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Abstract

Scientific, accurate, and reliable hydrological forecasting is crucial for flood control, drought resistance,
efficient water resource utilization, and comprehensive water conservancy facility benefits. The runoff
process is influenced by climate change and human activities, showing a high degree of non-linearity and
non-smoothness, posing a greater challenge to runoff forecasting. In this paper, a monthly runoff fore-
casting model (VMD-TPE-LSTM) is proposed by coupling variational mode decomposition (VMD) with
tree-structured parzen estimator algorithm (TPE) and long short-term memory network (LSTM). The
model is trained, validated, and tested using the monthly runoff process of the Fuchun River Reservoir
influenced by the upstream reservoir regulation from 1969 to 2022. The monthly runoff forecasting re-
sults show that the Nash efficiency coefficient of the VMD-TPE-LSTM model is 0.91 and achieve accurate
forecast of peak flow, which has good generalization performance. Further controlled experiments re-
veal that the factors in the combined runoff forecasting model influence the model forecasting perfor-
mance in the following order: pre-processing technique > baseline model > model parameters. It can be
seen that the coupled pre-processing technique and parameter optimization algorithm can effectively
solve the runoff non-smoothness problem influenced by climate change and human activities, thus im-
prove the accuracy and capability of monthly runoff forecasting.
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1. 5|8

PR AR AL TN 2 A 4 7K B 40 AN K U SR A, ToUR ) AR A 1 B R e BRI B v LR
REAK BRI B B 1] 2RI 2 2] 2 AR 2= 50, WpEK. 28 KRS N EEF RS RS,
IF 2 IS FE I AR S AR AR It . T AR N VGBI s, AR AP AR AT JE — Stk — 2
Jall, BRSO AR, S A TR RN Al B 1 RO FENA[2] [3]. AU TITINKS B2 (R 5 v X 4k
KB . KPERTHE . R H ARG R A D RE R SE I BA B 2 S

K K S TR R B RY 32 E Ay Jgad FR DR Bl A A (Process-driven Models) 14 45 B 2/ #5 &Y (Data-driven
Models) [4] [5] [6] [7]. EFEIRBNAER MK SCIEFE P ER B IR H R, B SRR e AL, R FH 5 2 A R SR ABE AU K ST
TR RGEH R FE. PRI RE . 5EIRIRABRIAALE, X AR A o i 2% SR P & Fh /K SO F2 1 AH B
YRRz, PR b nT DUSE A 20 0 SEBR K SCIE PR, (AR SEBR S v 52 28008 BERIAS &« BEAUANI 2 PR
FITH A % P2 v 55 7 T FRT s, AR P NAGS P ) 8 P AR S FH S L 32 31— s B ) o 008 SR S A A 0 o IR 7E )
Rl 2% fE R 7 SR BAE S, AN FE K SCE FE A EE ML, 8 I B e 2 Tl (R 1 S5 A2 U 2 TB] IR B i o0 R
SEPAR TIN5 72 D OU BERIAS A RIEK SRR B P BT R A B 4 T, s B s IR R A
VE AR By &id . HET, PABLE 2 ST BOR Ny 32 3 80 IR s B A ip K A Tl SN V2 o 4R
SF (8148 H — P B T8 A% BE I SCRF M A UBE AL R TR e H ARG TN i) #,  J5 8 AE S5 (O K B W LAR PRABE 2 N T
FHIT UK ZE ) A AR BT FT, Yuan 2510145 6K 5 #1012 M 2588 (Long Short-Term Memory, LSTM)F1 U4
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SR (ALOYFE Y — A& T LSTM-ALO 9 5 A2 i FRINA AL o DL AT 58 B t AOAR A 34 HUAS A A2 dt Tl &5 58
SRIMAE K SCRRBORHRR LXK, ShZ BEK . Z8 RS AHOCRHIESS BAE NN, R REAKSE H ARV 8] /5 41) J& I 13
D, T B — PR AL o I AR A DAVRE A IR0 AR08 21 N S AR AR A R, A0 ToL R P A R

N TR RT A& . BHEEE R, — G T o AR AL B EOR 51N A AR
AR, R oA - TN - EEA TR AL TR TOR R AE[11] [12] [13]. ERERMESE[ 141K LIS iR
(Empirical Mode Decomposition, EMD) 5 LS-SVM #AUAH#E &, I 5 50K LS-SVM K& BP #i& M4 LA, w5
g BRI Z T VETARAE FE R . Tan 55[15]5: T A LKA 7 i (Ensemble Empirical Mode Decomposition,
EEMD)X} J AR T A HEAT 70 il LA AR BETE TS 5 7E 9 N DA 2 (ANN)B L BN, 6 AN RS 5 7 ik
ITTN IS AR ARG R . BIRRF A RN, “ o0 - T - EA 7 B RRAEAE ARV 50 7 1 HL
P BT P S R

SRTATE “orfR” BB, @i A EMD F1 EEMD S5 2 I 7 ff45 31 1) 73 B A7 75 M 75 RIS VR B 55 ) L,
KPR TR FE AT e K IR SEIR[16]; T AR 43 #2540 fi#[ 17] (Variational Mode Decomposition, VMD) /& — i 5¢ 4= k3 T 1)
IS iR, FAA L EMD Al EEMD SEAF (g s S, (B R 2 RIS B0 B IR, 0 S50k AT
EMIERE. AE T BB, PN 1 R S AR R S M A S HCE VIAEOC, DR EEE B T H ARG B A IS
BLAS 2 I B DL S AH B B AR A S0 S R S AT & B 08 o KB IHICAZ M 2% (LSTM)PE Ny — Fh SRS R IR B2 27 )
B, BERSHHPRAT IR A I ARGt Ok R A RO G &R, AEAR VR T 7 1 R A BORIAR S . BRI Bk
(Tree-structured Parzen Estimator approach, TPE)/& —Fiim . Rif. G RIES IR L, EHT K
AL, 2R S s S HHE R W . 5 MRS R B R EIEAHEL, TPE BEEA 3 48 2= R
R R AR, R THLEE 5 ) (ARG BN A Iy T H A BRI 3, ] DAyl 8 2 25048 2 14 Ik (] A
BUAS, R A RS AN Rk

BT, A AR IO AR, AR T — R T AR BAS S (VMD) . B R AR AL SV (TPE).
KL HHCAZ M 2% (LSTM) 2 #1757 %K) VMD-TPE-LSTM H ARV IR AL, 4 H 3 H TR L 3 s VLK PE ) H
T . ZA SR VMD J5Ea SRR, K AR 5 20 il AN IR IR 8] RUBE ) AAE RS bR B (IMF),
B 5 25T LSTM MR AN [R) R 40 BB AT T, i TPE Syt R S 40T, 5% LSTM 1570 =
O 45 5 B A B A5 3 7 AR R T 25 2R

2. fARGE
2.1. BEXES DR

B R(VMD) [17]HIEAR AR —ME 5 o R E AT, &M NI E 5 — DA R
#(Intrinsic Mode Function, IMF)&/R[18]. N T SEILX AN HAx, VMD 5l NFikE B H T, W70 in) i i i& A%
Sy R o I SRAEIX AN S) ) 8, ] AT 3 — L AR HE AR S R ORI I AT, AT S8 S 5 0

VMD H43 73 43 [l R 7~ i -

. 2
o, 8(1)+-L ot
0L w0 } 0
sty ku, (1) = f(¢)

m@mm4zk
KA k& IMF N ADBIBFH,  {ud F{ w7 B i AN AR el A0 RO AR
I HLRS B H T T AR IR A5 T oo 3R 29 51 i) fALA K, R R THT R TE 20 2R 1) f

L({u ) (). 2) - Xk, Ka@p%}w (t)}e””’" O -S kO + () £ () -She (1)) @)

DOI: 10.12677/jwrr.2023.123025 215 TK YR 5T



https://doi.org/10.12677/jwrr.2023.123025

J£TF VMD-TPE-LSTM #57f) A 4230 T 7 v2:40F 42

TR B AT AMEBEBR B (1 TR (o) RIS W F R T2, AT AR AR AR
A()

= J}(“’)_Zkkﬁfﬂ(a’)_zbkﬂ (a))+T

~n+l1 _ 3

“ (a)) l-i—2a(a)—a)k)2 @
_[0 ar' (a))| do

1 (0) =2 (0)+ 1 7 (0)- S ()| ®

e M.
LR RIS I R LE, IR
2

i=1

12?”1 _uf*n 2

i i

AN

i
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KA e NHEHKEE.
2.2. KIAGHAICIZ MBIEEY

K4 WICAZ I 25 B (LSTM) A2 B Hochreiter [ 19]42 H 19— FiRFIR I P4 #1128 X 2% (Recurrent Neural Network,
RNN). ‘Effk 740 RNN B A 8 3 386 A CEO I I PR T SR SO B I ¥ I /R, BRIt R 12 g 52
FRIFR AR BRI . LSTM B8 1 B B 7 /& LSTM HLIG(LSTM cell), & /&1 HIATT,

VAR MOIRAS 2k, H BRI SEI A R AR

fi=o(W, [howx]+0,)

i, =c (W, -[h_.x]+b)

CN't = tanh(WC ~[h,_],xt]+bc)
C =f+C_ +i*C,

0, = G(VVO ~[hH,x,]+b0)

h, =0, *tanh(C,)

(7

A fin i o, A RINE ST ] NIRRT 125G Cn C o e A2 40 M 2 TeR A R AZ 0 M i P TR A
W R b 73 Sl 2 BRI AU E A % ;o A sigmoid BR 4L tanh Jy XU IEVIBRE x, 8 ¢ IS ZIRIN & by 91—
12U B IRAS s b AT ES R -

FE LSTM BRI AR, 200 5070 BES A7 24 AT I 20\ i 45 D0 S AR IS B Z IR MR OC 2% RENS T4
BRAUA AR, PIEAS SC UL LSTM AR RO S RS R T fig ' K 2 N AR AR AL o

2.3. Optuna {E{LESE

Optuna EALHESL 2 Akiba [20]42 H 1 —E RIRE S BB SEORMIEL .. BaE 3 Mo, 2%
& B PRERE HLRSEIG RN T . Forh B bR R BOE H R B AR R )45 2% (Loss) B E A B (Accuracy), FRIREEE N H
PRERE B GRF, BEUN— RV IS, T RAGE HE. Optuna A & 28500 RAE AL FI BT S
fEGER AT AL o A 1 38 FH R A S5 IE . Optuna FRAAE LA BRI 40 T

IR 1 e BE RS SEEEA . S EODUE Y RN 5 R S8 L

PR 2 1EE LS EUPE TG 7 [0 N T R B S H A G
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DI 3: ABBYSRYEE B 5T 8 S 2 LR Z R RE A

APR 4 W E R BIRCAS AR RE T AR B8

DR S: ERIDE 24, HEIABR LI E, I R VAR B b ok K

5 PR R LIS R SF AR TT VA M L, Optuna ARACHEZE DL A THE RRAS IR Bt T L RS AL &
Plt, ASCHET Optuna HEZCR A 8TRALAL 5592060 LSTM LR i 2 4G AT AR -

2.4. VMD-TPE-LSTM #&&

VMD FEJ T A6 1638 73 22 B E I B F kU 70 N B0 40 45 20 IMF 50 5EEYE, TPE Al skl
T %A IMF 1) LSTM A8 S B0 0, LSTM AHH T8 188 it 42 0 286 6 T B A o P 50 45 JEL LA B 4 1) 2
2JBEJT. VMD 7 fiff3 3| A~ IMF SO B8, 751 5% B AN S5 a0 AU I 18] 7 1A EE AR R b g FRAIC, - DR T
A ROHE R, LSTM TN . 3Tk, ABF70K VMD. TPE LK LSTM #H454, #E#FET VMD-TPE-LSTM
(0 AR 8] P S FRNASE A, AR 2 R LA 1.

HARTRIE IR 40T

W1 HT VMD XHERE SR . 5T VMD FiExE A &0 T 510 N4 T4 IMF gk Z R R, flidk
PR AR AR 8. T VMD I RCE 2 S8k, y ofIRENA[21], For k SRR 55
FRRE SR K . A5 NHEFJ(Permutation Entropy, PEYES:, DL 55 HEFI 3418 Bt /ME A Optuna HEZE
LA B AR, XF kAT, DAHIERAS A i/ RS BRI AR 1741

W2 HE S TSR T FI R B A< 5 BU(PACF) KA 52 %% IMF () LSTM A8 i 8 7, 24 KT
B L J5 PACF JEAVETE 95% B G, BEHCTIE 2057 ¢ — 1 W02 ¢ — L B %000 H 2R 0 H -7

A% 3. LSTM HAGESH L. ¥ PACF 3 H i IMF Fiill A7 B4 LSTM #i50HH,  FET- Optuna HEZEF]
H TPE B32:% %> IMF [#] LSTM GRS HGIAT IR, A SCNZRIE S8 EA B2 M4 768 (n_hidden). 15
T RIRS (B 20K (timesteps)  VIERITSFHER FIFEA B (batch_size). IIZREE IR (epochs)F1%: 2] # (learning_rate);

R 4TRSS B RIVEAS o A B O AIE B i RIS , RS IR IMF JE4T T4 245 IMF 1)
¢ NFZI AR IS R, K IMF T 45 SR AT S0 S A 45 2R 30 0 H ARV FE, S8 S5 AR VA 48 ARoet A AL
REREAT PRA
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Figure 1. VMD-TPE-LSTM model structure diagram
& 1. VMD-TPE-LSTM 1% &£ ]

2.5. HEREEMNIEHR
NTERE TN VERE, A SCEREL T TUBHERR, 72 DA R ZE(NSE) HHCRE(r) PRI iR 7%
(MAE)NI TR Z(RMSE). NSE feA R 7 A A iR 28 R ARG FEARRE 1, T IP A TR 45 R A A e AR
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FVE, MAE F1 RMSE H T J& A A e -5 00 0 {5 18] f0) P28 25 R R, Horh NSE Al r #2300 T 1 803 MAE
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Figure 2. Water system map of the Qiantang River Basin
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M A 1200~2200 mm. ARPHTHRIRZ F VP HRREN 389 12 m* , RIREAERRAENDMRALIS], KKE
BAERTE 3~7 H, BRIBLRIAE 2 FioR.

ASCR FBRIB LRI B B VLKE 1969 £ 1 A% 2022 4F 12 A A RENFE iS5 AR BE 5k H T
BREILKIIRETT), B35 8:2 LfPFEAR 73 A& e AR I i, b Z5E i 1969~2012 (3L 528 4~ H) %L
P FER RS I SR AN IR UE, A58 2013~2022 4F (3t 120 ) BE R F/EBCALINEE, HH ARt FRZR W& 3 frw
B ALK IR 2 LK PR BE RS2, o NFE B AR e e sl Bk, ek e/ A AR5 5l 9 4730 m® /s
fe3mss, mASH/NHRRZEIE75.1, HAMIELME KAEFfatt.
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Figure 3. The original monthly inflow process of Fuchun River Reservoir

3. BRIDKERIBEANERETIZE

3.2. REE

3.2.1. AERFIS#E

BALKPENE AR A AR K AP R, NREGE AT R s, M AR RS 85 B
T AR ST (R 1, A SCRIH VMD S0 & B K E R A ZR 5T . e A ER S, A
T HHEB A e/ AR AL B FR SR TPE AR5 VMD Skt S50k kAT Ak, R IE R B N[2] [15],
BEIBA DRI K N 8, ARG A i 45 B 1] 4 B o 1] 4 7T %0, VMD 5544 H 2507 5150 i8R 8 /> IMF,
Horh IMF1 T B B o P 2%, (EATEIEEBi K, B o RS B 3 n,  J5 48 IMF 1R 1R 12 T
FELE-600 F| 600 2 [8], {HASUARZEWIE K. 28 Erl AL, AT IRGRRT Y], 40 VMD 4 i f5 & IMF 1
BN MERAR, HEA @AY, I VMD & —FAa 3005 505 i ik

ML VMD R, KRG HART 5 2 R ER AR i A5 ARS8, #87 th A AR s N ) B
FE, BRGNS B RE B G M B ARAR IR A A A RE S, RIS A R TR e A
RPN 25 2880 2 R TR0 AR 2

3.2.2. MREFHERER S E

AHETERH PACF B A& IMF F7 41 b i A oG, JF DAtk ftie LSTM B B 7=, 1
Ja BAR R N AL & . i s pos, BIP RGN 95% B E XA, 4500 PACF KT EEKX
(] I 358 B 22300 J5 005 H AR AR B 2 (A AE B 25 K B OR &,  R T L I, PACF 2R A AE 95% B A5 X R 4
) 2 BT Bk 20T ¢ — 1 2R ¢ — L2080 A AR TN T, e AR ¢ 2 A AR, BRI 1R
No
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Figure 4. Decomposed sub-series process line for Fuchun River reservoir inflow process
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Figure 5. The PACFs of monthly runoff for the Fuchun River Reservoir
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Table 1. Input steps, input variables and out variables in LSTM models for each subseries of the Fuchun River Reservoir

= 1. BEEDKESTRFIIE LSTM HEHPHMAL K, BAZEMRLTE

751 ALK LN AR s
JREEE TR 5 13 Xils X125 X435 Xpds X155 X165 X175 X185 X195 X105 X115 X1-125 X113 X
IMF1 2 X1y X0 X,
IMF2 2 Xp1s X0 X,
IMF3 8 Xi-15 X125 X135 Xp-ds X1-55 X165 X175 X1-8 Xy
IMF4 4 Xio1s X125 X135 Xra X,
IMF5 12 Xi-1s X125 X135 X1ds X155 X165 X175 X185 X195 X105 X115 X112 X
IMF6 3 X115 X125 X413 X
IMF7 8 Xi-15 X125 X135 X4y Xp-55 X165 X175 X1-8 Xt
IMF8 3 Xi15 X125 X1:3 Xt

X FREEA TS TPE-LSTM A, R MR BEGEUZN0N 1, U6#s A Adam, FEIZHE S
A 25 Z 17 558 (n_hidden). HERY AT A0 K (timesteps) s YIZRESREHE R IRE A £ (batch_size)s YIIZREE K (epochs)
FI2E 3] % (learning_rate). BIE N LSTM S HIE RV L RERW T REZEME o808 32, 512], [HFERN
32; BEREED KON, 24], TEIREA 15 YIZRES SRR B RE A ER IR 2" AR UG B, Hor n oh 2~85 YIIZREE IR
N 10~2000, [k 105 21375 0.000001~0.01, [AIFEY 0.000001; ESEHAALH HiRRECN MSE, & 4453
FFRHI LSTM BAGE 505 e 45 Rk 2 fox, HAhBRME V2L — LSTM AR A2 HUE .

Table 2. Hyperparameters of LSTM model
= 2. LSTM iREBSH

BT 4 NN E IMF1 IMF2 IMF3 IMF4 IMF5 IMF6 IMF7 IMF8
I 0 J2 T 64 192 288 416 192 256 288 320 384
INIETp S 1 21 10 6 8 7 4 5 15
INGRALIRFEAE 4 64 64 32 128 64 16 64 32
LR IR 100 940 640 620 620 740 880 840 880
)R 0.001 0.00144  0.009663 0.001215  0.00104  0.00044  0.00013  0.000453  0.000368

33. B£R5Tie

T VMD-TPE-LSTM HEA & FVL/K FE#EAT A AR I o 4 [H1 48 1E VMD-TPE-LSTM A5 1) i 24 2R,
A BE KRG B TPE A0 5% VMD AL IR AT LSTM A8, ¥it 3 4L JEA R AD 1 LRy . © {3
KL TS HMALE] VMD-PSO-LSTM #:8!; @ i A IBLAS 73R (1) EMD-TPE-LSTM #%; ®) #44 TPE &
AR VMD TRALEE (1) BEALAR MR AE L (VMD-TPE-RF); @ H—[1) LSTM FE8 . S HESE L R SRR v A 20 [] ) g 47
BT, LA 2 55 48 7 45 L 6 TSR M BTk K/ o X B AR VK B A AR S R s SR 6
7, 5 A TR G 56 SO0 000 9 2 R S A R S B ) 7 B, 6 B AR B VAR PR AR 4 SR AR 3 BR .

MIE 6 AT LAE i, VMD-TPE-LSTM R UERA TN 1 & B VLK Bk e, fetextm. . (A=
SEHUA I TR o BB AN, B B 7 T4, VMD-TPE-LSTM R Fi 45 5 LE HoAt 4 FBe A g8 230 » = x [9] )£k,
JEHE R R TN, U A ST TR H AR A A VAR TR AR T AR A B R AR . Bk 3 R,
VMD-TPE-LSTM B} & VLK PE I H A2 T 25 SR i) NSE 5% 1 0.91, ri&%] 1 0.95, H MAE 1 RMSE
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Figure 6. The prediction results of monthly runoff for each model during the testing period
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Figure 7. The scatter plot of monthly runoff prediction for each
model during the testing period
7. BRBFERIHIN B ER TN A S E
Table 3. The evaluation indicators of each model for monthly runoff prediction results during the test period
= 3. ZRAVERIEHR B R RIUNE RN farr
FEAY NSE r MAE RMSE (m’/s)
LSTM 0.50 0.72 373 582
VMD-PSO-LSTM 0.89 0.95 191 265
EMD-TPE-LSTM 0.72 0.83 314 454
VMD-TPE-RF 0.87 0.94 201 283
VMD-TPE-LSTM 0.91 0.95 180 251
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Figure 8. Improvement rate of the VMD-TPE-LSTM compared to each model
in four evaluation indicators

[& 8. VMD-TPE-LSTM #&&! 5 & & 2R L 78 0 MEN Fe iR ot 2=

¥ VMD-TPE-LSTM #5815 4 AMERIFEAT /0 #T LR, VMD-TPE-LSTM LAY AH ST T 54518 g itk 2 il 8
fin. HEA%, 5 LSTM. VMD-PSO-LSTM. EMD-TPE-LSTM #ll VMD-TPE-RF #tt, VMD-TPE-LSTM ##
AU &N TR AR RO LU ALE Frikdt, NSE 205l 17 82%- 2% 26% 1 3%; r 73325 1 32% 0% 15%
F1 1%; MAE 351 F1K T 52%- 6% 43%F1 10%; RMSE 5K T 57%- 5% 45%F1 11%. 1E 3 ASXf Bk A
X, VMD-TPE-LSTM # %! %} T- EMD-TPE-LSTM #% 8 ) otk % & =y, H kK& VMD-TPE-RF % 2
VMD-PSO-LSTM A58, 35 BHTE AR 0 TGS 284 >4 w428 I8 900 Ak B2 4 A Xof A 28 0l 205 R P40 5 M K T v ASE B AT L3
SR E . 3@ VMD T4 BRI 4 A5 2 B G B P AR TR 18] 7 A1 (D AR ARAAE,  [RIRS SR FHHEZ o e 77
UKL, S T e 5053 il vP AR AE RS TR B A 75 1R 1)/, 93D 1 1 e B T 285 SR B = A i R AR R 22, itk —
ARTE TR T MRS . Al SR SRR A FR RS R, SR A S R R AR R R 2R 1 i
77, AE— 8RR M REHR o B2 T 4 B

ZELATRD, ARSCHEH ARG AR RS A AR TAC B 5 70 BU R AL S DA R K A IR I M R L A R B
BUTHISE M, 5 HAD 4 ANBAIBE T XL, iZAERSE NSE. .« MAE Fl RMSE $BUS T R 254 4 T
rdgbr, SR IETLEAHF, 48 ~N: VMD-TPE-LSTM > VMD-PSO-LSTM > VMD-TPE-RF >
EMD-TPE-LSTM > LSTM. FHIEAT UL, ZEAR IR P00 A FRAL B EE AR | S AR AATL B RIS A 2 5000 A X6 T A5 A T
PEREIE T A AR H AR . Kl RS TRV PN R A Gy, X 7 S A% U 25 3047 Tl Ak B 2 £ 7 ot &5 S
MEE I, HAE—e s R m T IR A SR SER A (H R AE I T R R0 S E e 4 50k
X TR B () M RE AT BT 327

4. &g

b mE K BE KA H N EEAR PRI AR, 2 T VMD-TPE-LSTM A& W TR, 38 H TR BT
WUEARLKEA NFERETN, B3 F55E:
1) ASCHI FHHES I R A 2 AR BAS A f vh B A RS2 B RN R T 5 0 i i AR AR TR B N
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2) AWE T AN B S5 4 VMD-TPE-LSTM BRI BT X L4304, 45 5 28 W6 A2 VR TR oh 42 07
AOFRFA | BRI RUE R S 00T A2 T M e 3 T B AN B LR, PERRAR T STk T TR >
SEAERIR > BRI

3) ASCHEH ) VMD-TPE-LSTM HEAUTE H 230 T P /s H R AT 1 ORGP Az Ak Re 70, TR X I AE IR
HHERAS, &R O S H R TR AL, AT UK SR ) A B B A A I AT PR AU E B 5% .

B
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