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Article type: Precipitation forecasting is of great importance due to its impact on
Research Article agriculture, natural disaster management, and water supply. Therefore, in

this study, the monthly precipitation of the Telezang station from 1966 to
2020 was modeled using the Variable Mode Decomposition (VMD) and
Complete Ensemble Empirical Mode Decomposition (CEEMD) methods.
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and provided to the model. The findings of this research indicated that
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Additionally, a comparison of the results from the data preprocessing
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Figure 1. Location of the study area along Dez Basin

Table 1. The statistical specifications of the Talleh Zang Rain gauge station during the statistial period of 1966-2020

TimeScale  Minimum (mm)  Mean (mm)  Maximum (mm)  Standard Deviation (mm)  Coefficient of Variation (%)

October 0 8.1 87.0 17.9 21
November 0 85.86 3315 794 0.9
December 0 149.8 479.0 98.8 0.6
January 0 151.4 3785 94.7 0.6
February 0 157.3 4245 91.0 0.5
March 0 121.1 3795 90.7 0.7
April 0 110.7 3330 96.0 0.8
May 0 4.1 1925 45.9 1.0
June 0 1.36 27.0 44 3.2
July 0 0 0 0 0
August 0 1.0 49.0 6.5 6.5
September 0 0.7 245 35 45
Annual 0 831.8 1546.5 306.3 0.3
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Figure 2. Partial autocorrelation function (PACF) of precipitation at Talleh Zang rain gauge station
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Table 2. Scenario-based input parameter variations in the simulation framework

Scenario Row  Pattern Input pattern layout
1 SiM1 R, = f(Ri_1)
. R 2 SiM2 R; = f(Ri_1, Ri_2)
Time-lagged precipitation data (S1 ¢ -1 Te-2
gged precip <D 3 SM3 Re= f(Recs, Rec Roos)
4 Sim4 Ry =f(Riy, Rt 5, Ry3, Ry 4)
5 S2M1 R, = f(LPT,NLPT,R,_,)
. I . - 6 S2M2 R, = f(LPT,NLPT,R,_1,R;_5)
Time-lagged precipitation data with periodic terms (S2) 7 SOM3 R, = F(LPT,NLPT,R,_,, Ry—y, Rr_3)
8 S2M4 R, = f(LPT,NLPT,R,_1,Ri_»,Ry_3,Ri_s)
9 S3M1 R; = f(CEEMD(R,_,))
N . ) 10 S3M2 R, = f(CEEMD(R,_1,R;_5))
Precipitation data decomposion using the CEEMD method (S3) 1 S3M3 R, = f(CEEMD(R,_, R,—p, R.s))
12 S3M4 R, = f(CEEMD(R;_1,R;—5, Ri—3, Ri_4))
13 S4M1 R, = f(VMD(R,_,))
I . . 14 S4M2 R, = f(VMD(R,_1,R;_;))
Precipitation data decomposion using the VMD method (S4) 15 SAM3 R, = F(VMD(Rer, Rr—y, Ros))

16 S4M3 R, = f(VMD(R;_y, Ry 2, Ry 3, R;_4))
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Table 3. Results of RMSE, MAE, R and NS evaluation indices for the SVM model

Model Training phase Testing phase
Pattern  RMSE (mm)  MAE (mm) R NS Pattern  RMSE (mm)  MAE (mm) R NS
SiM1 79.61 57.75 054 029 SiM1 75.44 52.50 043 015
S1IM2 78.06 56.98 057 032 S1IM2 7431 52.93 045 0.8
SiM3 70.67 51.30 0.67 044 S1IM3 76.00 54.08 045 014
SVM S1IM4 70.94 49.53 0.66 044 SiM4 75.19 52.94 046 0.16
S2M1 65.33 4131 0.72 052 S2M1 68.06 4227 060 031
S2M2 63.89 40.10 0.74 054 S2M2 69.41 43.06 057 028
S2M3 62.74 39.09 0.75 056 S2M3 69.65 4335 057 028

S2M4 64.95 41.53 0.73 0.53 S2M4 69.27 44.03 057 0.29
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Figure 3. Box plot of observed and estimated rainfall obtained from the standalone SVM model with lag based and
periodic inputs
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Table 4. Results of RMSE, MAE, R and NS evaluation indices for the CEEMD-SVM model

Model Training phase Testing phase
Pattern  RMSE (mm)  MAE (mm) R NS Pattern  RMSE (mm)  MAE (mm) R NS
S3M1 58.98 40.24 0.78 061 S3M1 53.03 35.42 0.77 058
SVM S3M2 19.69 13.33 0.98 0.96 S3M2 46.03 2732 085 0.68
S3M3 22.58 15.45 097 094 S3M3 43.64 31.46 087 072

S3M4 22.81 15.65 097 094 S3M4 45.12 3231 0.86 0:70
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Figure 4. CEEMD-SVM model performance: Observed versus predicted values
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Figure 5. Frequency components obtained from VMD decomposition (levels 1-4)
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Table 5. Results of RMSE, MAE, R and NS evaluation indices for the VMD-SVM model

Model Training phase Testing phase
Pattern RMSE (mm) MAE (mm) R NS Pattern RMSE (mm) MAE (mm) R NS
S4M1 56.949 38.462 0.799 0.637 S4M1 51.034 34.952 0.783  0.612
SVM S4M2 11.605 8.112 0.993 0.985 S4M2 20.448 15.037 0930 0910
S4M3 7.892 5.545 0.997  0.993 S4M3 14.335 12.590 0.941 0.958
S4M4 5418 3.568 0.998  0.997 S4M4 9.404 8.858 0.968  0.966
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Figure 6. Observed versus modeled values: Scatter plot representation
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