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Combining soft Computing Model Based on Machine Learning
Algorithm and Principal Component Analysis for Precipitation
Forecasting

Laleh Parvizl

Abstract

The effect of precipitation changes on water resources, agricultural production reveals the need
for accurate methods for precipitation forecasting. In this research, one of the soft computing
methods was developed in order to forecast precipitation with the data reduction approach. Input
data of model was mean air temperature, dew point temperature, mean sea level pressure, mean
station pressure, mean relative humidity and mean wind speed at Tabriz, Ahar and Jolfa stations.
The method used in this study includes Epsilon and Nu support vector regression. In all studied
stations, the use of Nu support vector regression compared to Epsilon reduced the error so that
Ul values with Nu support vector regression in Tabriz, Ahar and Jolfa stations were decreased
19.19, 5.88 and 15.78%, respectively. The results indicate the limitation of using the data
reduction approach for data with KMO factor lower than 0.5, which included Tabriz and Ahar
stations. Principal component analysis in both types of support vector regression increased the
performance of the model so that in Jolfa station by using principal component analysis d values
of Epsilon and Nu support vector regression increased by 16.6 and 17.5%. Execution of Verimax
rotation in preprocessing of input data to regression was stronger than principal component
analysis. In this regard, RRMSE and RMSE values in Jolfa station using Epsilon support vector
regression were decreased 6.66 and 6.45%. Therefore, principal component analysis is a suitable
tool to improve the performance of soft computing methods by regarding the relevant constraints.

Keywords: Precipitation, support vector regression, KMO factor, principal component
analysis.
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December.13.2020 | reveals the need for accurate methods for precipitation forecasting. In this
Available online: | rasearch, one of the soft computing methods was developed in order to forecast
March.13.2022 precipitation with the data reduction approach. Input data of model was mean
air temperature, dew point temperature, mean sea level pressure, mean station
pressure, mean relative humidity and mean wind speed at Tabriz, Ahar and
Jolfa stations. The method used in this study includes Epsilon and Nu support

Keywords: vector regression. In all studied stations, the use of Nu support vector regression
Precipitation, compared to Epsilon reduced the error so that Ull values with Nu support vector
support vector | regression in Tabriz, Ahar and Jolfa stations were decreased 19.19, 5.88 and
regression, 15.78%, respectively. The results indicate the limitation of using the data
KMO factor, reduction approach for data with KMO factor lower than 0.5, which included
principal Tabriz and Ahar stations. Principal component analysis in both types of support
component vector regression increased the performance of the model so that in Jolfa station
analysis. by using principal component analysis d values of Epsilon and Nu support

vector regression increased by 16.6 and 17.5%. Execution of Verimax rotation
in preprocessing of input data to regression was stronger than principal
component analysis. In this regard, RRMSE and RMSE values in Jolfa station
using Epsilon support vector regression were decreased 6.66 and 6.45%.
Therefore, principal component analysis is a suitable tool to improve the
performance of soft computing methods by regarding the relevant constraints.

1.  Introduction

Precipitation is one of the important components of the hydrological cycle with temporal and spatial
variation. Precipitation forecasting is very complex due to dependency of that on many parameters such
as temperature, humidity and wind speed. In fact, the different variation of precipitation makes its
forecasting difficult. In recent years, the soft computing models have been significantly used for
precipitation forecasting. Due to the high efficiency of soft computing models for precipitation
forecasting, an attempt is made to develop the expressed models. One aspect of development is the use
of principle component analysis in reducing the number of input data. The aim of this study is to develop
one of the soft computing models for precipitation forecasting. For this purpose, the Nu and Epsilon
support vector regression were investigated. The effect of rotation on the efficiency of principal
component analysis and finally on the performance of two types of support vector

regression was also studied.

2. Materials and Methods
The stations of this research are Ahar, Tabriz and Jolfa with studied period from 1987 to 2017. Input
data of model was mean air temperature, dew point temperature, mean sea level pressure, mean station

Laleh ParvizCombining soft Computing Model Based on Machine Learning Algorithm and Principal Component
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pressure, mean relative humidity. In this study, the effect of data reduction (principle component
analysis, PCA) on the input data of support vector regression was investigated. PCA is a mathematical
method to transform the number of correlated variables into the number of uncorrelated variables which
called principle components. PCA can be introduced as a dimensionality reduction method. A linear
combination of variables is used in the structure of PCA to extract the maximum variance of variables.
Generally, PCA extracts the most important information of data and compresses the size of data. PCA
can investigate the structure of observation and variables. The description of the data set is simple with
this method. With a loss function, support vector machine (SVM) can be used for regression problems.
The mapping of input data x into a higher dimensional feature space is possible with SVM and in this
case the solving of a linear regression problem is possible. The basis of SVM is on the statistical learning
theory. For regression problems, the non-linear function is learned with the linear learning machine in
the form of kernel induced feature space. Also, the parameter is defined to control the capacity of
system. RMSE, RRMSE, GMER, MAPE, Ul, Ull and dare the evaluation criteria for model
performance investigation.

3. Results

One of the processes which can impact the model performance is the sensitivity analysis which the
minimum error in Tabriz station is related to the linear function. Nu support vector regression (Nu SVR)
can decrease the values of error criteria for example at Tabriz station, the RMSE, RRMSE, MAPE, Ul
and Ul decreasing from Epsilon-SVR to Nu-SVR is 19.45%, 20%, 14.47%, 18.36% and 19.9%,
respectively. In the tree stations(average), the RMSE, RRMSE, MAPE, Ul, Ull decreasing and d
increasing from Epsilon-SVR to Nu-SVR is 10.77%,10.36%,4.5%,13.53%, 12.85% and 4.63%,
respectively. The primary processing in the PCA is KMO factor calculation. The values of
this factor for Ahar, Tabriz and Jolfa stations were estimated to be 0.3, 0.41 and 0.55,
respectively. KMO values in Tabriz and Ahar stations, due to being lower than 0.5,
indicate that the data of these stations are not suitable for PCA. Combination PCA and
SVR could improve the forecasts, for example from Epsilon SVR to Epsilon SVR-PCA, the
decreasing of RRMSE, RRMSE, UI, UlI and d increasing is 8.55%, 5.26%, 10%, 10.52%,
16.66%, respectively.

4.  Discussion and Conclusion

Sensitivity analysis can affect on the forecasts of model. Due to the precise performance of SVR, the
type of parameters involved in regression problems has more importance, so that the effect of Epsilon
and Nu was observed for precipitation forecasts. Nu SVR has better performance relative to Epsilon
SVR. The expressed parameters have their effect on the classification, separation of
classes and controlling the number of support vectors in regression. The difference
between Epsilon and Nu is in how they parameterize the training problem. Nu controls
the number of support vectors. An important feature of SVM is the ability to model
nonlinear process without knowing the statistical distribution of the classes. Another
important feature of SVM is its good performance on high dimensional data and small
batch of training pattern. The KMO factor is an effective factor in determining the
performance of component analysis on data. High values of the KMO factor can be due
to the low partial correlation coefficient between the data. Therefore, combining
principal component analysis and support vector regression can be a good solution for
rainfall forecasting and water resources planning decisions. In fact, with PCA the
arrangement of input data to the model is done based on certain rules and statistics and
statistics. In the rotation mode, the matrix columns are simplified using the Varimax
method, which facilitates access to a simple matrix.
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