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Abstract

Medium and long-term runoff forecast is of great significance to the optimal operation of reservoirs, de-
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velopment and utilization of water resources. Firstly, the gradient boosting decision tree (GBRT) and ex-
treme gradient boosting (XGBoost) based on boosting algorithm are selected. There is also random for-
est (RF) and extreme random tree (ET) based on bagging algorithm. These four algorithms are used as
forecasting models to forecast the average monthly inflow of the Jinping-1 Reservoir, and then the pre-
diction results are analyzed and compared. The results showed that the RF prediction was the worst, and
XGBoost was the best. Then, the three methods with better prediction effect are ET, XGBoost and GBRT as
primary learners, logistic regression as secondary learners, and stacking ensemble learning to predict.
The first mock exam results show that the prediction result of Stacking ensemble learning is better than
that of XGBoost with the best prediction result in a single model. The predicted value is closer to the
measured value, which provides a new idea for medium and long-term runoff forecast.

Keywords

Runoff Forecast, Ensemble Learning, Machine Learning, The Jinping-1 Reservoir

Copyright © 2021 by author(s) and Wuhan University.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 518

HR AR TR FE AR AT K SO AR SE B R, N BB G vk B 4 Bl DR S5 060 AR R ) — B i 1] (B
G 3 RULLE LRI MARREAT B[], I TARREREE e R R AR M R, 72 NS S U RAR
BAERRBERT, RISRARRE A TR L, SEULG T KIR R UR AR LR R DALEs 52 2
NFER B2 IR BORAEAR R R B W 2 2 1 990

PLEs 2 e — M N R, AT UM S sl 28 A HSdts b b EDORE TR, ] AR B2 47 4 K 8t F R A (B A
WAEBR R [2]. REHLE 52 ST R TR SCs,  SHRTHER PR A A E HEE M. W 2 ANSE[BTR AIREL
AR ICTER B T, I 2 SL LRI SR ) B U R e VLK FE T R AR IR R 7E, SRS R m, (AR
R ENZ R IR AKX [4]90 7R SVML GBDT. DNN X VAl itdsk i) 3 AR I AR AR It AT T, 78
AR SVM RIAAF, AR E, GBDT £iaRIKFiehf. YHmEE[5]5] A\ RF Al GBDT M2EAL
av o SV PR DR R R R — B (8] AR P S BEAT Tt 49 2P SR ARG FEARBL, T I 1 rp 3y
IEESIS TS

SRTMIAL GEN LA A I RRERR B LA i OB, RIS RAFAE B IR 22, DR T St OLAE
HEARAREEAR . Stacking £ SE > AT LOE I SIS 2] 4%, 3R R — 22 S SRR TN ACR , A 0 45 2R 5 4
ESRbRai R, BTk, AICK Stacking £ EUEARGI A BIBUA AL THLES 2 S AR R PR R th, - DU T itk
H5E— BOKEE AT TN B, TN B — JOKPE A N . H %, KM GBRT. XGBoost. RF. ET #EATTi
W, IS RAATGE3HT, PPU R FA TR . R B, 459G Stacking SEEESTELE, B
FETHTRINRCR,  FEx P25 RFEAT 7347 o

2. ARF=E
2.1. EF Boosting R —E %

Boosting 589, A&l AT LLRI SRS/ B 305 2] (i 22 ROWL A 7 ST Sk, L rp % S TN R 4 234 Ly
IEARA . Boosting 5VETARHLHIN: Se MHIIRIIZREE VISR — D EE2E 5188, FRARIE I 22 ST 88 IR BN FEA Sy

DOI: 10.12677/jwrr.2021.101005 45 TK YR 5T


https://doi.org/10.12677/jwrr.2021.101005
http://creativecommons.org/licenses/by/4.0/

He T LA AR 2T B A4 A R AT 7T

AREATIREE, SRR TR R ARG — 22048 WL E R T, HERMEREAERIRH

h 4

et ARG X e S B AT A4S 6] H BRI IR I 1 R .
il gk
% i
SEEe Y *'{:}
Xo Yo o
] R s
% Bl N
) , ,(:)
Xy V4 . .
Y . .
% i

I

Figure 1. Boosting algorithm description diagram
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Figure 2. Bagging algorithm description diagram
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Figure 3. Stacking algorithm description diagram
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Figure 4. Comparison of the fitted and measured values of the training set RF, ET, GBRT, XGBoost
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Table 1. Comparison

results of RF, ET, GBRT, XGBoost and measured values
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Figure 5. Comparison of the predicted and measured values of RF, ET, GBRT, and XGBoost
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Table 2. RF, ET, GBRT, XGBoost evaluation index results
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Figure 7. Comparison of the fitted and measured values of the training set XGBoost and Stacking integration
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Figure 8. Comparison of the predicted and measured values of XGBoostand Stacking integration
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