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Rt | X T Bagging #= Boosting & 5% 5 3 Sk, M3 T FALARAR (RF) 4 E 4R+ 5 F At (GBDT) fn 2z
# AR AL LightGBM ) 3 A4 ik 2 ST AR @k & 12 MM (EN) fe & 55 5 (VMD) |, # 5 VMD-
EN-RF ,VMD-EN-GBDT #= VMD-EN-LightGBM 3E -F#44 A 12 % 48 & FRRAZ AL | 5+ VA 3 7T iR 3R 52 il A
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TRERS, AHEEZBIRIT 15% ~20% , ¥ 75 %% ZEILT 30% ~40% ; 35 T Boosting % %,
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Non-stationary monthly runoff forecast based on ensemble learning model // KANG Yan'?>, CHENG Xiao'*, CHEN
Peiru'?, XIANG Yue'?, ZHANG Fanggin'?, SONG Songbai'? (1. School of Water Resource and Architectural
Engineering, Northwest A&F University, Yangling 712100, China; 2. Key Laboratory of Agricultural Soil and Water
Engineering in Arid and Semiarid Areas, Ministry of Education, Northwest A&F University, Yangling 712100, China)
Abstract: In view of the increasing non-stationary of monthly runoff series under changing environment, the limitation of
ordinary learning of traditional runoff forecasting models, and the accurate runoff forecasting is facing new challenges, the
research on forecasting consistent with the changing characteristics of the runoff series has been carried out. Based on
Bagging and Boosting integrated learning algorithms, three integrated learning models, namely random forest ( RF),
gradient boosting decision tree (GBDT) and light gradient boosting machine ( LightGBM) , are constructed. Integrated with
elastic net (EN) and variational mode decomposition (VMD) , combined forecasting models of VMD-EN-RF, VMD-EN-
GBDT and VMD-EN-LightGBM non-stationary monthly runoff are established. The measured monthly runoff of the Yellow
River Basin is taken as the research object to evaluate the uncertainty of the forecasting results. The results show that the
single ensemble learning model can provide reliable forecasting results and is suitable for complex monthly runoff
forecasting. The prediction performance of the integrated learning model integrating VMD and EN is significantly improved
compared with the single integrated learning model. The Nash efficiency coefficient is increased by 15% ~20% , and the
root mean square error is reduced by 30% ~40% . The ensemble learning model built based on Boosting is better than that
built based on Bagging. Among them, the prediction effect of VMD-EN-LightGBM within 3-month forecast period is better
than that of VMD-EN-RF and VMD-EN-GBDT, and the coverage rate is higher than 90% in the 90% confidence interval,
showing good performance.
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BB B A0 [m] U i /) 28 o AT 46 0 8 1 Rk
(least absolutely shrinkage and selection operator,
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WRUR I, >R Box-Cox A8 0K 477 316 7 412 R+
(FHRAFT 1 ~12 HBEHAHRR 2, 2,50 v %, )
Bl Ry 1E S 53 A 1A =Nl iR K F o«
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Fig.1 Box-Cox transformation of predictors at Lanzhou

hydrological station
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Table 1 Optimal parameter values of RF and GBDT models

IK 3k A n_estimators max_depth random_state

o RF 110 7 2

22 P G
GBDT 100 3 6
RF 80 8 4

S
REBI oy 70 2 3
RF 150 13 7

AR
LR S 50 3 8
RF 110 8 10

ook
(R 50 3 1

%2 LightGBM R RN S EHEE
Table 2 Optimal parameter values of LightGBM model

k3T n_estimators max_depth C“t;‘:::"— reg_lambda learning_rate
2235 140.00 2.00 0.80 0.60 0.05
S B 90.00 1.00 0.93 1.00 0.10
Jerls - 80.00 8.00 0.95 0.90 0.06
EATEE 90,00 4.00 0.96 0.40 0.04

H ¢ 3 11 UL, 4 K SCub ) NSE AMIKT 0. 620,
RMSE AT 6.300 12 m* ,RF F1 GBDT 5 iy Fii 4Rk
RORMEAE T LightGBM BEAY B Ak, 3 AN 4E il 2F
SRR ARG BE W AT, AR RS ST R 2 ) 2502
PR, DL A W 2 0 T 4 5w

*3 KMIWHAR—ERFIEEARRBRRIERN
Table 3 Evaluation on effect of monthly runoff
prediction of single ensemble learning models

during verification period

NSE RMSE/{Z m®
BERL ey St er) mR S ki kI R
W W W W B W W
RF 0.627 0.824 0.805 0.793 6.290 3.536 3.825 5.107
GBDT  0.710 0.803 0.794 0.804 5.540 3.750 3.934 4.967
LightGBM 0.700 0.758 0.797 0.794 5.636 4.150 3.908 5.098

PEZ (8] A BRI OC 22 28 IR ARPIR 25 4 B ARARS F 49 25
FG3 SCALR, WA Sk EL A A B s 3 Al 2 2k ) R 1) i
3100 IR I A TR AR B B A A,
Bagging By, Boosting SRR RS SRR R ,
A LAAS B B AR R A A R B 25 SR B0 IE T 4 i
R 4% B Y W BRAR U A S
2.3 BiE EN MUERZFESER

EN VA Wi 7 1 A T o, AT AT Y3
AR 10 P28 EGUERG 2 SEURBUE . b
Gl [ 5 B R A P T, o, A BRUEYE LN
(0.5, 1) X FHIER o, , 5T MSE M A7,
HUMSE /NS A VB o XTRZAS AT, EN 454
SR HBUEINER 4 FR

%4 ENWSHEE

Table 4 Parameter values of EN

IR SC @, Ao
Eb 0.5000 0.0004
S TE 0.5000 0.0007
yARE 0.5000 0.0002
[ELEEL) 0.5000 0.0004

T R 0 48 Z B0 A AR AL B an 1 3
JIR, A FEAr KA, 4 A K0 A «, Bk,
HABTIR A F 29 SRR, DA «, , XF WHR AR A0 5
MR 2, —FAHDCHE R s BlE A AU/ A8 ) R AR
55, AR 0 1Y R AR | 5 PR A A O Y
TR Rk e B, A MSE #ER], A7 = A, B
FECR N 0 I TR PR T A S T304 DR 7, 85 G 73
PR T A SR 2 I BT A B AR, MG EN
(1) 27 > AR A G 56 10 ) 78 T TR SR PE dn
5 s

H2 S ATUL, Al A EN A9 48 B 2% ) 1580 1) 42 3
TR AR A o — A A2 ) AR TR T, B AR
& ,EN-RF # RF NSE #2751 29 1.52% ,RMSE [#1I%
T#50.29% ; EN-GBDT %& GBDT, NSE #% &5 7 24
1.25% ,RMSE [%fX T 2 1. 52% ; EN-LightGBM %%
LightGBM ,NSE #2757 £ 3. 19% , RMSE &Ik T £
5.19% , 2 WAAG %50 A AT DA v S 0 A 3 40RS
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Fig.3 Variation track of compressibility coefficient of predictors with A’
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Table 5 Evaluation on effect of monthly runoff prediction of ensemble learning models integrated with EN

during verification period

NSE RMSE/{Z m®
T
)b DS Er yARE fR 3k 22 3k Sk 430 yARE SR
EN-RF 0.680 0.794 0.807 0.801 5.825 3.536 3.811 5.015
EN-GBDT 0.746 0. 800 0.818 0.782 5.190 3.750 3.701 5.241
EN-LightGBM 0.718 0.819 0.802 0. 806 5.467 4.150 3. 860 4.949

A EN ZfE, 2T Boosting AL AR R A S BRRAR,
THT Bagging A AR WAF S BERY, 2= Ml | ki
Pty e 1) sl A A Sk Y A LA R 3 ) EN-
GBDT ,EN-LightGBM ,EN-GBDT FI EN-LightGBM ,

Y AT DL EN 32 TR 51 1) 04T DR A 00 Ml A
TR A B RS P TR U A A A B 1 O
TR R PR AR B A AR R B, EN SR L1 AN
L2 BRAAEST, 76 O 21 2800 1 TRl B, T DASA 3 6
i 1B DB TR PR 1 B 982 T4 w8 T8 G R X
BT, A Bl T2 e AR B2y > B () T B
A3 TR R 1 AT DS R 4 5 I st 4
AR, 38 0] LA AR MR R i R @l A EN
(AR 2 SRR ARAT T B — B Wi S BT 4 Y
FRACR
2.4 FRA VMD #1 EN B F SR

FIFH VMD J3fifpoe 25 7K S 8 S0 A8 231 by
AR TS, VMD S EEETTN T o &K
BMEK WS e MEE AR« Hh e E
M K, Kid/haSB8URRFnERE LR, K it
KA R 7 5106 5 A [ A 4 % Ry 4R A5 31
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1 K {8, @2 e n) EMD 53 7 500 E K Bl 8,
HAZ B AE . VMD 245 3 i 5 1 ¢ 51
) B AR IR 2R FHEN 9600 5, 5 % B LR [
AR P AR A5 L A5 SRR TR A 5 1 A 4%
MRS R, B4 VMD F1 EN {4 8 2 > #5580 7
o 45 100 ) H A2 I TR OCRIE M in 3k 6

& 6 Al WL, 5 K 40 i 5 R A T, il &
VMD 8 27 2 BRS04 T A i 2 10 T4 51
OBRIVEREE TN RRE B B4R FH, 5 EN-RF A
kv, VMD-EN-RF [ NSE #2 & T 29 16. 78% , RMSE
B T 29 30. 77% ; 5 EN-GBDT #H L, VMD-EN-
GBDT () NSE #&5 T % 14. 16% , RMSE [£1k T %
29.90% ;5 EN-LightGBM #H Lt , VMD-EN-LightGBM
i) NSE & & T % 15. 97% , RMSE [& ik T 4
33.80% ., AR 2 B NG 3 55 1 £ H %
TR AR B A R 7S Y T R A A AN g 7 o U AR
Ak i 24T SR AR B AE e S e
BHE o3 B AR 3 — ] 5 i e A & O T B
YEF, BRI BR AR I 7 41 rh A MR 75 43 B O[] A3
)T 51, AR 8 AR BRI 4R A2 U T 4 v S R Y
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Table 6

Evaluation on effect of monthly runoff prediction of ensemble learning models integrated with VMD

and EN during verification period

T A/ _— NSE RMSE/{Z m®

) - 2ZgMuh SKIEBIEE JerIwh mkEE 22HEh SKEBIEE el f=YEn

VMD-EN-RF 0.918 0.905 0.884 0.870 2.954 2.602 2.953 4.055

1 VMD-EN-GBDT 0.918 0.902 0.889 0.877 2.952 2.648 2.892 3.943

VMD-EN-LightGBM 0.928 0.913 0.905 0.889 2.757 2.495 2.669 3.743

VMD-EN-RF 0.898 0.885 0.880 0.839 3.282 2.865 3.007 4.500

2 VMD-EN-GBDT 0.900 0.881 0.880 0.852 3.255 2.915 3.007 4.310

VMD-EN-LightGBM 0.908 0.899 0.901 0.871 3.117 2.694 2.734 4.030
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Table 7 Error fluctuation intervals within 90 % confidence level
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Table 8 Prediction effect of probability interval during verification period of different hydrological stations
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