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Abstract

The accuracy level of flood forecasting in arid and semi-arid areas of the middle Yellow River region is
generally not high, which is mainly due to the spatial and temporal variability of rainfall and the inten-
sive disturbances of large-scale soil and water conservation measures on the runoff production and
routing processes. With the development of modern statistical theory, intelligent machine learning algo-
rithms provide a new way for flood forecasting in this region. Taking the Qiushui River Basin on the left
bank of the middle reaches of the Yellow River as an example, the random forest algorithm was used to
establish the storm-flood forecasting model and simulate the rainfall-runoff during the flood season. The
results showed that when the calculation time step was 1 hour, the average value of the Nash-Sutcliffe
efficiency (NSE) of the Random Forest model was 0.47, and the qualified rate was 42% when NSE = 0.60
was measured. When the calculation time step was 0.5 hours, the average NSE value was 0.76, and the
corresponding qualified rate increased to 88%. Therefore, the accuracy of the input data was a main
factor affecting the model accuracy in this region. In addition, under different time steps conditions, the
performance of the Random Forest model is obviously better than that of the traditional multivariate
regression statistical model, indicating that the random forest model is suitable for flood process predic-
tion in the Qiushui River basin, and has a certain reference value for the flood warning in the Loess Pla-
teau in the middle reaches of the Yellow River.
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1. 5|8

BOK R FAAAE 220 NRBEAMIAE PR3 R K E M, ER™ H G 8, IR H AR 1 S i s K TR 1
BTHAEKRE . EIABFIENIABGEEEARNAKRT, SRR R Er — DR, Tk ES
FIRMRIR [ 1], EREW P Lm R TR R X, BWoRE R, i, ZRINHEB RN, TR
BOKFR MR KEES . IR K[2], WUMEREFMARE MM 2GR EfaE., —HUkK, T8
o S X K SR R 42 K SCRE I AERR, BRI R SENZ (3], A0 B s B IX, T IR R B H T
A, ARG K SCRBRY (V) B FH A7 SR TR e (4]0 T B4R, Bl A /KRS EE A8 1 B AT)RN AR 25 S0 I s v 1 4 it
T i X R T R R VAL, NELYEIL, B AR K R RER I, e R RS T K I R
SAF, IR I — SR AR A, 4R R I K TR SR BE R B BRAR(S] [6]. BEAE KB MEE (7] [8], i
BT Re . BRI HE . PR SIS R A T B R, AT A ) s s v R SRR B ) e R AR I DR SR O Rl
AKSCRREE, AT SRR SO R I TR B0, /K STk R At 1 B i@ 42 (9] [10] [11].
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Tt B A O BRI FEANE AN S AT 5[ 13] [14] [15]0 A SCI% 48 VAT rhilie o8 L v B IBOK RN SO B AL IX, #e) ik
TRENLARAR AT Bt K FRARAS R, TF R TR U K R, R0 A 70 ()5 )
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Figure 1. Model structure of Random Forests
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Figure 2. River network, rain gauges and hydrological station
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Figure 3. Model performance of Random Forests when time step = 1 hour
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Figure 4. Model performance of multiple regression model when time step = 1 hour
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Figure 5. Model performance of Random Forests when time step = 0.5 hour
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Figure 6. Model performance of multiple regression model when time step = 0.5 hour
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Table 1. Nash-Sutcliffe efficiency coefficient results of two models at different time steps.
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