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Adaptive bandwidth flood interval forecasting based on error-corrected hybrid model//KANG Yan'?, Al Huiru"?,
PENG Renjuan'?, HU Weihe'”*, WU Weiran'*, ZHANG Zishang'”*, YOU Yujun®( 1. Key Laboratory of Agricultural Soil
and Water Engineering in Arid and Semiarid Areas, Minisiry of Education, Northwest A&F University, Yangling 712100,
China; 2. College of Water Resources and Architectural Engineering, Northwest A&F University, Yangling 712100, China;
3. Hydrology and Water Resources Survey Center of Shaanxi Province, Xi’ an 710068, China)

Abstract; To address the issues of complex flood generation and concentration processes, sudden flood occurrence, and low
prediction accuracy of physical mechanism models in small watersheds, two kinds of hybrid methods, namely the error-
corrected hybrid models mainly based on physical mechanism models and the mechanism-guided hybrid model mainly based
on deep learning models were constructed by using the HYMOD, GR4]J, and LSTM models. The simulation performance of
different hybrid methods was explored, and the adaptive bandwidth kernel density estimation ( ABKDE) was also proposed
for flood interval forecasting with different lead times. With the typical small watershed of the Heihe River in Shaanxi
Province as an example, the flood forecasting performance of each model was evaluated. The results show that the single
models, including the HYMOD, GR4J, and LSTM models can provide reliable forecast results, and the deep learning
model LSTM is superior to the physical mechanism models HYMOD and GR4J, while the simulation performance of the
HYMOD model is more stable than that of the GR4J model. The hybrid models not only retain the interpretability of the
physical model, but also improve the accuracy of flood forecasting, with the Nash efficiency coefficient increasing by 3. 66%
to 70.51%, demonstrating a significant improvement in forecasting performance compared to the single models. The error-
corrected hybrid models have better forecasting performance than the mechanism-guided hybrid models, among which the
error-corrected hybrid model HYMOD-LSTM has the best forecasting effect. The prediction interval coverage probability of the
HYMOD-LSTM model at the 90% confidence level exceeds 92% , demonstrating excellent performance of the model. The
HYMOD-LSTM model can effectively reflect the uncertainty of the forecasted flood process, and the results of flood interval
forecasting based on ABKDE are reasonable and reliable, reflecting the good adaptive adjustment ability of ABKDE.

Key words: flood forecasting; error-corrected hybrid model; mechanism-guided hybrid model; adaptive bandwidth kernel

density estimation; the Heihe River Basin
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Fig.1 Framework of flood forecasting hybrid model
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Table 1 HYMOD model parameter calibration results

BB/ Cp/mm b, a R./d R/d
6 14.80 0.6l 0.51 0.08 0.48

12 2474 172 0.99 0.06 0.38

18 2240 1.64 0.99 0.06 0.33

ZHIEH 1~1200 0.1~2.0 0.30~0.99 0.05~0.100.20~0.99
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Fig.3 Rainstorm flood hydrographs during training and validation periods
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Table 2 GR4J model parameter calibration results

T/ h X,/mm X,/mm X;/mm X,/d
6 100 0.23 45.07 2.90
12 100 0.73 88.48 2.90
18 100 1.17 136. 53 2.90

SHGEHE 100~1200 -5~3 20~300 1.1~2.9

X, NPETOK R X, TR S 3 R 88 X, AL Bk
FENE X, AT ]
HYMOD H1 GR4J #&# B A 2 € iy ¥ 3 AL, H
HYMOD # A FE AL T GR4J LAY
P&l 4 FEL 5 537 by B — RS 18 6k 30 S 0 3 o AR
DL 12 1 e PR RO I, A Z 1], MNIET 4 AT LU
B ST A B AL R Y, HAE o TE
IR W= 1 BT 1 207 e B 13 = T T g VA
1 1LV X AT e R sk /b K b A, 3 30045

BRI XF 56 UF S0 L 04 7 1 1) R GE AR A . MR S AT LA
FH LI 6 h i LSTM A5 AU AR 400 37k 1 -5 Wi i)
it A G FR B g, A v O 2 N O AR R 22 e 1K 1
12h A1 18 h F UL 30 A 100 4 1k R B I, A8 4 2%
HYMOD F1 GR4J #5 5 £ AN [] ¥ UL 3 119 25 SR A Xf
LSTM HERIE AR RE . AT LA 458, 45 A5 70 AS [
T UL IR A ASAUL 25 S A A 2 5, LB A T L A S
TS BERE 2 T %, 3% 515 2P oe g SR AR 25
U5 DL AR I LSTM. A5 7Y [ AR 400 1 f A % e
HYMOD #il GR4J F AR R 4522
2.4 BEEBEENIER

My 3 0] WL, 5 B — B HE  mil A AR Y (1) NSE
PTFT 3.66% ~70. 51% , 753 T 15 = 09 TR S8R
BRI PEREA AN AR BE e Tt . R 2EME R G BRI
WPERE L T AL S| S b A B, HONSE #2357

A O S

R3 FAERBBOKTHRE RN IER

Table 3 Evaluation indexes of flood forecast results of different models during training and validation periods

K Bw o B VIS8 < iz
NSE cC RE/% RMSE/(m%/s) NSE cc RE/%  RMSE/(m’/s)

6 0.71 0.85 18.83 93. 84 0.65 0. 81 18.94 72.86
HYMOD 12 0.65 0.81 28.34 103.28 0.60 0.78 30.01 76.32
18 0.60 0.78 35.14 110.76 0.58 0.77 34.24 78.94
6 0.78 0. 88 14. 06 81.59 0.71 0. 84 17.08 65. 50
A GR4J 12 0.50 0.70 29.32 124.39 0.57 0.79 28.38 79.18
18 0.24 0.50 62.33 151.73 0.33 0. 66 50.22 99. 04
6 0. 80 0.90 13.35 78.59 0.79 0.91 16.74 55.92
LSTM 12 0.58 0.77 21.71 113.50 0.53 0.73 23.48 83.50
18 0.36 0. 66 64. 56 138.93 0.23 0.65 56.30 106. 17
6 0.86 0.93 16.26 64.85 0.82 0.91 17.98 29.07
HYMOD-LSTM 12 0.82 0.93 20. 05 72.95 0.79 0.90 22.30 33.83
JRERGE 18 0.80 0.90 33.29 77.69 0.78 0.89 24.27 33.17
[ & 6 0.80 0.91 18.37 78.59 0.70 0.85 18.35 31.35
GR4J-LSTM 12 0.87 0.94 15.24 63.88 0.86 0.93 19.42 23.94
18 0.94 0.97 15.06 42.88 0.88 0.97 20.38 35.28
6 0.79 0.89 16. 54 79.39 0.58 0.79 19. 40 78.15
LSTM-HYMOD 12 0.70 0. 84 19. 67 96. 15 0.61 0.79 26.72 75.78
pLEE| S 18 0.71 0.85 29.73 93.33 0.61 0.79 30.91 75.55
Al 6 0.79 0.89 18. 50 80. 70 0. 69 0.84 18.98 67.55
LSTM-GR4]J 12 0.78 0. 88 19.28 81.95 0.67 0.83 20. 14 69. 42
18 0.75 0.88 27.46 87.61 0.65 0. 87 29.94 71.41
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Fig. 4 Scatter plots of observed versus simulated streamflow for single models during validation period
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TEAMIETF 92% ,90% 17 X [0] 4 55 T 4 K 2500 52
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Table 4 Interval prediction evaluation indexes of
HYMOD-LSTM model

W/ h PICP/% PINAW CRPS/(m’/s)
6 93 0.15 0.27
12 93 0.15 0.27
18 92 0.21 0.29
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Fig. 6 Scatter plots of observed versus simulated streamflow for error-corrected hybrid model during validation period
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