EZRHSH5H

PCA JEf i I RMERESE k2 —, FES RN — N FRE SR T 22 (A B, SR 2256 1, 7
SRR 2 6 W ) R A IR R I AR 1) o, SR BURT k NE RRAR S, o b SR L R 1 5 B S B 1
mia b, PHEIRRLAESS Y b 4ERRIE, DASL R O BE e B, TR AR B A 40 20 1) SR B A i e . PCA B
IR EAT S 2% S0k 17 ], 24 PCA REHSHE UM /L 8T AR AR EL A I AR AR I,k — 28 18 =8 140 B0
SRR /N ) MRS FE A BB N 85%

1.1.3  Karritleid 2 W%

LSTM BESEAT BOMHE K B P4 2 [0 A GG, S A0 BT R iR ME LS . LSTM WYX 2549 43y 4 A
gy BURITL BATT, dEMDIRASFIE T, b, BUSTT00E NZ ATREZ RS TR EEFMEE; AT
TERE PR AR I A5 B HTIRA s RS T ST EHnC I e IR AR |, X2 LSTM A KB )i 14 fig
(R OCHE s A T DR A AT RS AR i A R 2 RS A i, TR IR IS5 44 . LSTM £E /K SCRLHL T o 1)
PEANE AT 2% S0k 18],

1.1.4 EnKF-PCA-LSTM #£#!

T, ARSCHE T —F R4 EnKF, PCA Fil LSTM fY 3l AR FSIAR Y | 1207 ¥ 48 T8 F 840 45
(El1):.

(1) HBEK(P) . AR (Eg) USRI DTS (Q,, ) SEVE M A S ; SR SCE-UA 465
2, FEHE HYMOD BRI SR R IiAE, 15 3T HYMOD A8R ] EnKF BRI AS A8 (E, . M),
iR HYMOD 7K SCHERI S8 52 AR

(2) B% PCA SHLESA T 5 A A0 K SCHIR UK AW 52 22, ¥ AT BN 85% , IR A 2 Fls =X
AT AN 7 24 0, O xR RS R, 455w P, Q,,, FIRHER AL &
it PCA 4T EAAMEE; @ H38E BPRES AR 5 IR S A8 40 Bk F PCA #47 A4 $2 5L,

(3) BRS04 A LSTM MY | JLF I baAs it s o B 2k LSTM B8 | I J5 S Tl 147 1
LSTM #AY | FF i i bl A i 411
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Xye: HYMODBEAEIRZSAS ot ik PO
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K1 EnKF-PCA-LSTM i f4
Fig. 1 Flow chart of the proposed EnKF-PCA-LSTM model

1.2 FTERIRE

J9PEAL EnKF- PCA- LSTM BRI nl 471, A S0 5 LSTM HLEs2 2 BB H HYMOD 7K SCHSBIAE XS LT .
SEUE [R5 7K SOIRZS A5 W AR AL A 5200, LSTM A8 it iy A28 A0 4R Bk . AR 0 . 78 Bk A HYMOD
BEFUAT 2 R [ AL b BE Y + BB

HYMOD A5 2 2 — ot 5 50 7™ 3 B0 1) 4 B xR SR RY 4 — AT 388 43k TG BR AN AH BRI 1Y) 42
G, B AEREA —E MR S K, I HIZ s A R KRE KRR (C), MiZs Bk C
BF, 8 AR K NG AR BRI A PRI TR B K B ik ), A .

F(C) = 1-(1-6? ’

(1)

A FOO) R R A EKBE FBR . C MmN A ERBEST, mm; B D9 Jisi N 5L A i &K fiE
23 ARG HE L

2 WFIE XIS 5

2.1 HREXE

BRI RS2 —, AVIVEE BRI, WAL 81 800 km® , #VLA FRILH Flfm i+, H
SRYEZEN 937 m, VHAERFIR N 849 mm, FIJFRWRECH 0. 61, FIUL IE T 1L PE 4 8 M A i B v i
Sa%E, WIPARB MRS, Hrbilith, KR ERR 0 & U AR 44% | 319% F121% , HAh K
BORPEIR, WA 4—9 J, FRAREE WK EZ S 2EN 73% ~78% , 24 VR KA Z
SRR LER S ~9
2.2 R

AR SO AR (8 A KR 53 00

(1) Q,, UG T 7K SCAFE S A A S 2l 1) ST H - 349 9 e 50k

(2) BEAKIET P ESLEHEM (http: //data. ema. en/) FPEE VLIS N K BT 9 16 AN 420k 5 (&
2 i) Bl

(3) ZEWORAFRIEAEZEHUR ML PRZERUL o WAE 28 B R T v SO 5080 I AR B 1Y) 7% INLZ8 R a5
PRIEHL A AR T Z 5 e SR 2 BE o0 (hitp . // data. tpde. ac. en/zh-hans/ ) B38BT 72 PML-V212)

KR Z DI DA T BRI RK | 2R R NLZE K, I - 2 S PR 2 Uk B T 28 HUL 7
KA Python [ GeoPandas JFEANHAGH] . FZEHUKL i PML- V2 BRG] 514 2002-07-04,  #c AZE
FEAEEF] 2002-07-04/2010-12-31, FHHF i BEREAR S L 70 3 19 HL B 4k o AR GE T, B 2002-07-04/
2008-06-12 AYIZIH (R EW) , 2008-06-13/2010-12-31 Jy il ( KAER ) |
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AR A B 530 EnKF [FAE 2 )5 BB w1 UG I BOIR 22 88K, A AN I SR AR AR A% AR 4L B4 5 i)
[A] s 25 FE G ) s 4P, 3E45 2002-07-04/10-04 353 A~ H R FIHIH | 7E EnKF K CHEPRESAEZ G, ¢
I RHRTEIUCE T 2], ¢ -1 RS RET—H , W PCA A SN Q,_, . P, E. M M,
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Fig.2 Ganjiang River basin and the location of gauging stations

2.3 HEBSHIGE

(1) EnKF-PCA-LSTM #%!, HYMOD 7K SCHERI ZE i) A (E A 228 BUE L Bl ANk 1 s, BRI S HeR
H SCE-UA bR 53], LSTM #8280 = A5 B Z 50 (num_layers) | 45 3% ( droupout ) |, 1%
'ft{/b\ﬁ( epochs) | E%ﬁ?qzééﬁéﬁ%( hidden_size) . U”éﬁ:i{’t“}ﬁjﬁd\(batch_size) . %2%( learning_size ) , W
B0 1 L 2 5 M SRR (5 S0 AR AN T B i) 277 ARG B2 M DG SCHR T 45 4 AT T S 0 IS UK E VT
2, LTV BERUE 247 15 B3 T B £ 2 U P, O 1 5008 P 19857 Kling: Gupta B0 R
BURACAE XS IV 1) — 21 240, EnKF- PCA- LSTM BRI Hh LSTM () EZ M S50 B W T . num_layers A4 1,
droupout {H} 0. 15, epochs {H°4 10, hidden_size {64 40, batch_size {H 4 32, learning_size {H -} 0.01, H
num_layers BRINBE N 1 2, ASGERSEIERE S FE, W) LSTM BV 256 i ZHLE R E B S HCh
54, BB REGE B TARIR 2 (Eys) , BERURAT Adam fEAEES, B0 AZBEE R A Max- Min” IH—{b ik

&1 HYMOD #ESH K REEE
Table 1 Definition of HYMOD model parameters and their ranges

AR 24 IR {E R/ME S oN1
FR#IRBESI(C ) 20 1 500
I RRK S (B A3 A FE U B) 0.2 0.1 2
P, BIRHES KR () 0.1 0 0.99
PR K R E(R,) 0.1 0.1 0.99

SRR R K RE(R,) 0.05 0 0.1
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(2) XFRERIAY, SRy 3e 53k EnKF-PCA-LSTM ARG AT 174, HYMOD 7 | LSTM BRI S ik & 5
EnKF-PCA-LSTM B it i 2805 B AR — 30, Hrh, HYMOD BEARLA 4 Ay i bliig i it . 17 IR K &=
7R /UL =, Frth o H R B R HYMOD #4423 ;. LSTM AR A i AR i kAR i i . T 2R K =
TEEZE UL R HYMOD BRI + 8RR, Sl imiiassi ., ek, b TR ReiR et ASCRH
AN AL bR 22 0 1o BT R SRR UL LS R B R AN B ), K3 EnKF- PCA-LSTM A5 Y2 A X3 4 LSTM
B By A B LA
2.4 iFMprigtR

AR 3 ARV IEM BT PERE, AR RE(Ey) . Kling- Gupta 3R RE(E, ) AR XS
BN BCR BRI (Ergg) o TRAIHIN

Y Qs = 0 )’
Ey =1-"" — (2)
§<owJ—own2
Ey =1- (r=1)+(a-1)"+(B-1)* (3)
S n(Qu, +&) - In(Q,,, +O) 1
ENSInQ =1- ’Zl (4)

D [In(Q,., +{) -In(Q,,, +) 7

b Q0 o IR R 0, 0 ¢ IR Q. LI B S o R Rk
PR R REG o N R SEBEME S AR A VI AR HE22 09 LB ; B Bl H AR i 5 55 H AR I 4 -1
(ER LA s n ABS PSR EE ;¢ A EE, FHRAL BRI SRe il i Bt IR Bt 5, e SO Ay A B
BORI AR E R 1% ), B2 =0.01 Q.5 In(Q,,., +&) RT3 40 ¢ J5 BT B0 T 21E .
EH— MRS R, B T m I B ITAG | B, 2T IR & AR
U By Ego T E g o IBUEVSERS N (-0, 1], BUEMESTT 1, SRR BHIRCR LY, 2 s,

3 R 5iHE

3.1 PCA 2 fiA3ttt

T X HGAE EnKF-PCA- LSTM BEARIAR Al # 8 [ Ak 2 0, RS AR i 55 9K 2 2% f [m] ) 58 43 S 4 A
AR T AT 3 B0 FRE B [ A 5 SR X B AR ARSI B 52, ACan T 6 F RS

T — MRIEFEZ G, PIRASAR 5 5 K028 5 3 il AT E R PRI, FRR A I E R AR R
LSTM Hyf A, #EATAR el

TR CBEAE RS BRSAS i 5 IK AR i Rl T AR, IR RS A LSTM B AL
FPidl, 2 B BT AR AT L L3R 2, R Bl SR an &l 3 s

F2 27 PCABREFRTRRERLE R

Table 2 Comparison of catchment streamflow performances under two PCA dimension reduction scenarios

RE LN
PCA J5 %
Eys Eyg ENSan Eys Eyg El\San
FTE— 0.948 0.958 0.974 0.951 0.919 0.976

HE 0.948 0.958 0.970 0.954 0.971 0.974
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YRR 2 FRgs R, 7ERIEMIN, FEMWEG TR —m, HaTgem RS, € —iF171 2 K PCA
AR T 2 A ERy, XN TR REE XA A AR Y W R R TR PCA R R T
AT, HBTERELAHR 97% , T 7 e —FE0R B 4 AZUE EEFERY R, oA R T M s 5 1)
A

h T ITAG PCA FE42 ik i s Bk, AR SCUEE T 9K S8 ARl Ak 5 AR 25728 B R BT PCA AL FEAY X
W%, BEHEAERN LSTM M AZE, SEOE 5 R R —3, 48R B R2EMMN E R 0.918, Bk
Wi E 90,916, HABITPM PRI IR T r R—HA R, FKW R PCA J5 1 AT T/ R BUREUS P 1%
Wt 7 5 o A8 AR 22 SR A R

TEHIE PCA WTERT, 2 MOTZEM) By Eyg, o HZEAR, (BIEIRIE | 000 AR A TAE T, —%
ORI ERT, Wik, ASCRAFE S HYMOD FBBUFT LSTM BRI LR X} FUAFE .
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Fig.3 Comparison of simulated and observed streamflow under two PCA dimension reduction scenarios

3.2 AEMEBILERITLE

Kl 4 &7 T EnKF-PCA-LSTM #A81 ( J57 % =) SXF LU AL HYMOD BEAYFT LSTM #E AL A2 4t nt 72, 3R
3 s TR R IEM FE PR A 2R, ISR IER 5 4, EnKF- PCA-LSTM, LSTM Al HYMOD FE R E\ 7351 A
0.954, 0.952 F10.841, E 4351 0.971, 0.900 F10.849, Eyy,5754 0.974, 0.972 F10.825, &5R 8
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N, 3 PRI T A TE R AR IR T 0.8, B 3 FivB AU 7E S5 VLI B R U R AT AR B LAUR . $R Y
EnKF-PCA-LSTM BERIZE LA, LSTM AR 22 | 1 HYMOD #5580 fz 2% A% T X FEAE AL LSTM A1 HYMOD,
EnKF-PCA-LSTM BEIAZ AR LE S E AR E T 0.2% f113.4% , E A ilEm 7 7.9% fil 14. 4% , i
E s T LSTM BALTEHE T, AHELT HYMOD BEALMN4E 5 1 17.8%
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Fig.4 Comparison of observed and simulated streamflow different models

HYMOD R Sy 33 /K SCRERY 2 X S S K SCRE R e AL, 220 Il 9 g e A8 i e AP A
B, FEORMAERDAATE—E iR, R FEA K ROK IS R/ A 2 0 158 22 I8 23 7 A B8R AR R X i3
2, fif3 HYMOD AL FARGUN BRI SRS AR R 425 . LSTM BRI B T ROR GE i By 4k gl A i
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REASIE T Dy SRR | AR A S DN 24 5 D B PO R R AR TN SC 28, A EE T HYMOD A RUHAR A4
P ST T SCNARIAL, 5 LSTM AR ATy SR B TR e W el Sz IR SE 28, R BB IEK SCO 3R ad s v i)
Hh B AR B X AR L R AR R 0 B A EnKF-PCA-LSTM BRIRE B 7437 18 T /K SCHP PR AR X A2 i i
FERRZIR , QBB IR R, P LSTM RSB AR,  EIRARIEUAT RS IE T IZ T 3 SRR
HRBRIE, FEAE AR IR i A KR 23 BRI

&3 AREBGEMIERITLER

Table 3 Comparison of streamflow performances from different models

] Ko
s
ENS EK(} ENSIHQ ENS EKG ENSInn()
EnKF-PCA-LSTM 0.948 0.958 0.970 0.954 0.971 0.974
LSTM 0.943 0.903 0.965 0.952 0.900 0.972
HYMOD 0.790 0.862 0.852 0.841 0.849 0.825

3.3 REEHEMKRE

F4 B THEANFAREZ R EBMEE T | EnKF-PCA-LSTM #E81 5 LSTM BBARFAIISE i E(MH, 45
REW, EnKF-PCA-LSTM B 5 LSTM B AN FAS [Albr vf 22 19 55 e 7 JL-P- AN 3252, B (IR AR FE 1
0.94 DI |, JHEA REBERBESR, IE T EnKF-PCA- LSTM #55  %F 4 &y LSTM #5550 i) iy A Ktk 3014
HA RS,

#&4 EnKF-PCA-LSTM #E 5 LSTM #E &R
Table 4 Robust performance of EnKF-PCA-LSTM model and LSTM model

ARIARHEZE T 1Y E ol
M A
0.03 0.04 0.06 0.08 0.10 0.12 0.14 0.16 0.18 0.20
EnKF-PCA-LSTM 0.954 0.954 0.953 0.953 0.953 0.952 0.952 0.952 0.951 0.951
LSTM 0.952 0.952 0.952 0.951 0.951 0.951 0.950 0.950 0.949 0.949
:[_: N
4 én T/I:\;

ABFGELLE T H], X T EnKF-PCA-LSTM 457  LSTM Hi%IF HYMOD #EAI7E H KB T AR
FZE SR, EEEE N,

(1) ARBFFHE T % JEK SO RPIR S A A ML 2% 2 A EnKF-PCA-LSTM, ilid @l A8 & RIR 28K
MRS W7, AU T K SCIRASAE B R A, B0 T AR AT e, 28 THL
e RS R A A FA RGBS, AN AREEREE T B S K SCRHBL R AR AR S 4%

(2) 7F EnKF-PCA-LSTM MR FAILE R H, 205 EnKF [RfE2Z )5, RIS 5 9K 3248 & W] A Sk i
NS AR AL P I AR AU S R TR A i S IR AR oy TR A 25 5, B ITEE = o8k
HHZ, EnKF-PCA-LSTM A2 IR R AT, 35 22 04 32 i o0 Ficdet S 488 Jin W s i A s g, 1) 559 2 Bl 4
Sy BT

(3) LABRAEWI N, EnKF-PCA-LSTM A% Kling- Gupta ZCZ R 00 b LSTM #5411 HYMOD A5 8143 5]
PET 7.9% M 14.4% 5 0H-55R 2 B0 0085009 99 H 38808 2808 HYMOOD #8143 542 55 T 13. 4% £l
17.8% , FH] EnKF-PCA-LSTM #AI B A R4 0 I ME A e, AR n] 2 m AR R BE R B, R AE K
R,
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A EnKF-PCA-LSTM #2841 B (4 7E T30 15 B R A £ AR % JEK e R A AR S a9 2 m , 42 5
TR ARG B, ARSI R T 4R S XOK SRR | 5 22 ] JE T 43 A1 SXOK SO 18 22 AR S AR 1 T 44
T3 [) S S P o3 = Y 3 140 52 i oF T o i 3 AR T A F AR AE 5

SE Wk
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Catchment runoff simulation by coupling data assimilation and
machine learning methods*

DENG Chao', CHEN Chunyu', YIN Xin’, WANG Mingming’, ZHANG Yuxin*
(1. College of Hydrology and Water Resources, Hohai University, Nanjing 210098, China; 2. The National Key Laboratory of

Water Disaster Prevention, Nanjing Hydraulic Research Institute, Nanjing 210029, China; 3. Sugian Municipal Water
Resources Bureaw, Sugian 223800, China; 4. Nanjing R&D Tech Group Co. , Lid, Nanjing 210098, China)

Abstract: Accurate catchment runoff simulation under the changing environment has a great significance in the flood
disaster prevention and regional water resources management. The machine learning (ML) approach has been widely
and successfully applied in runoff modelling during recent years, which, however, has not yet fully considered the
potential impact of changes in hydrological intermediate state variables. This study proposed a coupled ML- based
model for runoff simulating by integrating the ensemble Kalman filter ( EnKF ), the principal component analysis
(PCA) and the long short-term memory ( LSTM) , which denoted as EnKF-PCA-LSTM. The specific steps include :
(D The dynamic update of hydrological intermediate state variables via the EnKF method; @ The integration of
updated state variables into the input set for predictor selection by the PCA method; ) Runoff simulation through the
combination of chosen predictors with the LSTM model. Taking the Ganjiang River basin as a case study, we
provided a comprehensive assessment on the runoff simulation performance of the EnKF-PCA-LSTM, and performed
comparisons against that of the original LSTM model and the physical hydrological model HYMOD. Results show that
the EnKF-PCA-LSTM outperforms both the LSTM and HYMOD models, as reflected by the higher Nash- Sutcliffe
efficiency coefficients, the Kling-Gupta efficiency coefficient and the Nash-Sutcliffe efficiency for the log-transformed
runoff (0. 954, 0. 971 and 0. 972, respectively ). This finding suggests that considering the hydrological
intermediate state could effectively improve the accuracy and stability of ML models in terms of runoff simulation,

which undoubtedly provides valuable insight into the catchment runoff modeling.

Key words: runoff simulation approach; hydrological intermediate state variable; ensemble Kalman Filter; principal

component analysis; long short-term memory
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