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Air temperature is one of the main components of hydroclimatology studies and a useful variable
for planning and exploitation models of water resources. Obtaining reliable data to predict
temperature changes in the coming years to use in meteorological and hydrological models is one of
the most important challenges. In recent years, various prediction models have been able to be
considered reliable solutions. Most of these models operate based on historical data and use artificial
intelligence techniques. In this research, by using methods based on artificial intelligence such as
hybrid methods, GA-ANN, ICA-ANN, PSO-ANN, and ELM and ORELM models, the best model
for predicting monthly temperature data in different climates in Iran was tried. Ahvaz, Kermanshah,
Mashhad, and Rasht stations) should be introduced over a statistical period of 58 years so that
reliable results can be obtained by using them. The results showed that the output of the ORELM
model has the best fit with the observational data with a correlation coefficient of 0.99 and also has
the best and closest distribution of points around the 45-degree line, which is considered the most
accurate model in this regard. Taylor's diagram was also used to ensure the accuracy of selecting the
best model. The results showed that the closest point to the reference point is related to the ORELM
method. Therefore, the ORELM model can be reliably used to predict the monthly temperature in
different climates. This approach greatly helps the researchers in water and climatology use artificial
intelligence to predict temperature changes with higher accuracy in the coming years and use them
confidently in water resource planning models.

1. Introduction

The studied areas are Ahvaz, Kermanshah,

Air temperature is one of the main components of
hydroclimatology studies and a useful variable for
planning and exploitation models of water
resources. Obtaining reliable data to predict
temperature changes in the coming years to use in
meteorological and hydrological models is one of
the most important challenges.

2. Methodology
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Mashhad, and Rasht stations, located in different
regions of Iran. The statistical period of the
monthly temperature of the selected stations for the
use of artificial intelligence models was from 1963
to 2020 (58 years), and all the available statistics
were used to select the best model at each station.

The aim of this research was to use artificial
intelligence as an efficient tool to predict monthly
temperatures. In this regard, GA-ANN, ICA-ANN,
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and PSO-ANN hybrid models and ELM and
ORELM models were used to predict monthly
temperatures. Then, considering 80% of the data as
training data and 20% of the data as test data, the
best model structure with a different number of
inputs with the lowest error rate and the highest
correlation coefficient with the observational data
was obtained. RMSE, NRMSE, NASH, and R
statistical indices were used to select the best
model. Finally, Taylor's diagram was used to
ensure the selection of the best model. This
diagram introduces the best model with the lowest
simulation error based on three indicators: standard
deviation, correlation coefficient, and RMSE
value.

3. Results

Among the models, the ORELM model showed the
value of NRMSE in the test phase in the stations of
Ahvaz, Kermanshah, Mashhad, and Rasht,
respectively, 0.0378, 0.0461, 0.0523, and 0.0605,
which has the highest accuracy. Taylor's diagram
also confirmed this result by using more error
criteria, and the ORELM model is confidently
introduced as the best artificial intelligence model
for predicting temperature changes in these 4
stations that represent 4 different climates. Based
on the results, the ORELM model is more accurate
than other models in the training and test stages
with regard to all evaluation indicators. After that,
the ELM model ranks second in terms of prediction
accuracy.

4. Discussion

The possibility of predicting air temperature
changes for a long-term period based on a low
amount of information compared to atmospheric
numerical models and using only monthly
temperature data is one of the most important
achievements of this research. In this study,
monthly temperature changes are predicted based
on artificial intelligence methods without the need
for complex atmospheric parameters, without the
need for complex atmospheric analysis maps and
software, and without spending a lot of time and
money calibrating and validating mathematical
models. Considering the importance of knowing
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temperature changes as one of the most important
parameters of hydroclimatology balance, artificial
intelligence models used in this research can be
recommended, especially for areas without basic
statistics or in situations where it is not possible to
use mathematical models. Based on the results
obtained, the models developed in this research can
be proposed for other study areas with different
climates.

5. Conclusion

Obtaining reliable data to predict temperature
changes in the coming years to use in
meteorological and hydrological models is one of
the most important challenges. In recent years,
various prediction models have been able to be
considered reliable solutions. Most of these models
operate based on historical data and use artificial
intelligence techniques. In this research, by using
methods based on artificial intelligence such as
hybrid methods, GA-ANN, ICA-ANN, PSO-ANN,
and ELM and ORELM models, the best model for
predicting monthly temperature data in different
climates in Iran was tried. Ahvaz, Kermanshah,
Mashhad, and Rasht stations) should be introduced
over a statistical period of 58 years so that reliable
results can be obtained by using them. The results
showed that the output of the ORELM model has
the best fit with the observational data with a
correlation coefficient of 0.99 and also has the best
and closest distribution of points around the 45-
degree line, which is considered the most accurate
model in this regard. Taylor's diagram was also
used to ensure the accuracy of selecting the best
model. The results showed that the closest point to
the reference point is related to the ORELM
method. Therefore, the ORELM model can be
reliably used to predict the monthly temperature in
different climates. This approach greatly helps the
researchers in water and climatology use artificial
intelligence to predict temperature changes with
higher accuracy in the coming years and use them
confidently in water resource planning models.
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