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ABSTRACT: Despite the various artificial neural networks that have been developed, most of the discharge models in
previous studies have been developed using deep neural networks. This study aimed to develop a discharge model using a
convolution neural network (CNN), which was used to solve classification problems. Furthermore, the applicability of CNN
was evaluated. The photographs (pictures or images) for input data to CNN could not clearly show the characteristics of the
study area as well as precipitation. Hence, the model employed in this study had to use numerical images. To solve the
problem, the CN of NRCS was used to generate images as input data for the model. The generated images showed a good
possibility of applicability as input data. Moreover, a new application of CN, which had been used only for discharge
prediction, was proposed in this study. As a result of CNN training, the model was trained and generalized stably. Comparison
between the actual and predicted values had an R? of 0.79, which was relatively high. The model showed good performance in
terms of the Pearson correlation coefficient (0.84), the Nash-Sutcliffe efficiency (NSE) (0.63), and the root mean square error
(24.54 m’/s).

KEYWORDS: Convolution neural network, Curve number, Deep learning, Discharge modeling, Linear function
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Fig. 1. Schematic of study area.
Table 1. Summary of study area
Land cover Water Urban Barren Pasture Forest Paddy Upland Total
Area (km?) 8.32 10.87 7.10 1.36 238.39 25.99 21.99 314.03
Percentage (%) 2.7 35 23 0.4 75.9 8.3 7.0 100.0
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Fig. 2. Schematic of image generation process using SCS method for input data.
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Fig. 3. Basic architecture of convolution neural network.
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Table 2. Annual number of recording, runoff and rainfall
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Fig. 5. Example of result of image generation for input data. (a) Land use map, (b) Generated image.
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Table 3. Summary of convolution neural network

7(2): 114125

Convolution layer Output shape (raw size, column size, image channel) Parameter (weighted value)
Conv2D_1 317, 478, 32 832
MaxPooling2_1 158, 239, 32 0
Conv2D_2 79, 120, 64 18496
MaxPooling2_2 39, 60, 64 0
Conv2D_3 39, 60, 128 73856
MaxPooling2_3 19, 30, 128 0
Conv2D_4 19, 30, 256 295168
MaxPooling2_4 9, 15, 256 0
Conv2D_5 9, 15, 512 1180160
MaxPooling2_5 4, 7, 512 0

Fully connected layer Output shape (number of node) Parameter (weighted value)
Flatten_1 14336 0
Dense_1 256 3670272
Dense_2 128 32896
Batch_normalization 128 512
Dense_3 1 129

Total params: 5,272,321

Trainable params: 5,272,065

Non-trainable params: 256
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2|25l darejsoe] o=l Ql=dl, RMSProp=
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2 Aol M= EATE Eq. 63 o] Hit AL
Z} (mean square error, MSE)E, 7152 2|43} &ka12]
Z2 RMSProp-g, 5% (learning rate)-20.0001 2,
5319 (epoch)= 5003] 2 A5 Ty E3E =Y
o] ZAYP=C R Eq. 79 o3t B 22} (mean
absolute error, MAE)E- ©]-&31th

_ 417 n N2

NSE=—%"_ (=) (Eq. 6)
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Fig. 6. Result of CNN training. (a) Loss and validation loss, (b) MAE and validation MAE.
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Fig. 7. Comparison between observed and estimated
values of runoff.

Table 4. Result of model evaluation

Contents r NSE RMSE (m®/s)

Runoff 0.84 0.63 24.54
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