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STUDY OF THE DYNAMICS OF EXPORT METAL PRODUCTS FREIGHT FLOWS AND THEIR
MATHEMATICAL MODELING UNDER CONDITIONS OF AN UNSTABLE ENVIRONMENT

The article examines how export transportation of metal products by rail changed under conditions of abrupt
transformations in the external environment. Particular attention is paid to the state of the transportation process before
the onset of large-scale disruptive events and to the way it evolved under their influence, reflecting its gradual
adaptation to new operating conditions.

For quantitative assessment, the following statistical indicators were selected: mean value, standard deviation,
and coefficient of variation. This approach made it possible not only to determine the transportation volume levels but
also to identify the internal irregularity of transportation over time, particularly the periods when fluctuations became
sharper and less predictable.

The results indicate that the transportation process underwent significant changes during the study period.
Initially, it functioned relatively steadily; however, it later shifted into a phase of pronounced instability. Subsequently,
signs of a new operating regime gradually emerged, better adapted to existing conditions. At the same time, the
variability of indicators increased, and the nature of their fluctuations changed. Changes in the intra-annual
distribution of transportation volumes were also observed, further confirming the non-stationary nature of the process.

To describe these changes, a mathematical model combining a trend component and fluctuations with variable
parameters is proposed. This approach makes it possible to simultaneously account for the general development trend
and short-term deviations. Model validation demonstrated that it reproduces real dynamics with sufficient accuracy
(mean relative error 11,81%, R% = 0,55), indicating its applicability as a practical analytical tool.

Overall, the obtained results contribute to a better understanding of transportation behavior under unstable
conditions and may be useful for forecasting and decision-making in logistics management, particularly in situations
characterized by uncertainty and variability.

Keywords: freight flows, export transportation, railway transport, mathematical modeling, seasonality, non-
stationary process, transport system, variation, forecasting.

INTRODUCTION

In modern conditions, transport systems increasingly deviate from the traditional perception of stable
and predictable structures. They are becoming more dependent on external factors, including economic and
political conditions, as well as infrastructure status, and respond to them quite sensitively. What only a few
years ago appeared to be a relatively organized process has now become subject to frequent changes. Under
such circumstances, the issue of transportation stability becomes particularly important, as transport serves as
the link between production, supply, and consumption.

Export transportation of metal products is one of the sectors where these changes are felt most acutely.
On the one hand, it is an important component of the economy, generating financial inflows and supporting
the functioning of entire industries. On the other hand, this segment is among the first to react to any
disruptions. Changes in transportation routes, restrictions on specific sections, or infrastructure failures are
immediately reflected in transportation volumes and operational rhythms. As a result, the system becomes
vulnerable even to relatively local disturbances.

Under martial law conditions, this vulnerability is further intensified. Transport operations are
accompanied by constant uncertainty, which is clearly reflected in transportation dynamics. Volumes may
change sharply, sometimes without any obvious reason at first glance. Irregularity increases, with periods of
relative calm alternating with sudden rises or declines. Seasonal patterns previously considered typical no
longer function in the same way or manifest differently. At the same time, new logistics solutions emerge -
often forced and sometimes temporary - but it is precisely these measures that enable the system to adapt, at
least partially, to the new conditions.

LITERATURE REVIEW AND PROBLEM STATEMENT

In contemporary transport system research, the focus is increasingly shifting from transportation
volumes themselves to the way these volumes behave over time. This trend is quite natural, as freight flows
prove to be far less stable than assumed by classical approaches. Even over short time intervals, their
dynamics may change rather sharply, and such changes cannot always be adequately explained by standard
models [1, 2].
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Traditional time series analysis methods, such as ARIMA and exponential smoothing, remain
fundamental analytical tools. However, their capabilities are limited by the assumption of relative process
stability. When the data structure changes, the accuracy of such models decreases significantly. For this
reason, they are increasingly being combined with machine learning methods [3, 4, 5]. This makes it possible
to better capture complex dependencies that are not always suitable for linear description and improves
model flexibility in practical applications [6, 7, 8].

This tendency is particularly evident in railway transportation. In this field, hybrid approaches have
effectively become standard analytical tools. Most commonly, these are combinations of ARIMA and neural
networks, where one part of the model is responsible for capturing the general trend, while the other accounts
for more chaotic short-term fluctuations [3, 8]. It is precisely these fluctuations that usually create the
greatest forecasting difficulties. Nevertheless, such models demonstrate better adaptability to data changes
compared with classical approaches [6].

Seasonality should also be considered separately. In theoretical models, it is usually represented as
stable and repetitive; however, real transport processes are more complex. Seasonal effects may vary both in
intensity and in form. In some cases, they become almost imperceptible, while in others they intensify
sharply. These features are better captured by modern exponential smoothing approaches with extended
seasonal structures [4], as well as by grouped time series forecasting models [5].

The problem becomes even more complicated when the system is influenced by external factors.
Crisis events, disruptions in logistics chains, and changes in transportation conditions all directly affect data
behavior. In such cases, structural breaks and shifts in operating regimes are often observed and can be
analyzed using change-point detection methods [9]. Similar effects are also actively studied in the context of
supply chain resilience and adaptation [10, 11, 12].

In practice, this is reflected in the fact that models previously demonstrating acceptable accuracy begin
to generate significant errors. The issue is not limited to changes in the trend alone - the structure of variation
itself changes, and the assumption of stationarity is no longer valid [2, 5].

Machine learning methods partially address this issue, as they are better suited to capturing complex
nonlinear relationships. However, they present another limitation: the results of such models are considerably
more difficult to interpret [7]. Therefore, increasing attention is being paid to forecast explainability
approaches, particularly the SHAP method, which makes it possible to evaluate the contribution of each
variable to the model output [13].

When transport systems are considered more broadly, it becomes evident that they operate in a
continuously changing environment and respond quite sensitively to external influences. This is especially
apparent in the analysis of large-scale transport datasets, where even minor changes in operating conditions
may cause noticeable fluctuations [14]. This phenomenon is most pronounced in export transportation of
metal products, where freight flow dynamics are particularly sensitive to external factors.

As a result, a typical problem for this field emerges: some models describe long-term behavior
effectively, while others better capture short-term fluctuations. Combining these aspects within a single
approach remains challenging, yet this is precisely the direction in which current research is developing [3,
5].

The reviewed literature also confirms that classical time series models are based on the assumption of
process stability. However, under real-world conditions, transport systems undergo continuous structural
changes, which require more adaptive modeling approaches [4, 9].

Within the framework of this study, attention is focused not only on forecasting but also on analyzing
how the structure of fluctuations changes over time. This makes it possible to gain a deeper understanding of
freight flow behavior and to describe it more accurately under unstable conditions.

PURPOSE AND OBJECTIVES OF THE STUDY

The aim of the study is to identify patterns in changes in export transportation of metal products and to
develop a model capable of adequately describing their dynamics under unstable conditions.

To achieve this aim, the following objectives were defined: to analyze transportation volumes for the
period 2021 - 2025; to assess the stability level of the studied process; to identify the nature of key changes
in transportation dynamics; to investigate the transformation of the seasonal structure; to develop a
mathematical model of freight flows; to verify the model based on actual data; and to evaluate forecasting
accuracy as well as the potential for further model improvement.

RESEARCH RESULTS

The object of this study is the process of export transportation of domestically produced metal
products by railway transport. To assess the stability of this process, statistical indicators were used,
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including the mean value, standard deviation, and coefficient of variation of transportation volumes (Table
1).

The application of these indicators makes it possible not only to characterize the overall level of
transportation volumes but also to assess the intensity of their fluctuations over time. The analysis was
conducted for two characteristic periods: the pre-war period (2021) and the period of operation under martial
law conditions (2022 - 2025). This approach is consistent with methods used in the analysis of transport
systems under crisis conditions and makes it possible to trace the transformation of the transportation process
under the influence of external destabilizing factors.

These factors primarily include damage to transport and energy infrastructure caused by hostile
attacks, changes in logistics routes, and restrictions on the use of rolling stock.

Table 1 — Statistical indicators of transportation process stability for 2021 - 2025

Year Mean Standard deviation Coeff!ugnt of Notes
variation

2021 1310 95,22 7,27 stable process

2022 456,6 376,26 82,41 severe instability

2023 378,8 44,59 11,77 moderate fluctuations

2024 430,7 62,16 14,43 moderate fluctuations

2025 486,8 76,71 15,76 moderate fluctuations

The analysis of the indicators presented in Table 1 demonstrates a significant change in the nature of
the transportation process during the study period. In 2021, transportation was characterized by a high level
of stability, as confirmed by the low coefficient of variation (7,27%), which is typical of relatively
predictable transport system operation.

In 2022, a sharp increase in the variability of transportation volumes was observed, with the
coefficient of variation reaching 82.41%. Such dynamics indicate substantial disruptions in transport system
functioning caused by wartime factors, including attacks on energy infrastructure, changes in transportation
routes, and restrictions on export opportunities.

Beginning in 2023, a tendency toward partial stabilization of the transportation process can be
observed. The coefficient of variation decreased to 11,77% and remained within the range of 14 - 16%
during 2024 - 2025, corresponding to a moderate level of fluctuations. This trend indicates not a return to
pre-war conditions, but rather the formation of an adaptive operating mode of the transport system.

Figure 1 presents the dynamics of transportation volumes, illustrating the transition from a relatively
uniform distribution in the pre-war period to a sharp decline and increased irregularity in 2022, followed by
gradual recovery in subsequent years.
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Figure 1 - Dynamics of transportation volumes by month (2021 - 2025)

The analysis of the graphical relationship confirms the identified trends: following a sharp decline in
transportation volumes during the crisis period, their gradual recovery can be observed throughout 2023—
2025.

The obtained results are consistent with the analysis of freight flow seasonality indices (Figure 2),
which reflect the transformation of the intra-annual transportation structure. In 2022, the seasonal pattern
experienced significant disruption, while in subsequent years a new seasonality model emerged, adapted to
the changed operating conditions of the transport system.
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Figure 2 - Comparison of freight flow seasonality indices
Thus, the study results make it possible to distinguish three characteristic stages in the development

of the transportation process: a stable pre-war period, a phase of sharp destabilization, and a stage of
adaptation to new operating conditions.
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Changes in the intra-annual transportation structure indicate the non-stationary nature of the process,
which combines a long-term development trend with seasonal fluctuations of varying intensity.

These features determine the need for further development of a mathematical model capable of
adequately reflecting the identified freight flow dynamics and accounting for the influence of external
factors.

Mathematical model of freight flows.

To describe changes in freight flows over time, a mathematical model is considered that
simultaneously accounts for the general development trend of transportation volumes and their characteristic
seasonal fluctuations [11].

Let x denote the period number (month), and f{x) - the freight flow volume at the corresponding
time. In this case, the relationship can be expressed as:

Flx) =90 e ~%028%. 5in(0,75x + 0,006x2) + 4,8x + 312 (1)

Parameter identification of the mathematical model was carried out using the least squares method,
which was chosen due to the need to approximate the empirical time series with an analytical function and to
minimize deviations between simulated and actual transportation values. This method is appropriate under
conditions of a limited sample size (42 monthly observations), ensures the stability of parameter estimates,
and preserves their interpretability.

It should be noted that the sample size limits the possibility of applying more complex stochastic or
neural network-based models; however, it is sufficient for constructing an interpretable analytical
dependence focused on analyzing the nature of dynamics rather than high-precision forecasting.

The application of the least squares method is consistent with the generally accepted practice of
analyzing non-stationary transport processes and is a justified tool for estimating parameters of combined
regression models [3, 13].

Unlike simplified approaches, the proposed model combines several components, each of which has
its own substantive interpretation.

The linear component reflects the gradual change in transportation volumes over the long term. Its
presence may be associated with the development of transport infrastructure, changes in demand structure, or
the overall dynamics of economic activity.

At the same time, the oscillatory component captures seasonal effects, which in practice are rarely
strictly periodic. In the model, these effects vary over time: the amplitude gradually decreases, which may
indicate a certain stabilization of the process or adaptation of the system to new operating conditions.

Attention should also be paid to the argument of the sinusoidal function—it is nonlinear. This allows
for changes in oscillation frequency to be taken into account, which is typical for real transport processes,
especially under unstable external conditions.

Thus, the proposed dependence does not merely approximate the data but reflects the key features of
freight flow dynamics.

To verify the appropriateness of the model, it was further tested against actual data.

Modeling Results and Validation.

After constructing the mathematical model, its validation was carried out by comparing the
calculated values with the actual data. This approach is standard in time series model evaluation problems
[12, 14].

Figure 3 presents the dynamics of actual and simulated transportation volumes. Overall, it can be
noted that the model reproduces the main regularities of the process quite well: it captures both the general
trend in the indicator and its seasonal fluctuations. At the same time, in certain periods, deviations between
observed and modeled values can be seen, which is natural, as the model does not account for all possible
external influences.
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Figure 3 - Dynamics of actual and modeled freight flow values

For a quantitative assessment of approximation accuracy, a set of aggregate indicators was used. The
coefficient of determination is R? = 0,55, which corresponds to a moderate level of agreement between the
model and the observed data. This value is explained by the high variability of the studied process and the
presence of external factors that are not formalized within the model, which is typical for non-stationary
transport systems [7]. The mean absolute error equals 45,41, while the root mean square error is 59,84. The
mean relative error is 11,81%, which can be considered an acceptable result for problems of this type.

Additionally, the behavior of model residuals was analyzed (Figure 4). In most cases, they fluctuate
around the zero line, indicating the absence of systematic bias. At the same time, several significant
deviations are observed, which are random in nature and are likely associated with the influence of external
factors not accounted for in the model.
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Figure 4 - Residual analysis of the model

The distribution of residuals (Figure 5) does not reveal any critical anomalies: the shape of the
histogram is generally symmetric, although a full correspondence to a normal distribution is not observed.
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Summarizing the results, it can be concluded that the developed model is suitable for the analysis
and approximate forecasting of freight flows. At the same time, to improve accuracy, it is advisable to extend
the model by incorporating additional factors, primarily those responsible for sharp fluctuations in
transportation volumes.

DISCUSSION OF RESEARCH RESULTS

The obtained results make it possible to generalize the observed changes in the transportation process.
The sharp increase in variability in 2022 effectively indicates a loss of system stability and a disruption of its
usual operating regimes. The subsequent reduction in fluctuations should not be interpreted as a return to the
previous state; rather, it reflects a transition to a new, adapted operating regime.

A noticeable change is also observed in the seasonal structure. This indicates that the process has
become non-stationary and that its internal organization has changed.

The proposed model only partially captures these changes, as it does not account for external factors
influencing transportation dynamics. In practical terms, it reproduces the general behavior of the time series
reasonably well and can therefore be used for approximate forecasting; however, it requires further
refinement when higher accuracy is needed.

As the analysis shows, transportation dynamics are not homogeneous: they combine slow long-term
changes with pronounced short-term fluctuations. Statistical evaluation made it possible to clearly identify
the turning point in 2022, when stability was effectively lost, followed by a transition to a different system
operating mode.

Overall, the model reflects the main characteristics of the process - trend, seasonality, and time-
varying amplitude of fluctuations-thereby enabling a shift from a descriptive representation of the
phenomenon to a more formalized analytical framework.

CONCLUSIONS

The conducted study has shown that transportation dynamics are complex and heterogeneous. They
combine long-term changes with short-term fluctuations, which may differ significantly in intensity.

Three main stages of process development have been identified: stable, crisis, and adaptive. The most
pronounced changes occurred in 2022, after which the system gradually transitioned to a new operating
regime.

The proposed model allows for the description of the main features of the process, including trend,
seasonality, and time-varying amplitude of fluctuations. At the same time, it requires further improvement,
particularly through the inclusion of external factors. In future research, it would be appropriate to consider
incorporating exogenous variables such as infrastructure, energy, and regulatory factors.
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MeTAJTONPOAYKIii Ta IX MaTeMaTU4YHe MOJETIOBAHHS B YMOBAaX HeCTa0LILHOTO cepe1oBHIIA

VY craTTi mpoCTEeKEHO, K 3MIHIOBAINCS EKCIIOPTHI MEPEBE3CHHS METAJONPOAYKIIl 3ai3HULECIO B
YMOBaxX pi3KHUX 3MiH 30BHIIIHBOTO cepeoBUIIIa. AKIEHT 3p00JIEHO HA TOMY, SIKUM OYB CTaH TPaHCIIOPTHOTO
MPOLIECY JI0 MMOYaTKy HOBHOMACIITAOHUX MOJIH 1 IK caMe BiH IIOYaB 3MIHIOBATHUCS i IX BIIMBOM, TOOTO SIK
BigOyBaacst Horo mocTynoBa rnepe0yaoBa.

Jnst KiAbKiCHOT OIHKM OOpaHO Taki CTaTUCTWYHI 1HAWKATOPH - CEpelHE 3HAYEHHS, CTaHAAapTHE
BiIXMJICHHS Ta KoedirfieHT Bapiarii. Takuit miaxia naB 3Mory He Jiuiie 3adikcyBaTH PiBeHb IepeBe3eHb, a i
no0aunTH iXHIO BHYTPIIIHIO «HEPIBHICTB» Y 4aci, 30KpeMa BUSBUTH MEPiOAW, KOJIM KOJMBAHHS CTaBaJll
OLTBII PiI3KMMH Ta MEHLI Ilepea0auyBaHUMH.

Pesynbraru cBifuaTh, MO TPAHCIOPTHHMA MPOILIEC 3a MOCIIPKYBAHUN MEPiOj 3a3HAB BIAYYTHUX 3MiH:
SKIO CIOYaTKy BiH (YHKI[IOHYBaB BIJIHOCHO PIBHOMIPHO, TO 3roJIoM TMepednioB y dasy pi3koi
HecTabinmpHOCTI. [licas bOro MOCTYHNOBO MOYadM MPOSABISTHCA O3HAKHM HOBOTO PEXHUMY pOOOTH, OibIx
MPUCTOCOBAHOTO JI0 HAsSBHUX YMOB. [Ipy 1IbOMy 3pociia MiHJIMBICTh TIOKA3HUKIB, a XapakTep iX KOJMBaHb
craB iHmmM. Takox 3BepTae Ha cebe yBary 3MiHa BHYTPIIIHBOPIYHOI'O PO3MOALIY IEpPEBE3eHb, IO
JOJAaTKOBO MiATBEPKY€E HECTAlliOHAPHICTh MPOLIECY.

st onucy nuX 3MiH 3apONOHOBAHO MaTeMAaTU4YHY MOJENb, Y SIKi O€AHAHO TPEHAOBY CKIIAIOBY Ta
KOJIMBaHHS 31 3MIHHMMHU napamerpamu. lle 103Bojsie OZHOYACHO BpPaxOBYBaTH 3arajllbHy TEHJAEHIIIO
PO3BHUTKY 1 KOPOTKOCTPOKOBI BimxuieHHs. llepeBipka mokasana, IO MOJCHIb TOCHTH JOOpE BiATBOpIOE
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peanbHy auHAMiKy (cepemHst BimHOcHa moxmbka craHoButh 11,81 %, R? =0,55), To6TO MOXE
BUKOPHUCTOBYBATHUCS K POOOYHIA IHCTPYMEHT aHAII3Y.

VY minomy oTpuMaHi pe3yilbTaTH JAIOTh MOXIIMBICTH Kpaile 3pO3YMITH IOBEMIHKY NEPEeBE3CHb y
HecTabITPHIX YMOBaX 1 MOXYTh OYTH KOPUCHHMH IIPH MMPOTHO3YBaHHI Ta MPUHHSITTI YIPaBIIHCHKUX PillIEHb
y cdepi JOTiCTHKH, 0COOIUBO TO1, KOJIM CEpeOBUIIIC 3TNIIAETHCS HEBU3HAYCHUM 1 3MiHHHM.

Knwuogi cnosa: BaHTRXOMOTOKH, €KCIIOPTHI MEPEBE3CHHS, 3ali3HUYHUN TPAHCIOPT, MaTeMaTHYHE
MOJIETIFOBAaHHS, CE30HHICTh, HECTAIlIOHAPHUI MPOIIEC, TPAHCIIOPTHA CHCTEMA, Bapiaisi, TPOrHO3yBaHHS.
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