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Introduction

Precipitation is one of the most important components of water cycle. Accurate precipitation measurement is
essential for flood forecasting and control, drought analysis, runoff modeling, sediment control and management,
watershed management, agricultural irrigation planning, and water quality studies. Determining the correct amount
of precipitation in cities and rural areas is also important for managing floods. The precipitation process is
completely non-linear and involves randomness in terms of time and space. Therefore, it is not easy to explain that
with simple linear models due to various climatic factors and may contain major errors. Therefore, various methods
and models have been proposed to evaluate, and predict precipitation. This study aimed to estimate the daily
precipitation of Tabriz based on hybridized tree-based and Bagging methods by using neighboring stations.

Materials and Methods

In the present study, the rainfall data of adjacent stations in Urmia lake basin (Sahand, Sarab, Urmia, Maragheh
and Mahabad) were employed in 1986-2021 to estimate the daily rainfall in Tabriz. About 70% of data were
considered for calibration and 30% of data were applied for validation. Using the correlation matrix and Relief
algorithm, various input components were identified. Modeling was performed using tree-based data mining
methods including M5P, RT and REPT and Bagging method. The daily precipitations of Tabriz was decomposed
into their components by seasonal-trend analysis method. Its components, including trend, seasonal and residual,
were used in different input scenarios to investigate the effect of these components on improving the modeling
results. To evaluate the modeling performance, the indices of correlation coefficient, Root Mean Square Error,
Nash-Sutcliffe Efficiency and modified Wilmot coefficient were applied.

Results and Discussion

RT and REPT methods increased the accuracy of the model and decreased its error when they were used as the
basic algorithm of the Bagging method. This was not the case with the M5P method, as the results were slightly
weaker. It was also observed that Tabriz rainfall is largely influenced by Sahand rainfall, as the most models gave
reliable estimates by using the rainfall data for Sahand station. This can be explained by the high correlation
between Tabriz rainfall and Sahand. The results showed that the first scenario (Sahand) for M5P, RT, REPT and
B-M5P method, the fifth scenario (Sahand, Sarab, Urmia, Maragheh and Mahabad) for the B-RT method, and the
fourth scenario (Sahand, Sarab, Urmia and Mahabad) for the B-REPT method were the best scenarios. The best
performance was found for the scenario 1 of the M5P decision tree model, followed by the Bagging method with
the M5P base algorithm. In general, it was concluded that application of the Bagging method produced reliable
results. Modeling without considering the decomposition components was compared with modeling with
decomposition components. Adding seasonal, trend and residual components to the modeling input combinations
significantly improved the accuracy of the results. Application of Bagging method in most cases also increased
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the modeling accuracy. The first scenario (Sahand and residual) for M5P and B-M5P methods, the tenth scenario
(residual, trend, seasonal, Sahand and Sarab) for RT, REPT and B-REPT methods, and the eighth scenario
(residual, trend and Sahand) for B-RT method were selected as the best scenarios. As a result, among the stations,
Sahand, due to proximity and high correlation, and Sarab, due to greater correlation, had a great impact on
precipitation in Tabriz. In general, the Bagging method with the basic M5P algorithm (B-M5P) was best suited in
the first scenario. Thus, adding precipitation analysis components and using the Bagging method improve the
modeling results with tree-based data mining methods.

Conclusion

Our results showed that Bagging method provided acceptable results in most cases. In the first case, the first
scenario of M5P method including Sahand precipitation data was selected as the superior method and scenario. As
a result, Sahand was the most effective station in estimating Tabriz rainfall with the highest correlation and the
shortest distance from Tabriz. In the second case, with the decomposition components, the accuracy of the results
increased significantly. The Bagging method with the basic M5P algorithm, the parameters of Sahand precipitation
and the residual of Tabriz precipitation was considered as the best modeling algorithm. It can be concluded that
using Bagging method and decomposition components with the closest station to the studied station results in the
highest accuracy. Therefore, Bagging models with tree-based algorithm can be considered as simple and widely
used methods.
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Table 1- Statistical characteristics of precipitation data and geographical location of selected stations in the statistical period
of 36 years (1986-2021)
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Figure 1- Location of the studied stations along with the correlation and distance between the target and other stations

W9y shad 4525 gailge wiy yoRI (38,5 J 53 (g o )3 b3 (g1 il g g e QBRI (S yig, -T Jgua
Table 2- Scenario Selection Methods and Involved Parameters without Seasonal-Process Analysis Components
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Table 3- Scenario selection methods and parameters involved in it considering the components of seasonal-trend analysis
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Figure 3- Tabriz daily rainfall time series diagram with its components
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Table 4- Evaluation criteria for tree-based and bagging methods based on defined Scenarios without seasonal analysis
components - trend

(Method) (g,
Scenario M5P RT REPT
R RMSE NS Dr MAE R RMSE NS Dr MAE R RMSE NS Dr MAE
1 0.85 1.54 069 079 058 0.75 1.82 056 075 063 0.80 1.70 0.62 0.78 0.59
2 0.84 1.56 068 079 057 0.63 2.23 035 069 070 0.78 1.75 059 080 0.56
3 0.83 1.58 0.67 080 055 0.60 2.34 028 069 070 0.77 1.77 059 079 057
4 0.82 1.59 0.67 079 057 0.65 2.16 039 072 067 0.78 1.72 061 080 0.56
5 0.82 1.60 066 079 057 0.69 2.07 044 071 068 0.78 1.72 061 080 0.56
6 0.83 1.58 0.67 079 057 0.64 2.20 036 070 068 0.78 1.74 0.60 080 0.55
Scenario B-M5P B-RT B-REPT
R RMSE NS Dr MAE R RMSE NS Dr MAE R RMSE NS Dr MAE
1 0.85 1.55 068 078 058 0.76 1.81 057 075 063 081 1.67 0.63 0.77 059
2 0.84 1.57 068 078 058 0.71 1.95 050 074 064 0.79 1.72 061 0.79 057
3 0.83 1.60 066 078 059 0.75 1.82 056 079 058 0.80 1.68 063 081 054
4 0.83 1.58 0.67 079 057 0.78 1.73 061 080 055 0.81 1.64 0.64 082 0.53
5 0.80 1.67 0.63 058 058 0.79 1.68 063 081 055 081 1.65 0.64 082 0.53
6 0.83 157 0.67 079 057 0.78 1.72 061 080 056 0.80 1.67 063 081 054
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Figure 4- Radar diagram of correlation coefficient for the studied methods
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Figure 5- Taylor diagram of top scenarios before analysis
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Table 5- Evaluation criteria for tree-based methods and bagging methods based on defined Scenarios considering seasonal
analysis components — trend

(Method) 9,
Scenario M5P RT REPT

R RMSE NS Dr MAE R RMSE NS Dr MAE R RMSE NS Dr MAE
1 0.97 0.72 093 098 016 095 0.89 090 097 022 0.89 1.25 079 0.97
2 0.97 0.72 093 098 016 095 0.90 089 097 022 094 092 089 098 0.20
3 0.97 0.72 093 098 016 095 0091 089 097 021 094 0091 0.89 098 0.20
4 0.97 0.71 093 098 016 095 0.90 089 097 022 094 092 0.89 098 0.20
5 0.97 0.71 093 098 016 094 0.96 088 097 022 094 0091 089 098 0.20
6 0.96 0.75 093 099 011 095 0.88 090 098 018 095 0.89 090 099 015
7 0.96 0.74 093 100 008 095 0.86 090 098 016 095 0.89 090 099 014
8 0.96 0.80 092 098 017 094 092 089 097 022 094 092 089 097 020
9 0.96 0.80 092 098 016 095 0.89 090 097 021 094 092 089 097 020
10 0.96 0.74 093 100 008 095 0.85 091 098 016 095 0.89 090 099 0.14
11 0.96 0.74 093 100 008 094 095 088 098 017 095 0.89 090 099 014
12 0.96 0.74 093 100 008 095 0.92 089 098 018 0.95 0.89 090 099 0.14

Scenario B-M5P B-RT B-REPT

R RMSE NS Dr MAE R RMSE NS Dr MAE R RMSE NS Dr MAE
1 0.98 0.61 095 098 016 095 0.88 090 097 020 0.95 0.90 089 098 0.19
2 094 093 089 098 017 095 0.86 090 098 019 095 0.89 089 098 0.19
3 094 093 089 098 017 095 0.87 090 098 019 095 0.90 089 098 0.19
4 095 0.88 090 098 017 095 0.86 090 098 018 0.95 0.0 089 098 0.19
5 095 0.88 090 098 017 09 084 091 098 018 095 090 089 098 0.19
6 0.96 0.74 093 099 011 09 084 091 099 015 095 088 090 099 014
7 0.96 0.74 093 100 008 096 0.86 090 099 015 095 0.88 090 099 0.14
8 0.96 0.82 091 098 017 096 0.82 091 098 018 095 0.89 089 098 0.19
9 0.96 0.81 091 098 017 095 0.88 090 098 019 095 0.89 089 098 0.19
10 0.96 0.74 093 100 008 09 084 091 099 013 095 087 090 099 0.14
11 0.96 0.74 093 100 008 095 0.85 090 099 014 095 0.87 090 099 014
12 0.96 0.74 093 100 008 095 0.88 090 098 016 095 0.88 090 099 0.14
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Figure 6- Taylor diagram of top scenarios after analysis
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