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Using a deep learning approach to estimate floods based on area
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Abstract

In recent years, due to drought in the country, the issue of managing existing water resources is extremely important, and this attention is
increasingly to the management of reservoirs and forecasting the volume of water in order to provide appropriate exploitation policies.
Proper forecasting of water flows and reservoir inventories leads to the use of control curves for the optimal use of dams and reservoir
systems. This issue is of great importance in our country, so with accurate forecasts and selection of appropriate policies, a good decision can
be made in the event of surface currents such as floods in the riverbed. In this paper, due to the importance of the subject, a model based on
deep learning and Mann-Kendall experimental test was used to estimate the flood rate in the Kan-Sulqan area. The results showed that the
monthly difference in regional flood prediction for convolution neural network (CNN1) was 0.00654 and for Men Kendall method was
0.19532. Also, the errors of 2MSE, 3RMSE, MAPE4 and MPES for the neural network were equal to 0.0019, 0.0439, 0.0239, and 0.0159,
respectively, which shows the high accuracy of this method in estimating the flood rate in the region.
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Figure 1. Flowchart of proposed study
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Table 1. The flow rate of the region on a monthly basis

Year Water Year Mehr Aban Azar Dey Bahman Esfand
1350 49 1.233 3.093 1.542 1.577 1.327 1.693
1351 50 0.095 0.24 2.068 1.182 0.876 3.526
1352 51 0.054 0.269 0.713 0.791 0.861 1.665
1353 52 0.319 228 2.742 1.477 3.116 8.882
1354 53 0.285 0.354 0.616 0.989 2222 7.134
1355 54 0.177 0.269 0.41 0.77 0.955 3.939
1356 55 0.094 0.242 0.398 0.954 1.184 1.559
1357 56 0.205 0.4 0.8 1.173 1.448 3.321
1358 57 0.3 0.56 0.7 0.817 1.316 5.151
1359 58 0.057 0.185 0.295 0.263 0.401 1.986
1360 59 0 0 0 0 1.403 4.259
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Table 2. Correlation results of different educational functions of neural network

Row Function Definition Correletaion
1 Trainlm Levenberg-Marquardt 0.9674
2 Trainbr Bayesian regularization 0.9041
3 Trainbfg BFGS quasi-Newton 0.74463
4 Traincgb Conjugate gradient backpropagation with Powell-Beale restarts 0.9406
5 Traincgp Conjugate gradient backpropagation with Polak-Ribiére updates 0.9247
6 Traingda Gradient descent with adaptive learning rate 0.9259
7 Traingdm Gradient descent with momentum 0.8530
8 Traingdx Gradient descent with momentum and adaptive learning rate 0.9201
9 Trainoss One-step secant 0.9204
10 Trainscg Scaled conjugate gradient 0.8542

Table 3. Investigation of different neural network architectures

Correlation ~ Performance Artichect
Neuron No.  Layer No.
0.9674 0.0018 10 10
0.9860 0.0015 20 10
0.9746 0.0021 10 20
0.9489 0.0037 15 15
0.9612 0.0033 5 5
0.8820 0.007 8 8
0.9786 0.0013 5 10
0.9080 0.007 10 5
0.8388 0.0083 8 12
0.9580 0.0030 15 10
0.9686 0.0019 25 9
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Figure 4. Neural network correlation diagram in flood estimation

Table 4. Actual and projected flow rate on a monthly basis using a deep neural network

Month Actual average flood flow rate (mm) Predicted average flood flow rate (mm)
Farvardin 9.558425 9.51023
Ordibehesht 7.3587 7.2256
Khordad 1.679225 1.6734
Tir 0.37505 0.3265
Mordad 0.194025 0.19233
Shahrivar 0.145475 0.14547
Mehr 0.173075 0.17254
Aban 1.1402 1.1454
Azar 1.310725 1.30365
Dey 1.2633 1.26745
Bahman 1.711375 1.70348
Esfand 4.4463375 4.42224
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Table S. Data summarization by Men Kendall method

Variable Observation Obs. with missing data Obs. without missing data Min. Max. Mean Std. deviation
1.233 39 0 39 0.000 0.562 0.146 0.156
3.093 39 0 39 0.000 10.408 1.090 2317
1.542 39 0 39 0.000 9.025 1.305 1.635
1.577 39 0 39 0.000 4.851 1.255 1.063
1.327 39 0 39 0.171 4.227 1.721 0.878
1.693 39 0 39 0372 9.899 4517 2.248
2.989 39 0 39 2.245 22379 9.727 4.618
2.574 39 0 39 0.836  26.096  7.481 4.934
1.099 39 0 39 0.132 9.791 1.694 1.652
0.599 39 0 39 0.010 1.967 0.369 0.419
0.273 39 0 39 0.000 0.855 0.192 0.211
0.125 39 0 39 0.000 0.799 0.146 0.177

d\};'_' B ol 43\)‘ (0) Jg.& B Ji’j) 35 A )\ oalaul
B 03 B 53 A Cand el 5 G L)
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Table 6. Actual and predicted flow rate on a monthly
basis using the Men-Kendall test

Actual average Predicted average

Month P- flood flow rate flood flow rate
Value

(mm) (mm)
Farvardin 0.36 9.558425 9.15268
Ordibehesht  0.651 7.3587 7.1758
Khordad 1 1.679225 1.46895
Tir 0.451 0.37505 0.3458
Mordad 0.451 0.194025 0.179859
Shahrivar 0.88 0.145475 0.12125
Mehr 0.291 0.173075 0.149386
Aban 0.451 1.1402 1.06349
Azar 0.651 1.310725 1.10298
Dey 0.291 1.2633 1.031284
Bahman 0.451 1.711375 1.49739
Esfand 0.76 4.4463375 4.003165
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Table 7. Comparison of prediction differences between neural network methods and Mann-Kendall test

Actual average Predicted average flood Difference Predicted average Difference
Month flood flow rate flow rate by deep neural from the actual flood flow rate by from the
(mm) network (mm) amount Menn-Kendal (mm) actual amount

Farvardin 9.558425 9.51023 0.04819 9.15268 0.40575
Ordibehesht 7.3587 7.2256 0.13310 7.1758 0.18290
Khordad 1.679225 1.6734 0.00582 1.46895 0.21028
Tir 0.37505 0.3265 0.04855 0.3458 0.02925
Mordad 0.194025 0.19233 0.00170 0.179859 0.01417
Shahrivar 0.145475 0.14547 0.00001 0.12125 0.02423
Mehr 0.173075 0.17254 0.00054 0.149386 0.02369
Aban 1.1402 1.1454 0.00520 1.06349 0.07671
Azar 1.310725 1.30365 0.00707 1.10298 0.20775
Dey 1.2633 1.26745 0.00415 1.031284 0.23202
Bahman 1.711375 1.70348 0.00789 1.49739 0.21399
Esfand 4.4463375 4.42224 0.02410 4.003165 0.44317
Month - - 0.00654 - 0.19532

Table 8. Evaluation of flood prediction performance using two methods of deep neural network and Men-Kendall test

Value
Deep Neural Network Menn-Kendal
MSE 0.0019 0.0491
RMSE 0.0439 0.2217
MAE 0.0239 0.1720
MPE 0.0159 0.1068

Table 9. Compare the accuracy of the proposed method and recent approaches

Accuracy (%) References Method
90.49 Kashani et al. (2016) MLP
89.93 Sadeghi and Wafakhah (2016) MLP
88.12 Sadeghi and Wafakhah (2016) SVM
91.26 Kan et al. (2018) DT
90.79 Kan et al. (2018) SVM
92.66 Kan et al. (2018) KNN
95.79 Wu et al. (2020) Deep Learning
85.63 Kim and Han (2020) Random Forest
98.26 Dudangeh et al. (2020) BT-GAM
97.02 Dudangeh et al. (2020) BT-MARS
91.18 Sankaranarayanan et al. (2020) Deep learning
85.87 Sankaranarayanan et al. (2020) SVM
87.01 Sankaranarayanan et al. (2020) Navie Baysian
85.73 Sankaranarayanan et al. (2020) KNN
90.2 El-Haddad et al. (2021) XGBoost
80.7 El-Haddad et al. (2021) KNN
98.97 Proposed Study Deep Learning
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Figure 5. Comparison of forecast value using the studied methods and the actual amount of flood
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