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Abstract

River flow is one of the most important components of the hydrological cycle, which depends on several climatic factors and its accurate estimation is
used in various fields of water resources management. Therefore, in the present study, random forest (RF) and support vector machine (SVM) models
were used to predict the monthly streamflow of the Maroon River in the period of 1981- 2017. One of the important steps in the application of
artificial intelligence models is the definition of input patterns and determining the effective variables in the modeling process. The Shannon entropy
method was used to select the most efficient inputs among precipitation, evaporation, and minimum, maximum, and average temperatures. The results
showed that the total weight of precipitation and evaporation was more than 85 percent. In the next step, three different structures were developed for
modeling. In the first case, climate-based patterns were defined that used meteorological data as input. In the second case, nonlinear periodicity was
added to the climate-based patterns, and in the third case, the climate-based input data were decomposed using five mother wavelet functions, and W-
RF and W-SVM hybrid models were created. The performance evaluation of the standalone RF and SVM models showed that by considering the
periodic term, the accuracy is somewhat increased compared to the climate-based inputs, but the analysis of the data with wavelet theory significantly
reduced the modeling error. In the meantime, the performance of the two models W-RF and W-SVM was very close to each other, but according to
the violin plot, the W-SVM model is suggested as the most suitable option for predicting the monthly streamflow of the Maroon River.

Keywords: Climate based patterns, Decomposition level, Periodic term, Weighting.
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Figure 1. Location of the study area along Maroon river basin

Table 1. Spatial and statistical characteristics of selected stations (1981 to 2017)

Row Variable Station Type of station

Coordinates (m)

Annual average

Longitude Latitude
1 Streamflow Idanak Hydrometric 445324 3423876 48.39 (m’/s)
2 Pa ghale Rain gauge 442670 3420521 599.20 (mm)
3 Dehno Climatology 485677 3427580 939.30 (mm)
4 Rainfall Dehdasht Rain gauge 458551 3409181 499.50 (mm)
5 Tasoj Rain gauge 507981 3394328 833.10 (mm)
6 Idanak Climatology 444282 3424207 614.16 (mm)
7 Evaporation 2780.50 (mm)
8 Tmin . 14.16 (°C)
9 Tmax Idanak Climatology 444282 3424207 32.03 (°C)
10 Tave 23.15 (°C)
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Figure 3. Shannon entropy results in determining the weight of climatic variables

Table 3. Input and output variables used to develop the climatic based and wavelet based models

Row Inputs structure Pattern Inputs Output
1 CBI1 R O
2 CB2 E O
i Climatic based patterns (CB) Sgi ;,Z‘;i 8:
5 CB5 Tmin )
6 CB6 R E [0}
7 PCBI1 R, PER )
8 PCB2 E, PER O
190 Periodic climatic based patterns (PCB) }[:ggi ;:1‘;?’ [;’1;;1;2 g:
11 PCB5 Tmin, PER O
12 PCB6 R, E, PER O
13 W(1)CB1 decomposed inputs level 1 O
14 W(2)CB1 decomposed inputs level 2 O
15 W(1)CB2 decomposed inputs level 1 O
16 W(2)CB2 decomposed inputs level 2 O
17 W(1)CB3 decomposed inputs level 1 O
18 Wavelet based patterns in decomposition W(2)CB3 decomposed inputs level 2 O
19 levels one (W1) and tow (W2) W(1)CB4 decomposed inputs level 1 O

20 W(2)CB4 decomposed inputs level 2 O
21 W(1)CB5 decomposed inputs level 1 O
22 W(2)CB5 decomposed inputs level 2 O
23 W(1)CB6 decomposed inputs level 1 O
24 W(2)CB6 decomposed inputs level 2 O,
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Table 4. Values of RMSE (m*/s), MAE (m*/s), and KGW statistics obtained from the periodic and non-periodic
standalone models

Model P Train Test
ode attern RMSE MAE KGW RMSE MAE KGE
CBI 43171 30.085 0492 30.485 23.507 0.509
CB2 54.490 38.160 0.191 34.971 28.138 0315
CB3 51.419 34.201 0.280 35.940 27.091 0.395
CB4 52.952 36.485 0236 32.058 23.880 0.413
CBS 50.928 35.050 0293 38.150 27.306 0.226
SuM CB6 39.130 27.669 0.583 34.858 25.042 0.426
PCBI 30.467 18.303 0.747 28.941 19.593 0.545
PCB2 42.156 25.415 0516 37.820 26.736 0.412
PCB3 44.478 26.378 0.461 35.042 25.985 0.450
PCB4 41.930 24.424 0.521 31.706 19.019 0.508
PCB5 42,515 25.820 0.508 37.775 26.600 0.351
PCB6 33.053 20.410 0.702 28.514 19.570 0.553
CBI 20.860 15.540 0.829 36.019 25.390 0412
CB2 27.431 17.612 0.598 53.673 36.146 0.145
CB3 33.396 19.243 0.607 47.900 32.807 0.253
CB4 35.709 21.391 0.580 48.668 33.084 0.110
CBS 38.389 24.411 0.545 45319 30.329 0.116
RF CB6 17.548 12.025 0.827 34.882 24.010 0.421
PCBI 15333 10.071 0875 35.206 22.713 0.452
PCB2 20.952 11.783 0.807 41.891 28.228 0.357
PCB3 26.660 14.484 0.742 46.730 29.350 0.279
PCB4 22.726 12.208 0.807 32.470 20.335 0.497
PCB5 73.366 51.967 0.025 35.847 23.928 0.393
PCB6 13.841 8.397 0.881 35.20 24.664 0.447
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Table 5. Values of RMSE (m%/s), MAE (m?/s), and KGE statistics obtained from the W-SVM hybrid model

Row Pattern* RMSE MAE KGE Row Pattern RMSE MAE KGE
1 W(haar)(1)CB1 32.668 24.720 0.466 31 W(haar)(1)CB4 32.056 22.756 0.394
2 W(haar)(2)CB1 28.291 20.209 0.519 32 W(haar)(2)CB4 33.289 26.430 0.148
3 W(db4)(1)CBI1 28.475 22.634 0.521 33 W(db4)(1)CB4 31.246 23.247 0.438
4 W(db4)(2)CB1 28.286 22.306 0.523 34 W(db4)(2)CB4 32.809 24.786 0.463
5 W(sym)(1)CB1 28.485 22.669 0.528 35 W(sym)(1)CB4 45.734 27.843 0.239
6 W(sym)(2)CB1 24.906 20.154 0.545 36 W(sym)(2)CB4 35.803 24.101 0414
7 W(coif)(1)CB1 29.863 22.678 0.513 37 W(coif)(1)CB4 30.335 23.049 0.441
8 W(coif)(2)CB1 28.331 22.066 0.527 38 W(coif)(2)CB4 33.910 26.225 0.437
9 W(FK)(1)CBI1 32.008 24.394 0.481 39 W(FK)(1)CB4 34.166 23.951 0.400
10 W(FK)(2)CB1 33.659 25.087 0.449 40 W(FK)(2)CB4 32.737 22.678 0.376
11 W(haar)(1)CB2 37.977 31.163 0.324 41 W(haar)(1)CB5 51.315 39.815 0.123
12 W(haar)(2)CB2 37.352 30.728 0.321 42 W(haar)(2)CB5 74.287 56.747 -0.129
13 W(db4)(1)CB2 35.565 26.963 0.393 43 W(db4)(1)CB5 39.345 30.224 0.232
14 W(db4)(2)CB2 34.775 26.963 0.461 44 W(db4)(2)CB5 37.453 28.649 0.281
15 W(sym)(1)CB2 38.555 27.781 0.367 45 W(sym)(1)CB5 40.096 29.218 0.211
16 W(sym)(2)CB2 33.799 24.885 0.470 46 W(sym)(2)CB5 42.619 30.309 0.241
17 W(coif)(1)CB2 38.145 28.806 0.394 47 W(coif)(1)CB5 42.224 34.653 0.278
18 W(coif)(2)CB2 34.732 27.487 0.460 48 W(coif)(2)CB5 38.049 29.947 0.316
19 W(FK)(1)CB2 35.784 29.414 0.318 49 W(FK)(1)CB5 39.371 30.756 0.315
20 W(FK)(2)CB2 33.932 25.815 0.459 50 W(EFK)(2)CB5 37.244 28.966 0.348
21 W(haar)(1)CB3 34.860 25.579 0417 51 W(haar)(1)CB6 33.595 25.931 0.435
22 W(haar)(2)CB3 33.596 25.297 0.446 52 W(haar)(2)CB6 30.163 22.688 0.492
23 W(db4)(1)CB3 34.730 26.320 0.375 53 W(db4)(1)CB6 33.673 24.153 0.439
24 W(db4)(2)CB3 32.421 25.195 0.459 54 W(db4)(2)CB6 22.183 16.903 0.667
25 W(sym)(1)CB3 32.557 25.693 0.408 55 W(sym)(1)CB6 37.095 24.919 0415
26 W(sym)(2)CB3 33.113 25.035 0.481 56 W(sym)(2)CB6 22.444 16.705 0419
27 W(coif)(1)CB3 35.217 26.938 0.375 57 W(coif)(1)CB6 34.580 24.532 0.440
28 W(coif)(2)CB3 33.783 26.388 0.438 58 W(coif)(2)CB6 24.363 18.563 0.516
29 W(FK)(1)CB3 34.358 26.038 0.437 59 W(FK)(1)CB6 33.799 25.149 0.436
30 W(FK)(2)CB3 36.153 26.106 0.439 60 W(FK)(2)CB6 30.953 22.761 0.514

Al e e ol S b JI S w e ch.w L CB1 581 slagas,s eings 25 (slaosls W(haar)(DCBI i ghas Jguor cpl o 3
Table 6. Values of RMSE (m3/s), MAE (m3/s), and KGE statistics obtained from the W-RF hybrid model

Row Pattern* RMSE MAE KGE Row Pattern RMSE MAE KGE
1 W(haar)(1)CBI1 36.885 26.742 0.353 31 W(haar)(1)CB4 32.896 23.787 0.333
2 W(haar)(2)CBI1 35.077 24.080 0.408 32 W(haar)(2)CB4 27.495 18.804 0.354
3 W(db4)(1)CB1 33.791 25.142 0.436 33 W(db4)(1)CB4 36.772 24.429 0.327
4 W(db4)(2)CB1 36.593 26.479 0413 34 W(db4)(2)CB4 38.152 25.970 0.380
5 W(sym)(1)CB1 35.959 23.053 0.418 35 W(sym)(1)CB4 43.585 29.030 0.251
6 W(sym)(2)CB1 25.821 19.038 0.453 36 W(sym)(2)CB4 40.268 25.038 0.323
7 W(coif)(1)CB1 35.115 25.575 0.393 37 W(coif)(1)CB4 41.297 28.929 0.285
8 W(coif)(2)CB1 34.087 24.224 0.449 38 W(coif)(2)CB4 37.930 26.800 0.367
9 W(FK)(1)CB1 41.440 27.492 0.309 39 W(FK)(1)CB4 34.060 22.703 0.379
10 W(FK)(2)CBI1 36.273 25.611 0.379 40 W(FK)(2)CB4 30.784 20.913 0.454
11 W(haar)(1)CB2 38.227 29.962 0.391 41 W(haar)(1)CB5 69.025 48.640 0.020
12 W(haar)(2)CB2 41.260 32.900 0.354 42 W(haar)(2)CB5 37.308 28.884 0.412
13 W(db4)(1)CB2 42.403 30.348 0.264 43 W(db4)(1)CB5 46.205 31.474 0.192
14 W(db4)(2)CB2 40.274 29.390 0.374 44 W(db4)(2)CB5 48.171 34.873 0.149
15 W(sym)(1)CB2 48.433 34,721 0.241 45 W(sym)(1)CB5 44,610 32.004 0.101
16 W(sym)(2)CB2 40.489 29.196 0.362 46 W(sym)(2)CB5 48.957 36.350 0.177
17 W(coif)(1)CB2 36.730 26.087 0.403 47 W(coif)(1)CBS5 44.892 30.148 0.171
18 W(coif)(2)CB2 39.269 29.333 0.392 48 W(coif)(2)CBS5 45919 32.402 0.196
19 W(FK)(1)CB2 41.492 30.128 0.327 49 W(FK)(1)CB5 52.064 38.308 0.156
20 W(FK)(2)CB2 34.979 26.632 0.427 50 W(FK)(2)CB5 49.339 41915 0.221
21 W(haar)(1)CB3 35.478 25.552 0.425 51 W(haar)(1)CB6 35.437 26.394 0.379
22 W(haar)(2)CB3 39.204 26.594 0.311 52 W(haar)(2)CB6 31.307 23.146 0.484
23 W(db4)(1)CB3 40.873 28.843 0.316 53 W(db4)(1)CB6 33.330 23.591 0.432
24 W(db4)(2)CB3 40.783 28.718 0.351 54 W(db4)(2)CB6 25.277 19.218 0.557
25 W(sym)(1)CB3 38.440 26.788 0.359 55 W(sym)(1)CB6 30.215 22.579 0.530
26 W(sym)(2)CB3 41.756 29.479 0.359 56 W(sym)(2)CB6 21.718 15.895 0.608
27 W(coif)(1)CB3 44951 33.062 0.237 57 W(coif)(1)CB6 32.280 22.887 0.476
28 W(coif)(2)CB3 39.321 27.260 0.387 58 W(coif)(2)CB6 25.093 19.801 0.582
29 W(FK)(1)CB3 40.753 28.746 0.296 59 W(FK)(1)CB6 36.577 26.327 0.374
30 W(FK)(2)CB3 37.966 28.499 0414 60 W(FK)(2)CB6 29.100 20.930 0.524
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Figure 4. Graphical and violin plots of standalone and hybrid models with optimal input patterns
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