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Abstract

Translation of the original publication Sozaeva L.T. Issledovanie rezhima temperatury atmosfernogo vozduha s
pomoshh'ju modeli avtoregressii-skol'zjashhego srednego [Investigation of the atmospheric air temperature regime using an
autoregression model-a moving average] / L.T. Sozaeva, I.H. Shungarov // Mezhdunarodnyj nauchno-issledovatel'skij zhurnal
[International Scientific Research Journal]. — 2023. — Ne8 (134). DOI: 10.23670/IRJ.2023.134.94

An autoregression-moving-average model for predicting the values of meteorological parameters of the atmosphere, in
particular, the atmospheric air temperature for the autumn period of Nalchik, Southern Russia, is suggested. It is shown that the
proposed model allows predicting the values of average autumn air temperatures with high accuracy (6%). The time series of
mean autumn air temperatures shows a cycle characteristic of the 11-year cycle of solar activity. All quality criteria of the
model meet the requirements for the quality and adequacy of forecast models. The offered model can be applied to the analysis
and forecasting of average air temperatures for spring, summer and winter seasons.
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AHHOTa M

ITepeBog, opuruHanbHOM cratey Co3aeBa JI.T. VccnemoBaHue pexxuma TeMriepaTypbl aTMOC(epHOro BO3/yXa C TIOMOLLbIO
MoJleNli  aBToperpeccuu-ckosb3siero cpeaHero / JLT. CoszaeBa, W.X. IllyHrapoB // MexayHapogHbld Hay4HO-
vccnenoBarenbCKuil xxypHas. — 2023, — Ne8 (134). DOI: 10.23670/IRJ.2023.134.94

IpesokeHa Mofie/lb aBTOPerpecCUU-CKOJb3SIIero CpefHero Ajs MPOTrHO3MPOBAaHMWs 3HaueHWN MeTeopoJIorhvecKUX
rapamMeTpoB aTrMoc(epsl, B YaCTHOCTU TeMIlepaTypbl aTMOC(epHOro BO3/yxa 3a oceHHUM nepuog, . Hansunka FOra Poccuu.
ITokasaHo, uTo TpejjaraemMasi Mofe/lb I03BOJIsIeT NMPOrHO3MPOBaTh 3HAueHUs] CPeJHUX OCEHHUX TeMmIlepaTyp BO3fyXa C
BBICOKO TOUHOCTEIO (6%). Bo BpeMeHHOM psily CpeJHUX OCEHHUX TeMIIepaTyp BO3ZyXa MPOC/IeKUBAETCS LUK/, XapaKTepHBIi
11-neTHeMy LIMK/Ty COTHEUHOM aKTMBHOCTH. Bce KpUTepHH KauecTBa MOAEH YIOBIETBOPSIOT TPeOOBaHHUSIM, NP bSIBIISIEMBIM
K KauecTBy M a/IeKBaTHOCTM Mofesiedd TIporHo3a. Ilpesno)keHHas MOJeNb MOXKeT ObITh TNpUMeHeHa K aHaauzy |
TIPOTHO3UPOBAHMIO CPeIHUX TeMITepaTyp BO37yXa 3a BeCEeHHUM, JIeTHUM U 3SUMHUN Ce30HBI.

KimoueBble c/10Ba: BpeMeHHbIe DPsAbl, MOJe/Ib aBTOPerpeCCUU-CKOMb3SILero CpefiHero, MeTeornapaMeTphl, TeMIiepaTrypa
aTMoc(epHOro Bo3zyxa.

Introduction

The temporal transformation of averaged atmospheric air temperature values (annual, autumn, winter, spring and summer)
is complex and is one of the key positions not only for the needs of climatology, but also for the needs of the national economy.
Such meteorological parameters are used to make scientifically-based decisions on the adaptation of agricultural crops to
changing natural and climatic conditions. Despite the widespread use of time series for the analysis and forecasting of various
meteorological parameters of the atmosphere [1], [3], [7], the nature of the time series of the above-mentioned averaged air
temperature values is not yet sufficiently studied.

This determines the relevance of a detailed analysis and forecasting of time series of atmospheric air temperature.

The aim of the work is to analyze and forecast the values of time series of meteorological parameters. To achieve this, the
following tasks are set:

- analysis of the time series of the dynamics of average air temperatures for the autumn period;

- selection of a forecasting model for future time series values in the retrospective section;
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- evaluation of the quality of the model using accuracy indicators and criteria.

The material of this study is the values of average atmospheric air temperatures for the autumn period, characteristic of
Nalchik, South Russia.

The study is carried out using the ARIMA model, implemented in the SPSS statistical software package [5].

Research methods and principles

Usually, to understand climate change, the dynamics of climatic parameters are predicted. As for the temperature regime,
these are the values of average seasonal and annual temperatures, as well as extremely high and low air temperatures. The
material of this study is the long-term values of temperatures, averaged over the three autumn months (September, October and
November). The choice of these parameters is justified by their use in climatology, especially in construction, as well as in
agriculture.

The object of this study is the temperature regime of Nalchik, located in the foothill zone of the South of Russia. The
average air temperature indicators in this city range from +25...+28 °C — in July, to —3...-5 °C — in January. The average
annual air temperature is 9,6 °C. The highest air temperature is observed in late July, and the lowest — in late January or early
February. There can be thaws in winter up to +15 °C and higher. A characteristic feature of the climate of the city of Nalchik is
the significant daily temperature fluctuations associated with the mountain-valley wind.

The long-term values of the average air temperatures for the autumn period at the meteorological station of the city of
Nalchik from 1961 to 2022 were provided by the North Caucasus Administration for Hydrometeorology and Environmental
Monitoring.

In the course of the study, the time series of atmospheric air temperature is divided into two parts: 1961-2016 and 2017-
2022. The analysis of the series is carried out for the first part, and for the second part, the values of the average air
temperatures are predicted and compared with the actual values of the series (retroforecasting).

For this study, one of the most common statistical models, called the Box-Jenkins model, is used [4].

According to the Box-Jenkins methodology, the model ARIMA(p,d,q) consists of three parts [2], [4]: AR(p) — the
autoregressive model of order p, MA(q) — the moving average of order g and I(d) — the integrated part of order d (the order of
the successive differences for transforming the time series into stationary).

The model ARIMA(p,d,q) in the general case has the form:

Yt =c+ &+ alyt_l +--- 4+ ath_p - b]ft_l — ... bqgt_q,

where c - model constant;

as,...,0 - autoregression coefficients;

bs,...,bq - moving average coefficients;

& - random error or "white noise".

Modeling a time series using ARIMA(p,d,q) includes the following stages: data preparation, model selection and
identification (determining the parameters p, d and q), model quality assessment using accuracy indicators and criteria, and
time series forecasting in the retrospective section [6], [10].

Main results

A preliminary examination of the values of the time series showed the absence of missing values and outliers (observation
data abnormally far from other values of the time series). Further, the time series is investigated for stationarity. The dynamics
of changes in average air temperatures (Fig. 1a) indicates the presence of a trend, and its increase over time, i.e. the original
time series is non-stationary.

Dynamics of changes in the values of average air temperatures
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Figure 1 - Dynamics of changes in the values of average air temperatures with a trend applied:
a - original series; b - stationary
DOI: https://doi.org/10.60797/IRJ.2024.149.129.1

The procedure of taking the first-order difference d=1 transformed the studied series into a stationary ARIMA(p,1,q) (Fig.
1b), resulting in a constant mean around which the series values fluctuate.

Further, the estimation of the p and q parameters of the model was carried out according to the autocorrelation and partial
autocorrelation functions (Fig. 2).
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Figure 2 - Autocorrelation ACF(a) and partial autocorrelation PACF(b) functions
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The order of the moving average MA(q) was determined as the number of significant lags of the autocorrelation function
ACF (Fig. 2a). The highest turned out to be the autocorrelation coefficient of the first order MA(1). The order of the
autoregressive model AR(p) was chosen from the PACF plot (Fig. 2b), where the lag 2 is distinguished as the last non-zero
element, i.e. we have the models AR(1) and AR(2). The choice fell on the candidate models ARIMA(1,1,1) and ARIMA(2,1,1)
with and without constants.

The ACF values show a slow decay and the presence of a periodic component in the time series of average air
temperatures. The period of the oscillation is equal to the lag at which the correlation coefficient is distinguished. In this case,
this is lag 9, but taking into account the first-order difference, we have a 10-year cycle. There is no doubt that this is the result
of the manifestation of the 11-year solar activity cycle [8].

The selection of the best of these models was carried out according to:

- BIC information criterion;

- Ljung-Box test for the absence of autocorrelation in the residuals;

- Kolmogorov-Smirnov test for normality of residual distribution.

The normalized Bayesian information criterion BIC [9], calculated in the SPSS program, is designed to work with large
sample sizes. In the case of small samples, the probability that the model under consideration will minimize the loss of
information is calculated:

pP= exp((BICmin - BICI)/2)

where BIC,, — the lowest BIC indicator;

BIC; — indicators of candidate models.

Of the two models, the one with the lower value p is preferred p.

The probability values for all candidate models turned out to be equal to p=0,01.

The significance levels of the Ljung-Box test were very high (p>0,05) for all candidate models (Table 1), therefore, the
null hypothesis about the absence of autocorrelation in the residuals can be accepted for all models.

The deviation of the residuals from the normal distribution is considered significant if the significance level of the
Kolmogorov-Smirnov test is p<0,05. In the case under consideration, p>0,72, i.e. the residuals do not deviate from the normal
distribution.

This indicates that all candidate models are equivalent.

The most popular model selection criteria are the mean absolute percentage error MAPE, which characterizes the accuracy
of the forecast, and the coefficient of determination R?, which shows the proportion of the variance explained by the model.

The analysis of the MAPE and R?values ruled out the models ARIMA(1,1,1) with and without a constant (Table 1).

Table 1 - Model evaluation criteria ARIMA(p, d, q)
DOI: https://doi.org/10.60797/IRJ.2024.149.129.3

The Lewing-Box Test
Model o Numberof | p- MAPE R
Statistics degrees of | significance
freedom level
1 2 3 4 5 6
with a
7.77 0.96 9.56 0.45
ARIMA constant
(1,1,1) ith 16
o without a 8.51 0.93 9.61 0.44
constant
with a 7.56 0.94 9.37 0.46
ARIMA constant
21,1) ith 15
o without a 7.89 0.93 9.36 0.45
constant
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Thus, at the identification stage, two candidate models ARIMA(2,1,1) with and without a constant remained.
Further selection of an adequate model was based on forecasting the time series values in the retrospective section from
2017 to 2022 (Fig. 3). Figure 3 shows the actual values of the average autumn air temperatures and their forecast values.

Average temperature
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Figure 3 - Dynamics of the values of average autumn air temperatures
DOI: https://doi.org/10.60797/IRJ.2024.149.129.4

Note: original series (solid curve), approximated series (dashed curve) and forecast values from 2017 to 2022 (dash-
dotted)

The absolute errors of the forecast model in the retrospective section — MAPE (Table 2) were calculated according to the
actual and forecast values of the studied series.

Table 2 - Results of forecasting average atmospheric air temperatures in the retrospective section 2017-2022 according to the
ARIMA(2,1,1) model

DOI: https://doi.org/10.60797/IRJ.2024.149.129.5

Forecast values Aabsolute forecast error
Date Actual values with a constant without a with a constant without a
constant constant
1 2 3 4 5 6
2017 10.43 10.91 10.74 4.60 2.97
2018 11.63 11.18 11.02 3.90 5.27
2019 10.90 10.98 10.82 0.73 0.73
2020 12.67 10.98 10.79 13.32 14.82
2021 10.07 11.03 10.83 9.57 7.58
2022 10.53 11.05 10.83 491 2.82
Mean absolute forecast error 6.17 5.70

The model ARIMA(2,1,1) without a constant turned out to be the best, since the mean absolute forecast error for this model
was minimal and equal to 5,70; the procedure of taking the first difference of the time series also cancels the model constant.
From the literature, it is known that the MAPE <10% indicates a high accuracy of forecast models.

Conclusion

Analysis of the dynamics of the time series of the values of average air temperatures for the autumn period showed the
presence of periodicity caused by the 11-year solar activity cycle.

The average relative forecast error in the retrospective series, which is about 6%, indicates the high accuracy of the
proposed model ARIMA(2,1,1).

Analysis of the effectiveness of the selected model showed that the quality criteria for forecasting the values of average
autumn atmospheric air temperatures using the proposed model ARIMA(2,1,1) meet all the quality and adequacy criteria
required for forecast models.

This indicates that such a complex in nature time series, characterizing the temperature regime of atmospheric air, can be
predicted using the Box-Jenkins model.
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