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Introduction

Precipitation is the most important hydrological phenomenon, the increase or decrease of which
during different periods can cause noticeable changes in the ecosystem of the region and
population change. In recent years, due to climate change, the amount of precipitation in
different regions of Iran has undergone significant changes. Therefore, estimating and modeling
precipitation in this arid and semi-arid country is of great importance. The great importance of
precipitation has led climatologists to seek methods to express the characteristics of
precipitation. In this study, we seek to predict long-term precipitation in Ilam city using artificial
intelligence algorithms.

Method

In this study, the long-term precipitation of Ilam city over a 44-year period from 1980 to 2024
in simulated by a hybrid machine learning model.

Ilam Province has a special topographic situation with uneven precipitation distribution due to
its location at different latitudes. In this study, after collecting data, the average number of
months of rainfall for each of the studied stations for a certain period is obtained. A machine
learning model is used for prediction. In the first step, the observed data are normalized and the
best normalization coefficients are obtained for this study. Approximately 70% of the observed
data are used to train the artificial intelligence models and the remaining 30% are used to test
them. Subsequently, the optimal number of hidden layer neurons along with the best activation
function of the ORELM model are selected by implementing a trial and error process. In this
study, the regularization parameter of the ORELM model is also optimized. Also, using the
autocorrelation function (ACF), the effective lags of time series data are identified and using
them, fourteen WORELM models are developed.

Extreme Learning Machine (ELM)

The ELM is an easy-to-implement machine learning algorithm. It is designed to overcome
the weaknesses of traditional learning methods such as training-based algorithms based on
exchange-oriented models. The algorithm consists of three layers: input, hidden, and output.
The ELM is a learning method for training an artificial neural network (ANN) that randomly
generates input weights (w) and bias (b).

Outlier Robust Extreme Learning Machine (ORELM)

In the precipitation modeling, peak values are of considerable importance and, given that the
number of peak points is less than other points, they are known as outliers. In fact, outliers
comprise a very small percentage of the training samples and generally the focus of modeling
using the ELM will be on other samples.

Results

In this section of the present study, the performances of the extreme learning machine (ELM)
and outlier robust extreme learning machine (ORELM) models are compared. The results of
the comparison of the calculated statistical indices for the ELM and ORELM models are
depicted in Figure 1.
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Figure 1. Comparison between the performance of different machine models such as ELM and ORELM for
estimating precipitation.

According to the simulation results, the correlation coefficient (R) values for the ELM and
ORELM models are obtained as 0.618 and 0.952, respectively. While the NSC values for ELM
and ORELM are estimated as -1.137 and -1.138, respectively.

The comparison between the performance of different machine learning models such as ELM
and ORELM for estimating precipitation values can be seen in Figure 1.

Based on the modeling results, the combined models display better performance compared to
simple models. In other words, the ORELM model shows more accuracy compared to the ELM
model. In addition, the ORELM hybrid learning machine model is identified as the best model
for simulating precipitation values in Ilam city.

Conclusions

In this study, a hybrid learning machine model was developed to simulate long-term
precipitation values of Ilam city over a long-term period of 44 years from 1980 to 2024. To
define the artificial intelligence model, the ELM model and the outlier robust extreme learning
machine (ORELM) were combined. Initially, the time series data were divided into two groups:
training (70%) and test (30). Subsequently, the observed data were normalized. This
normalization was performed to facilitate the simulation of rainfall values by the artificial
intelligence model. The examination of different activation functions showed that tribas was
the best activation function for simulating precipitation values of Ilam city by this hybrid
learning machine. ORELM 9 model was introduced as the superior model and the VAF, R and
NSC values for it were 157.93, 0.965 and 0.925, respectively. Also, lags number (t-1), (t-2), (t-
3) and (t-10) were identified as the most effective lags of the precipitation time series data of
Ilam city. Finally, the results of the ORELM hybrid model were compared with the ELM and
ORELM artificial intelligence models, which showed that the ORELM hybrid model performed
better.
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