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Extended abstract

Introduction

Predicting the maximum temperature changes is very important and has become increasingly important due to
the many effects it has on water resources, agriculture and the environment. By forecasting the temperature,
one can be aware of future changes and make the necessary arrangements to adjust its negative effects on water
resources, agriculture and the environment. Therefore, modeling and forecasting the maximum temperature can
be used as an important tool in the planning and management of natural, economic and industrial resources.

Materials and methods

In this article, the maximum temperature was modeled using the Long-Short-Term Memory (LSTM) method
based on Discrete Wavelet Transform (DWT) and Complete Experimental Mode Decomposition (CEEMD)
methods in two different climates (humid and semi-arid). For this purpose, the daily data of maximum
temperature, minimum temperature, precipitation, and solar radiation were used from 2001 to 2020 of the
synopic stations located in Siyahbisheh, Amol City in Mazandaran Province and Urmia City airport in West
Azarbaijan Province. It was determined that in the semi-arid region, the parameters of maximum and minimum
temperature two days before, and maximum and minimum temperature one day before, as well as the minimum
temperature and solar radiation of the same day, and in the humid region, the parameters of maximum
temperature two days before, and maximum and minimum temperature one day before, as well as the minimum
temperature and solar radiation of the same day were recognized as the superior model.

Results and discussion

The results of the analysis of the models showed the capability and high efficiency of the method used in
estimating the maximum temperature. On the other hand, the pre-processor methods improved the results. In
the investigations, it was observed that the results of analysis based on wavelet transformation led to better
results so that the DC evaluation criterion for the superior model in the semi-arid region of Urmia City went
from 0.965 to 0.993 and in the humid area of Amol City increased from 0.926 to 0.970 and the RMSE criterion
in Urmia Airport decreased from 1.943 to 0.896 and in Siyahbisheh from 2.595 to 1.648.

Conclusion

The results showed an increase in DC evaluation criteria and a decrease in RMSE for the synoptic station of
Urmia Airport by 2.74% and 53.87%, respectively, and by 4.80% and 35.50% for the Siyahbisheh Amol
Synoptic Station, respectively. This again shows that wavelet conversion has the greatest effect in improving
the performance of the LSTM model and the selected models have high capability and efficiency in estimating
the maximum temperature. According to the results of the sensitivity analysis, it was determined that the
temperature parameter of the previous day is the most influential in estimating the maximum daily temperature
for two regions with different climates (humid and semi-arid).
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Table 1. Characteristics of stations and climatic parameters on a daily basis for the statistical period (2020-2001)

Synoptic

Climate station Longitude Latitude Parameter Unit Minimum Maximum  Average
(Daily)
name
Max temperature oC 72 399 18.82
(Tmax)
. Urmia ] Min temp'erature oC 18 237 53]
Semi- onnrean 37°40'1 (Tmin)
Arid g."“my 4570259 2 .
frport Pr“”(JI‘f)a“"n mm 16527 4368 3656
Solar radiation jm-

) 2

-1 0 145 8.09
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Table 1 Continued
Max temperature oC 74 354 15.59
(Tmax)
Amol S1°18%0 Min temperature oC 17 304 6.49
Humid County 36°15'00" ; (Tmin)
Siyahbisheh 0 Precipitation
l()P) mm 400.59 868.98 607.19
Solar radiation jm-
) 2.day-1 0 14.6 5.28
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Table 2. Defined models

Model Input Aim
() T min(t), p(t), S(t) T max(t)
T(ID) T min(t), p(t), S(t), S(t-1) T max(t)
T(IIT) T min(t), p(t), S(t), S(t-1), S(t-2) T max(t)
TAV) T min(t), T min(t-1), S(t), S(t-1), S(t-2) T max(t)
T(V) T min(t), T min(t-1), S(t), S(t-1), S(t-2), T max(t-1) T max(t)
T(VI) T min(t), T min(t-1), p(t), S(t) T max(t)

T(VII) T min(t), T min(t-1), p(t), S(t), T max(t-1) T max(t)

T(VII) T min(t), T min(t-1), p(t), p(t-1), p(t-2) T max(t)
T(IX) T min(t), T min(t-1), S(t), T max(t-1), T max(t-2) T max(t)
T(X) T min(t), T min(t-1), T min(t-2), S(t) T max(t)
T(XI) T min(t), T min(t-1), T min(t-2), S(t), T max(t-1), T max(t-2) T max(t)

T(XI) T min(t), T min(t-1), S(t), T max(t-1) T max(t)

T(XIII) T min(t), T min(t-1), T min(t-2), T max(t-1), T max(t-2) T max(t)

T(XIV) p(t), S(t), S(t-1), S(t-2), T max(t-1) T max(t)

T(XV) T min(t), T min(t-1), T min(t-2), p(t), S(t) T max(t)
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Table 3. Evaluation results of temporal modeling without data analysisw

Education Test
Area Model

DC R RMSE DC R RMSE
T() 0.9379 0.9697 2.5816 0.9263 0.9679 2.8355
T(I) 0.9395 0.9732 2.5522 0.9212 0.9704 2.9474
T(II) 0.9355 0.9739 2.6417 0.9137 0.9707 3.1012
T(IV) 0.9463 0.9741 2.3986 0.9440 0.9717 2.4611
2 T(V) 0.9679 0.9839 1.8523 0.9640 0.9824 1.9751
'% T(VI) 0.9417 0.9708 2.4976 0.9337 0.9696 2.6857
. T(VID) 0.9666 0.9839 1.8891 0.9639 0.9831 1.9748
T(VIII) 0.9462 0.9735 2.3981 0.9358 0.9719 2.6466
T(IX) 0.9609 0.9829 2.0492 0.9618 0.9820 2.0350
T(X) 0.9375 0.9690 2.5847 0.9343 0.9674 2.6679
T(XD) 0.9661 0.9831 1.9026 0.9651 0.9824 1.9435
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Table 3 Continued

T(XII) 0.9490 0.9758 2.3384 0.9468 0.9743 2.3985

T(XIII) 0.9417 0.9763 2.5109 0.9381 0.9752 2.6050

T(XIV) 0.9616 0.9811 2.0259 0.9575 0.9789 2.1436

T(XV) 0.9418 0.9720 2.4937 0.9390 0.9694 2.5698

T(I) 0.9203 0.9595 2.5605 0.8994 0.9532 3.0332

T(I) 0.9218 0.9611 2.5376 0.9051 0.9535 2.9392

T(II) 0.9243 0.9617 2.4965 0.9008 0.9541 3.0147

T(V) 0.9321 0.9658 2.3646 09112 0.9580 2.8448

T(V) 0.9333 0.9667 2.3452 0.9215 0.9605 2.6689

T(VI) 0.9235 0.9647 2.5190 0.9138 0.9564 2.7953

_ T(VID) 0.9350 0.9677 2.3138 0.9246 0.9626 2.6163
§ T(VIID) 0.9303 0.9651 2.3969 0.9186 0.9603 2.7209
T(IX) 0.9344 0.9679 2.3262 0.9257 0.9622 2.5954

T(X) 0.9283 0.9647 2.4332 0.9177 0.9585 2.7336

T(XI) 0.9338 0.9671 2.3355 0.9244 0.9618 2.6191

T(XII) 0.8943 0.9470 2.9539 0.8836 0.9400 3.2496

T(XIII) 0.8939 0.9486 2.9639 0.8848 0.9411 3.2337

T(XIV) 0.8609 0.9344 3.4078 0.8623 0.9323 3.5480

T(XV) 0.9288 0.9654 2.4248 0.9186 0.9589 2.7187
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Figure 3- The results of the training and testing phase of the superior T(XI) model at the Urmia airport synoptic station without data

analysis
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Fig. 4. The results of the training and testing stage of the superior T(IX) model at Siyabisheh Amol Synoptic Station without data
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Fig. 5. Decomposed subseries of the maximum temperature parameter at Urmia Airport Synoptic Station using discrete wavelet

transform
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Fig. 6. Decomposed subseries of the maximum temperature parameter at Urmia Airport Synoptic Station using fully integrated empirical
mode analysis
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Table 4. Time modeling evaluation results after data analysis for the top three models (DWT)

Education
Area Model
DC R

Test

RMSE DC R RMSE

T(XI) 0.9861 0.9947
Semi-arid T(X) 0.9861 0.9938

T(XIII) 0.9831 0.9937
TIX) 0.9770 0.9897
Wet T(XI) 0.9701 0.9870

T(XIIL) 0.9711 0.9859

1.2213 0.9851 0.9938 1.2712

1.2206 0.9833 0.9928 1.3456

1.3478 0.9816 0.9929 1.4123

1.3770 0.9695 0.9865 1.6642

1.5734 0.9695 0.9857 1.6658

1.5426 0.9694 0.9848 1.6669
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Table 5. Time modeling evaluation results after data analysis for the top three models (CEEMD)

Arca Model Education Test
DC R RMSE DC R RMSE
T(XI) 0.9957 0.9980 0.6766 0.9926 0.9975 0.8965
Semi-arid T(IX) 0.9938 0.9980 0.8160 0.9855 0.9976 1.2565
T(XIID) 0.9884 0.9977 1.1164 0.9798 0.9978 1.4892
T(IX) 0.9745 0.9885 1.4520 0.9702 0.9865 1.6478
Wet T(XI) 0.9755 0.9887 14218 0.9644 0.9859 1.8051
T(XIIT) 0.9717 0.9876 1.5291 0.9632 0.9857 1.8349
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Fig. 7. The results of the training and test phase of the superior model T(IX) at the Urmia Airport Synoptic Station after data analysis
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Fig. 11. The relative influence of each of the input parameters of the superior model at the Synoptic Station of Urmia and Sieh Bisheh
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