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Abstract: Forecasting non-scheduled air transportation demand is essential for effective resource allocation, operational planning,
and decision-making. In this paper, the use of the ARIMA (Auto Regressive Integrated Moving Average) model for forecasting
non-scheduled air transportation is explored. The ARIMA model is a widely employed time series forecasting technique which
combines autoregressive (AR), differencing (I), and moving average (MA) components. It has been successfully applied to various
fields and can be adapted to capture the patterns and trends in non-scheduled air transportation data. To forecast non-scheduled air
transportation demand, historical data, including relevant variables are firstly collected. The data are processed by identifying and
addressing any missing values, outliers, or trends that could affect the model's performance. Next, the ARIMA model is applied to
the pre-processed data, utilising techniques such as model identification, parameter estimation, and model diagnostics. The ARIMA
model captures the relationships between past observations and uses them to predict future demand for non-scheduled air
transportation. The forecasting results from the ARIMA model provide insights into expected demand levels, peak periods, and
potential fluctuations in non-scheduled air transportation. These forecasts enable decision-makers to optimise resource allocation,
schedule aircraft availability, and enhance operational efficiency. However, it is important to note that the accuracy of ARIMA
forecasts depends on various factors, including the quality and representativeness of the data, the appropriate selection of model
parameters, and the stability of underlying patterns in the time series data. Regular model evaluation and refinement are crucial in
maintaining forecasting accuracy.
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MoaesupoBaHue BPEMEHHBIX PS/IOB HepPeryJasipHbIX BO3AYIIHBIX
nepeBo30K Ha ocHoBe ARIMA

H.B. Araes"’, JIIII. Hazapmn'
'Hayuonanenas asuayuonnas axademus, 2. Baxy, Asepbaiioxcancrkas Pecny6nuxa
° Hncmumym ungpopmayuonnvix mexnonozuii Munucmepcmea nayku u o6pazosanus
Asepbaiiocanckou Pecnybnuku, 2. baxy, Azepbatioscanckas Pecnybnuka

AnHoTaumsi: [IporHo3upoBaHNe Crpoca Ha HEPETYJSIPHBIC aBHAICPEBO3KM HMMEET BaXXHOE 3HaueHHWe Wil 3(dekTHBHOTrO

pacrmpeeneHus pecypcoB, ONEPaTHBHOTO MUIAHUPOBAHKS U MPUHSTHS PEIleHui. B 3Toil craTthe Mbl UCCIEIyeM HCIONb30BaHUE
Momemn ARIMA  (aBToperpecCHBHOE WHTETPHPOBAHHOE CKONB3SIIEE CpPEeJHee) i1 IIPOTHOZHMPOBAHHUSA HEPETYISPHBIX
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aBuanepeBo3ok. Monens ARIMA — 3T0 IIMPOKO UCTIONB3yeMbIH METO/I IPOTHO3UPOBAHKS BPEMEHHBIX PAI0B, KOTOPBIH coueTaeT
B ceOe koMIoHeHThI aBToperpeccut (AR), pasHoct (I) u ckomb3siiero cpeatero (MA). OH yCIENnHO IPUMEHSACTCS B PA3INUHbIX
o0nacTsiXx ¥ MOXeT OBbITh aJanTHPOBaH Ui BBIABJICHWS 3aKOHOMEPHOCTEH M TEHIEGHLUMHA B JIAHHBIX O HEPEryJSIpHBIX
aBuariepeBo3kax. 11 IpOrHO3MpOBaHMs CIIPOCca Ha HEperyJ IsIpHbIe aBUaIlepeBO3KH CHadajla COOMpatOTCsl HCTOPHYECKUE JaHHbIE,
BKJIFOYasl COOTBETCTBYIOLIME INepeMeHHbIE. [laHHbIe TpenBapUTENIbHO 00padaThIBAIOTCS, BBIIBILSIIOTCS W YCTPAHSIOTCS JIFOOBIE
TIPOITYIIICHHbIE 3HAYEeHMs, BBIOPOCH! MM TEHICHLMH, KOTOpbIE MOTYT IOBIMATH Ha HMPOHM3BOAMTEILHOCTH MOJENH. 3aTeM K
MpEBAPUTENHFHO 00pa0OTaHHBIM JaHHBIM TpuMeHsiercs Monenb ARIMA, mpu 3TOM HMCHONB3YIOTCS TaKHEe METONBI, Kak
UIeHTH(UKAIWS MOJENH, OIEHKa TapaMeTpoB M auarHoctuka moxenmn. Momems ARIMA ¢dukcupyer B3anMOCBS3H MEXIY
TPOIUIGIMI HaOMIOJEHUSAMH U WCIIONB3YeT WX [UIS TPOTHO3MPOBAHMS OYAYIEro CIpoca Ha HEperyISpHBIC ABHAIICPEBO3KH.
Pesymprater nporsosupoBanms monemn ARIMA narot npencrapieHre 00 0KHMIaeMBIX YPOBHSX CHPOCa, MMKOBBIX MEPHOAAX U
MOTEHIMATHHBIX KOJEOAaHMSIX HEPETrySIPHBIX aBHAIlePEBO3OK. JTH TPOTHO3BI MO3BOJIIOT JIMIAM, HMPHHUMAIOIINM pEIICHI,
ONTUMU3UPOBATh PACHPENCIICHUE PECYPCOB, IUIAHUPOBaTh JIOCTYIHOCTb CaMOJIETOB M IOBBIIIATH 3KCIUIYaTALMOHHYIO
spdexrrBHOCTS. OHAKO BAKHO OTMETUTh, YTO TOYHOCTH MPOrHO30B ARIMA 3aBHCHT OT pasii4HBIX (HaKTOPOB, BKIIOHAs
KaueCTBO W PENpPEe3eHTaTHBHOCTh JAHHBIX, COOTBETCTBYIOIIMH BBIOOp IMapamMeTpoB MOJAENH M CTaOMIBHOCTh OCHOBHBIX
3aKOHOMEpPHOCTEH B JaHHBIX BPEMEHHBIX psJIOB. PeryispHas olileHKa M yTOYHEHHE MOJIENM MMEIOT pellaroliee 3HaueHUe UIS
HNOAJEPHKAHUS TOYHOCTH IIPOTHO3UPOBAHHSL.

KiiroueBble ci10Ba: HeperyJsipHble aBUaepeBO3KY, aHAJIN3 BpeMeHHbIX psagoB, ARIMA, craructuueckuil aHanu3, ONTUMAaIbHAs
MOJIEITh, TIPOTHO3UPOBAHUE, aBTOPETPECCHOHHAS MOZIECITH.

s uurupoBanusi: Aracs H.b., Hazapnu [I.III. MopenupoBaHie BpEMEHHBIX PSAOB HEPETYISPHBIX BO3AYIUIHBIX IEPEBO30OK
Ha ocHoBe ARIMA // Hayunsiit Becrank MI'TY T'A. 2024. T. 27, Ne 6. C. 8-20. DOI: 10.26467/2079-0619-2024-27-6-8-20

Introduction el, and the seasonal autoregressive integrated
moving average (SARIMA) model [6-9]. The
prediction of civil aviation passenger transporta-
as charter or on-demand flights, is characterised tion based on the ARIMA model has been inves-

by a flexible and responsive operational model.  tigated by researchers [10]. Forecasting air pas-
Unlike scheduled flights, which adhere to fixed sengers using a mixture of local expert models

timetables, non-scheduled flights are tailored to ~ 20d related methods in this field has been im-
meet specific demands, making them highly var- plemented in this industry [11]. According to the

iable and subject to dynamic changes. Time se- thepry of t.ime-series' analysis, the ARI,M A mod-
ries methods play a crucial role in the non- el is considered optimal for the prediction and

scheduled air transportation field, where opera-  2nalysis of stationary time series, and the pas-
tions are often dynamic and subject to various senger flow data is generally a noqsta‘uonary Se-
external factors. These methods involve analys-  ficS that needs to be smoothed by difference. The
ing and forecasting data points collected over differential autoregressive moving average mgd-
time to make qualified decisions on future trends el (ARIMA) and other related works are being
and patterns. Currently, passenger flow predic- used to predict passenger flow in the several pa-

tion methods are based on historical data, includ- ~ Pers- [12-14]. , ‘

ing time-series methods. Time series methods, Basing on the facts mentlpned above, it can
such as ARIMA, SARIMA (Seasonal ARIMA), be stated that the ARIMA is the best choice
or even more advanced models, can be applied model for calculations in non-scheduled passen-

to historical data on passenger counts, booking ~ &CT air transportation because: ,
trends, and other relevant metrics. Forecasting » The ARIMA model better approximates ran-

demand is essential for optimising flight sched- dom processes [15, 16]; o
ules, resource allocation, and ensuring adequate ~ * The ARIMA model gives better results in in-
capacity to meet customer needs. Several meth- ertial systems (in these systems, each situation
ods have been used for scheduled and non- depends on the previous situation) [17, 18].
scheduled air passenger forecasting, including

second-degree polynomial [1-5], the autoregres-

sive integrated moving average (ARIMA) mod-

Non-scheduled air transportation, also known
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Problem statement

In this paper, the time series of non-
scheduled passenger air transportation was mod-
eled based on the ARIMA model, and the fore-
casting results for the relevant period were ob-
tained. Since the process of irregular air trans-
portation is random, it is considered more neces-
sary to forecast with autoregressive models than
trend models in order to obtain more optimal
forecasting results.

Methods and Methodology

The differential autoregressive moving aver-
age model (ARIMA) is an important method for
studying time series. In ARIMA (p, d, q), p is the
number of autoregressive items, ¢ is the moving
average item number, and d is the number of dif-
ferences made to make it a stationary sequence.
The ARIMA (p, d, g) model is an extension of
the ARMA (p, ¢) model.

To make calculations, we write the ARIMA
model in the following form:

Y =y + 7, (1)

where, y; is trend and z; is deviation.
Ve=C+ Py + ¢2yt—2+""+¢pyt—pa (2)

Zt == gt + ngt—l + 92€t_2+. . +9q£t_q (3)

n thv=1 Yt—l
A= Itv=1 Yt—l Itv=1 Yt—12
LIRS 00 7 A
Itv=1 Y,
B = thv=1 17t Yt—1 (7)
Xie1Ye Yoy

Considering expressions (6) and (7) in for-
mula (5), unknown coefficients are found.
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The vector ¢ (¢, ¢y, ¢, ...,(;bp) isa(p+1)
dimensional vector.

The vector &; is a vector of random devia-
tions determined after the trend model is deter-
mined. In the first approach, the elements of this
vector are defined as the difference between the
actual data and the trend model. In this approach,
since the vector &, is expressed by a linear mod-
el, it is calculated by a formula similar to formu-
la (5). The formulae are not given in the article
so as not to repeat them.

The method of least squares is applied to find
the unknown coefficients. For this, the following
issue should be resolved:

Ll = Y))? - min. 4)

Here, Y, is the actual data, Y, is the calcula-
tion results using the (1) formula, and N is the
number of data included in the research (by
months), ¢ is the constant, ¢4, Py, ..., Py,
61,05, 0, is the coefficient, &; is the white noise
sequence, p is the autoregressive order, and q is
the moving average order.

The solution to problem (4) is reduced to the
following matrix equation:

B. 5)

Ais a (p + 1) — dimensional square symmet-
ric matrix, the elements of which are as follows:
p 1s a number with plural signs, and when a;; is
added, the measure is (p + 1)-(p + 1).

Ao

thvzl Yt—z e thvzl Yt—p
Itv=1 YioViqoon. Itv=1 Yt—p Yioa |5 (6)
Z{-\l:l Yt—_z Yt—p ........ ltvzl th_p
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Experimental results

First of all, statistical data for non-scheduled
passenger air transportation were collected to
build the calculation model. These data are pre-
sented in Figure 1. As it can be seen from Figure
1, the data covers the period from January 1,
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2020, to June 30, 2024, a total of 54 months. Figure 2 shows the autocorrelation function
Calculations were made using the statistical data for statistical data on non-scheduled passenger
of the mentioned periods, and forecasting values air transportation. It can be seen from here that
for the months of July-December 2024 were ob- calculations will be made according to formu-

tained based on the ARIMA model. The statisti- la (2), taking into account (p = 3) in the ARIMA
cal data used in the construction of the model are model.

based on the statistical indicators provided by

Heydar Aliyev International Airport.
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Fig. 1. Monthly dynamics of non-scheduled passenger air transportation
from Heydar Aliyev International Airport (Baku/Azerbaijan)
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Fig. 2. Autocorrelation function according to Figure 1
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Calculation results

Fig. 3. Calculation results based on the formula (2)

Here, UCL is the upper confident level and
LCL is the lower confident level.

After the autocorrelation function is estab-
lished, the ARIMA model is reported based on
the preliminary results obtained. By substituting
these values in formula (2), (¢4, ¢,, ¢3) and the
values of ¢ are obtained (reports were made in
the MATLAB 2023a software package). Prelim-
inary calculation results are shown in Figure 3.
As it can be seen from Figure 3, if we compare
the results obtained during the calculations based
on the formula (2) with the actual indicators, we
will see that there are serious differences in some
points from the observations made. This indi-
cates that those actual results are anomalous in
the general results. In general, anomalous devia-
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tions in the general trend are observed in non-
scheduled passenger air transportation.

In the next step, in the ARIMA model, the
difference between the initial calculation results
and the real data is calculated (fig. 4), and the
autocorrelation function (fig. 5) is constructed
for this difference, and reports are continued.
It is clear from Figure 5 that the next calcula-
tions will be made according to formula (3), tak-
ing into account (q = 3) in the ARIMA model.
After solving the system equation obtained by
writing the corresponding values in the formu-
la (3), the values of (64, 85, 85) and are obtained
(reports were made in the MATLAB 2023a
software package). Calculation results are ob-
tained by substituting these values into formu-
la (3) (fig. 6).
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Fig. 4. The differences between the fact data and the calculation results are based on the formula (2)
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Fig. 5. The autocorrelation function according to Figure 4 results
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Fig. 6. Calculation results based on the formula (3)
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Fig. 7. Calculation results in the ARIMA model based on the formula (1)

To determine the final calculation results in
the ARIMA model (P4, Py, P3), (1,82, 83),
(64, 85, 85) the values of ¢ and variables are sub-
stituted in the formula (1), respectively, and the
final calculation results are obtained. The men-
tioned calculation results are shown in Figure 7.
It 1s clear from Figure 7 that the calculation re-

14

sults are quite optimal and close to the real data.
Based on the ARIMA model, forecast indicators
for July-December 2024 were calculated using
the calculations made for 2020-2024. These re-
sults are shown in Figure 7 at points 54-59. Ac-
cording to the forecasting results obtained on the
basis of the ARIMA model, the increase in pas-
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senger transportation by charter flights during
the next 6 months of 2024 is expected to be ap-
proximately 1.5 times higher than in previous
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periods. This indicator corresponds to the pace
of economic activity currently developing in the
republic.

1 35 7 911131517192123252729313335373941434547495153

LAGS

Fig. 8. Relative error of the calculation results obtained in the ARIMA model (%)

Finally, after calculating the relative error of
the calculation results obtained in the ARIMA
model, it was determined that the average rela-
tive error is 14.2%. This result shows that the
ARIMA model is an effective base model for
calculations in non-scheduled passenger air
transportation.

As it can be seen from Figure 8, there is a
certain regularity in the change of relative errors.
Only one of these steps (step 13) has an anoma-
lously high value of the relative error, that is,
there is a deviation. This also corresponds to the
characteristics of non-scheduled air transport.
Figure 1 shows the dynamics of non-scheduled
passenger air transport. From here it is clearly
seen that the number of passengers at the 12"
step is 584, and at the 13" step it is equal to 135.
This also showed itself in the calculation of rela-
tive errors. The demand for this type of air trans-
portation can suddenly increase or decrease
(suddenly increasing demand during various so-
cio-economic events or decreasing demand dur-
ing a global pandemic). In such cases, different
smoothing methods are usually used. That is, if
there are anomalous deviations at several steps
among the collected statistical data, or if there is

15

no data for that period at all, then the values of
those steps are restored by applying smoothing
methods. Then, the smoothed values are entered
into the model. In this way, it is possible to
achieve more effective results from the model. In
our study, this situation is observed in only one
out of 53 steps, which does not negatively affect
the final result. That is, the average relative error
is within the norm. The main reason for not re-
ducing that step with the smoothing method is to
preserve the process natural flow. That is why
there were no serious errors in the final result.
As it was mentioned above, if the number of
such cases is large, it will be necessary to apply
smoothing methods.

The research relevance

Non-scheduled passenger air transportation is
formed on the basis of order, unlike regular air
transportation. There are many external factors
that influence this process. For example, the so-
cio-economic situation of the country, the wel-
fare level of the population, demographic indica-
tors, environmental issues, etc. Many of these
factors usually remain constant; that is, they do
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not change. It is clear from this that a part of
non-scheduled passenger air transportation is
formed depending on the socio-economic situa-
tion of the country, and the other part is com-
pletely dependent on random factors. Taking in-
to account the mentioned facts, a basic model for
forecasting these processes in further studies is
applied and it will play a basic role in predicting
processes in this form in future studies. Consid-
ering the traditional regression models, it will be
seen that in these models, it is necessary to eval-
uate the influence of each factor. The process of
non-scheduled air transportation is formed under
the influence of one or more factors. That is, it is
impossible to take into account all external fac-
tors within the process. Considering this, we im-
plemented the process, taking into account the
time and not the factors separately. The main
goal is to determine the base segment for each
airport based on long-term observations, and by
applying machine learning methods to this seg-
ment, create completely new and first-of-its-kind
methods for this process. Taking this into ac-
count, the methodology proposed here is rele-
vant for these processes and offers a methodical
approach for modelling processes in this form in
the future. The main scientific innovations of the
research can be noted as follows:

1. The scientific innovation in the article is a
methodology that can play a basic role in the
modelling of completely stochastic processes
such as non-scheduled passenger air transpor-
tation. Based on this methodology, we have cho-
sen ARIMA as a base method. That is, this
method includes both the regression equation
and the re-consideration of the errors obtained
from it at the same time.

2. The application of the ARIMA method to
the forecasting of non-scheduled passenger air
transportation is the first and is a novelty. Since
the non-scheduled passenger air transportation
process is a completely stochastic process, the
application of these methods to the mentioned
field is a novelty.

3. Modelling is not carried out using only one
method, as the mentioned process of air trans-
portation depends on many random factors. An-
other scientific novelty of the research is that the
obtained results serve as a basis for the applica-
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tion of machine learning methods in future re-
search. That is, the part determined by these
methods will serve as a trend model in the fu-
ture. This will be a base part that can be separat-
ed from the general (main) model and given ful-
ly analytically (i.e., calculable). The remaining
differences will be taught at each step, and ma-
chine learning methods will be created. That is,
this method serves as a basis for future research.
Since the application of these types of models in
forecasting non-scheduled passenger air trans-
portation is new, it is crucial to have basic results
for more efficient forecasting. With the results
obtained in this study, we developed a funda-
mental concept for the development of further
forecasting models for the process of non-
scheduled passenger air transportation. Other
researchers can use the results obtained using
this approach as a basis in future studies when
building forecasting models for processes with
regularities such as non-scheduled passenger
transportation.

Research results and discussion

The influence of seasonal factors was not
considered in the research. The main reason is
that non-scheduled flights are not seasonal be-
cause they are made to order. The data in the
study covers the period from 2020 to 2024. As it
is known, due to the global pandemic conditions,
the data on non-scheduled passenger air trans-
portation for these periods is still not accurate
and complete. Due to the pandemic, the data was
restored by applying existing smoothing meth-
ods for months whose data is not completely ac-
curate. Since seasonal factors are not taken into
account, the ARIMA model was applied in the
research. The results of the study also show that
the seasonal factor does not play a very crucial
role in the modelling of non-scheduled passenger
air transportation. A number of researchers have
taken this factor into account when forecasting
regular passenger air traffic. These data are giv-
en in the literature review section. When apply-
ing this model to non-scheduled passenger air
transportation for the first time, the effect of sea-
sonal factors was not taken into account. It was
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found that, unlike regular air transportation, the
effect of this factor does not create such serious
differences in non-scheduled passenger air
transportation. It is considered optimal to
achieve this result for another scientific inno-
vation of the research.

Conclusions

In conclusion, the ARIMA model offers a
valuable tool for forecasting non-scheduled air
transportation demand. By leveraging historical
data and capturing patterns, it provides decision-
makers with insights to optimise operations and
meet the dynamic needs of non-scheduled air
travel. Anomalous deviations were observed at
several points in the general trend when calcu-
lations were made in the ARIMA model. This is
due to the characteristics of non-scheduled air
transportation. It is possible to find such cases
with this type of transportation. Although we
incorporated some of the anomalous deviations
that occurred in the actual data in our research
into the process without applying smoothing
methods, this step did not affect the final results.
It is important to note that when reporting for
airports with intensive non-scheduled flights,
adding actual data to the process after processing
with smoothing methods will provide better re-
sults. Additionally, since each airport's capa-
bilities (number of aircraft, airport infrastructure,
number of flight crew, etc.) are limited, the time
sequence of non-scheduled flights (although a
random process) varies within a certain limited
interval. Regardless of how it changes in this
limited interval, a forecast model for a specific
airport can be built with machine learning (deep
learning) methods due to the inertia of non-
scheduled passenger air transportation. The
above-mentioned method (ARIMA) will become
a basis for making building this model. Further
research and refinement of the model can en-
hance its forecasting capabilities and contribute
to improved decision-making in the industry.
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