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MATHEMATICAL MODELLING
OF REGIONAL CARGO AND PASSENGER FLOWS:

The creation and implementation of the strategies for economic and social development in the Russian
regions for the period up to 2035 implies an adequate development of transport services affecting all economic
sectors and segments of the population. In this regard, we propose a model connecting the characteristics
of passenger and cargo flows with the parameters of economic and social development, as well as with the
region’s demography. This model allows specifying the congestion of the transport system resulting from
the implementation of plans for social and economic development and planned decisions in the sphere
of economic activity. For developing the model, we selected parameters describing the economic situation,
labour market, demography, living standards and social situation in the analysed subject. These parameters
have the highest correlation coefficients with the analysed characteristics of the transport infrastructure.
Further, we conducted a step-by-step regression analysis, adding to the already existing variables new ones
that gave the greatest increase in the determinacy coefficient R%. The model shows that the main factor
determining the amount of passengers transported by public buses is the annual average number of employed
persons. The passenger turnover is mostly affected by the population size. The volume of goods transported
by trucks is determined by parameters characterising the level of the production development (investments
in fixed assets, fixed capital in the economy, and the volume of shipped goods of domestic production).
The use of nonlinear models and networks did not significantly reduce the model’s errors. Additionally,
we clustered the Russian regions by indicators of socio-economic development and the characteristics of
transport infrastructure affecting traffic flows. Then we assessed the efficiency of transport infrastructure’s
exploitation in various clusters. This allows the targeted benchmarking, namely the selection of regions
mostly appropriate for comparison with the analysed one.

Keywords: passenger and cargo flows, passenger turnover, cargo turnover, socio-economic development, correlation
coeflicients, multidimensional regression, determinacy coefficients, data mining, clustering, Kohonen self-organizing map,
k-means method, hierarchical structure of clusters

1. Introduction

Currently, the processes of defining strategic development directions for various industries for
the period up 2035 are being complete. That fact, in particular, created a need for connecting strategic
targets in different areas and a task of forecasting passenger and cargo flows. They aim to ensure
the connection of transport infrastructure, public transportation routes, and rolling stock with the
defined and targeted values of socio-economic development. Moreover, it is necessary to consider
social impact of transport services that affect almost all industries, and a whole population [1], due to
the fact that problems related to passenger and cargo haulage can become a source of social strain and
macroeconomic problems.

It is necessary to move from simple tracking, used to plan logical relations among the target values
of a region's social and economic development with transport operation parameters, towards applying
more robust and statistically defined dependencies. Without claiming to resolve all the problems
that occur along this way, we present a relatively simple model that allows connecting economy,
demographics and other regional factors. It allows forecasting the results of transport operations
on the base of socio-economic forecasts and transport infrastructure’s development plans. We used
similar models in course of defining the transport development strategy for Sverdlovsk Oblast.

Mathematical modelling of transport systems traditionally attracts interest of the researchers.
For example, [2] used generalizing mathematical models to forecast traffic jams and to select optimal
topology of transport networks and approaches to modelling transport systems based on the graph
theory. Approaches to solving problems of forecasting short-term traffic flows for existing road
networks based on regression methods were described in [3-5]. Box-Jenkins method was reviewed in
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[6], and its analogues for time series were described in [7-9]. Also, for forecasting short-term flows in
transport systems a number of works used the methods of intellectual data analysis, namely, support
vectors method [10], and neural networks [11-14].

The aforementioned works were mostly concerned with solving problems of forecasting short-term
traffic flow in the context of a given transport infrastructure, for example, a specific road and street
network. That is unquestionably interesting from the point of mathematical modelling; however, the
above-mentioned approaches are inconvenient for solving the problems of long-term development
planning of transport systems. Obtainment of the necessary results for passenger and cargo flows at
regional level is quite complicated both in terms of collecting initial data and running computational
procedures.

In this regard, similarly to our previous paper [15], we suggest using an explicit and relatively
simple model based on multivariate regression for connecting the characteristics of passenger and
cargo flows with a region’s economic and other characteristics (reflected in the programmes of socio-
economic development) [16-19]. This model is described in 4.1. Moreover, we provide the model’s
extension for considering possible non-linear dependencies of the included parameters.

In the most general problem statement, it is necessary to examine various types of transport,
including public, private, land, air, river transports, etc. However, in such case, the adequate model’s
design would require collection and processing of data that is not available in full. Further, organisation
of these data’s collection, ensuring its completeness and integrity, is an independent and complicated
problem. So, the scope of this paper was limited by reviewing passenger and cargo flows related to
motor transport.

Another task worth mentioning in relation to the long-term planning of transport development
is benchmarking. That is a search for benchmarks or regions that are in some way similar to the one
in question, so comparison of the target region with benchmarks can be used as a base for making
management decisions. As an example, when analysing development parameters of transport services,
Sverdlovsk oblast is usually compared with Tyumen and Chelyabinsk Oblast, Perm region, and the
Republic of Tatarstan. Obviously, selection of benchmarks has a risk of subjectivity. Thus, it is necessary
to review the possibility of such clustering and choosing the regions suitable for benchmarking by
using intellectual methods of data analysis [19-25]. That procedure is done in 4.2.

Thereby, the paper aims to design mathematical models for connecting the characteristics of
passenger and cargo flows related to motor vehicles with the parameters that characterise a region.
As a source of data, we used the information from Federal State Statistics Service (Rosstat) on Russian
regions? for the end of 2017.

2. Analysis methods

The considered models were based on using statistical analysis methods:
— Correlation analysis and multivariate regression [16—-19],

— Intellectual data analysis [20-25], that includes:

— Clustering using k-means method [19, 23];

— Clustering using Kohonen self-organizing maps [25];

— Neural networks technology [20-22].

3. Results

3.1. General information and selecting parameters for analysis

We considered the following parameters characterising passenger and cargo flows:

— Cargo haulage, mln tons;

— Cargo turnover, mln tons/km;

— Passengers carried by public buses, min;

— Passenger turnover for public buses, mln passengers/km.
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% Regiony Rossii. Sotsialno-ekonomicheskie pokazateli [Regions of Russia. Social and Economic Parameters]. (2018). R32 Statistical
Digest. Moscow, Rosstat, 1162. Retrieved from: http://www.gks.ru/wps/wcm/connect/rosstat_main/rosstat/ru/statistics/publications/
catalog/doc_1138623506156 (Date of access: 01.08.2019).
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At the first step, from the list of parameters presented on the site of Federal State Statistics
Service, we removed the ones that have no logical connection with the above-mentioned parameters
of passenger and cargo flows (1). Correlation coefficients were calculated for the remaining parameters
describing regions and characteristics of passenger and cargo flows (1) for all federal entities of the
Russian Federation. Then, we discarded the parameters having zero correlation coefficients with
parameters from (1) for a significance level of 5 % [26]. As a result, a list of parameters for each entity,
displayed in Table 1, was selected for further analysis.

Table 1
Parameters of the constituent entities of the Russian Federation used to develop mathematical models
Item Parameter Measurement units

1 |Railroads density for the end of the year Kilometres of railroad tracks per 10,000 sq. km
2 | Density of hard-top public motorways for the end of the year Kilometres of roads per 10,000 sq. km
3 Number of public buses per 100,000 population, end of the

year
4 | Number of motor vehicle accidents per 100,000 population
5 |Area Thousand sq. km
6 |Population, as of 01.01.2018 Thousands
7 | Total number of municipal entities in a region
8 GI:OSS *regional product for a federal entity in current basic mln roubles

prices
9 | Capital investments mln roubles
10 Capital assets in economy (gross book value at the end of the mln roubles

year)

Amount of delivered goods, locally produced, work
1 performed, and services provided locally min roubles
12 | Gross agricultural output mln roubles
13 | Commissioned residential buildings Thousands sq. meters of total residential area
14 |Retail turnover mln roubles
15 Balanc.ed financial result (profit minus losses) of entity mln roubles

operations
16 |Average annual number of employed thousands
17 | Average monthly income per capita roubles
18 | Average monthly consumer expenses per capita roubles
19 |Number of private cars Cars per 1000 population
20 Total number of students (bachelor, specialist and master thousands

programs)
21 |Number of pensioners Per 1000 population
22 | Number of medical professionals (all specialties) Per 10,000 population

" For the end of 2016.

These parameters can be divided into five groups:

1. Transport infrastructure characteristics (1-4).

2. Overall characteristics of a federal entity (5-7).

3. Macroeconomic parameters (8—15).

4. Parameters describing population’s quality of life (16—-18).

5. Other social parameters that can affect passenger flows (19-22).

Density of railroads was included in the analysis due to the fact that goods are often delivered
to final user using motor vehicles. Therefore, potential development of railroad infrastructure can
cause increase in motor transport’s cargo turnover. Correlation coefficient for these two parameters is
positive, though quite small (0.15).
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It can be noted that the Parameter 3 from Table 1 does not have significant correlation with
passenger turnover parameters, which raises questions about efficiency of using existing bus stock.

3.2. Transport infrastructure use efficiency

Maintenance and improvement of transport infrastructure’s elements requires significant capital
and operational expenses that are partially covered from the budget of different levels. Therefore,
efficiency of using the infrastructure elements becomes important. For example, in order to access road
network’s efficient use for different federal entities, it is possible to use the following characteristic:

[==. (2)

where [ is the use intensity (load) of public motorways; Q is the average amount of transported cargo
per 1 kilometre of roads; L is the length of roads. Parameter (2) and comparison of its values for different
federal entities can be helpful while defining amounts of financing allocated to regions through federal
programs for the purpose of road maintenance.

For analysing passenger carriage, it makes sense to start from assessing transport mobility of
regional population for different federal entities. In order to do that, we used a parameter demonstrating
a number of passenger-kilometres per capita:

PT
M="—, 3
N ©)

P

where PT is a passenger turnover (passenger-kilometres), and N, is population of a federal entity.
Figure 1 shows distribution of M value for the entities of the Russian Federation.

One can see that distribution presented in Figure 1 is relatively symmetrical, which allows
speculation that transport mobility is substantially affected by random causes.

The efficiency of operating buses can be characterised by the average number of passengers (q)
transported by a single bus in a year:

Q

where Q is a total number of passengers transported by buses within a federal entity, and N, is a
number of buses. It is also possible to assess an average annual mileage per bus:

_PT
q

Like in (3), PT is a passenger turnover, and q is derived from (4).

Distribution of I, for the entities of the Russian Federation is shown in Figure 2.

Average number of passengers transported annually by a single bus is shown in Figure 3.

Of course, extensive use of buses (large amounts of transported passengers, and large annual
mileage) causes their excessive wear. So, it can be recommended to use data presented in Figures 2 and
3 for planning allocation of funds from various budgets for stock renovation and modernization.
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Fig. 1. Distribution of the entities of the Russian Federation by mobility of population (3)
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Fig. 2. Distribution of average annual mileage for a bus (5) in the entities of the Russian Federation
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Fig. 3. Average number of passengers transported annually by a single bus

4. Mathematical modelling of passenger and cargo flows. Discussion of the results

The previous section demonstrates that the key parameters that characterise efficiency of using
transport infrastructure can be calculated based on key characteristics of transport flows listed in (1).
This section covers possible mathematical models to be used for calculations.

4.1. Multivariate regression

For determining dependencies of characteristics listed in (1) we used stepwise multivariate linear
regression. At the first step we used a parameter from Table 1, which has the largest correlation
coefficient with a characteristic of interest, as an initial variable for calculating the said characteristic.
At the second step we sequentially considered remaining parameters from Table 1 and selected a
parameter providing the largest increase of determination factor and decrease of residual variance
[16—19]. The procedure is then repeated for the remaining parameters from Table 1 while the increase
of determination factor after adding new parameter remains significant. The obtained results are
included in Table 2.

The data from Table 2 can be used to assess characteristics of transport flows that can be used,
for example, in strategic planning processes where needs for passenger and cargo haulage must
correlate with the target parameters of social and economic development, demographic forecasts, etc.
Table 2 demonstrates that determination factors for all models are quite high. It is necessary to note
that probability distributions for residual values (differences between the actual values and values
determined using models from Table 2) with significance level equal to 5 % are subject to normal
distribution. Figure 4 shows distribution of residual values for the number of passengers carried in
different regions.
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Table 2

Results of developing multivariate regression models for the characteristics of passenger and cargo flows (1)

Coefflicients for independent variables in regression equations
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! Passengers carried by ~1.08E-05| 0.171 |2.94E-05 -8.98
public buses
Determination
coefficient R? 0.933 0.930 0.925
F -statistic 511.5 355.0 964.7
Ratio of a critical
F-statistic value for
significance level equal 0.011 0.010 0.007
to 1 % to the actual
value of F-statistic
2. P
assenger turnover 0.00020 | —2.14 | 523 | 188 |-7967
for public buses
Determination
coafficiont R 0.76 0.74 0.75 | 0.65
F-statistic 60.3 110.5 77,3 150.5
Ratio of a critical
F-statistic value for
significance level equal 0.059 0.044 0.052 | 0.046
to 1 % to the actual
value of F-statistic
3. Cargo haulage —0.026 0.00011 |—1.04 E-05 | 3.26E-05
Determination
coefficient R? 0.764 0.531 0.651 0.705
F-statistic 60.6 88.3 71.8 60.6
Ratio of a critical
F-statistic value for
significance level equal | 0.059 0.079 0.068 0.067
to 1 % to the actual
value of F-statistic
4. Cargo turnover -2.02| 2.07 0.00044
Determination
coefficient R? 0.792 1 0.738 0.817
F-statistic 146.2 | 219.6 112.9
Ratio of a critical
F-statistic value for
significance level equal 0.033 | 0.031 0.036

Note: increase of R? coefficient value corresponds with the sequence of adding independent variables in stepwise

multivariate regression.
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Fig. 4. Integral distribution function for residual values in the model of passenger carriage from Table 2. Normal distribution
function with mean value equal to zero and variation corresponding with actual value are shown for comparison purposes

Therefore, the models presented in Table 2 can be used to assess characteristics of transport flows,
including ones used in long-term strategic planning. In this case, the parameters specified in the
regional socio-economic development strategy allow determining the expected values of cargo and
passenger flows and planning the transport system’s development correspondingly.

At the same time, a substantial value of random components in the parameters of passenger
and cargo haulage (Figure 4) demonstrates presence of random processes affecting transport flows
that are not considered by a model. Additional sampling correlation analysis of random residual
values with the number of the Russian regions’ parameters? (not included in Table 1) did not reveal
significant correlations. We assumed that the reasons for the processes that cause appearance of
random components in parameters of cargo and passenger haulages are outside of the economy
and demographics sphere. Unfortunately, at the moment, there is not enough data to verify this
statement.

It can be suggested that quality of the models can be improved by considering the non-linear
dependencies of the traffic flows’ parameters from the characteristics listed in Table 2. For assessing
possible presence of heteroscedasticity [18] we created the logarithmic model (linear dependency of
a logarithm of an examined value from the logarithms of independent variables). The determination
coefficient for logarithmic model was usually smaller than the one of the corresponding models
mentioned in Table 2; distribution of residual value remained almost the same.

Neural networks technologies can be also applied for non-linear modelling of parameters of
passenger and cargo flows. According to A well-known Kolmogorov-Arnold theorem [27, 28], if there is
a functional relationship among the calculated parameter and model variables, it is possible to build
an approximation of a modelled value using the multilayer perceptron [20—-22]. Perceptrons were built
using Deductor Studio software by Base Group, academic version 5.3 0.88.

Architecture of the used multilayer perceptrons is not included here due to complexity of the
patterns. We used the independent variables from Table 2 as input variables for the perceptrons.
Determination coefficients for neural network models and distribution functions for random residual
values did not improve significantly when compared with models from Table 2.

Thus, the results demonstrate possibility of assessing the characteristics of passenger and cargo
flows based on limited number of parameters that describe the regional transport infrastructure,
economy and demographics by means of applying simple linear models presented in Table 2.

3 Regiony Rossii. Sotsialno-ekonomicheskie pokazateli [Regions of Russia. Social and Economic Parameters]. (2018). R32 Statistical
Digest. Moscow, Rosstat, 1162. Retrieved from: http://www.gks.ru/wps/wcm/connect/rosstat_main/rosstat/ru/statistics/publications/
catalog/doc_1138623506156 (Date of access: 01.08.2019).
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4.2. Clustering and benchmarking

As it was noted in the introduction, a common practice for studying region strategic goals is to
examine experience of its analogues in order to perform comparison and make required management
decisions. Basically, it is a classification problem, a search for the entities of the Russian Federation that
are in some aspects close to the target ones. Due to the fact that tasks of transport development arise
out of the socio-economic goals, and the corresponding parameters, as it was demonstrated above, are
defined by economic parameters and demographics, it is possible to classify the entities of the Russian
Federation using parameters from Table 2 as classification variables. Of course, such classification can
reveal regions that are “similar” in terms of transport systems as it is not absolute, so it makes no sense
to generalise it for the whole spectrum of socio-economic characteristics.

We used the k-means algorithm [19, 23, 24] for solving the classification problem.

Figure 5 presents structure of clusters, uniting federal entities in such way that elements of each
group are closer to the elements of the same group than to the elements from other groups. In this case,
proximity measure is the distance calculated in the space of all independent variables that describe an
entity (Table 2). Each cluster can be described using the so-called centroid— “centre of masses” for a
cluster defined by a multidimensional vector YC ={X, X,0» -, X}, where

X=X, (j) (6)

X, is the independent variable from Table 2, j is a number of an entity (M is a number of entities), i
is a number of a variable (n —total number of variables).

The closer the entity is located to the centre of a cluster, the higher is the confidence that the
entity was correctly placed in a cluster, thus, the higher is classification reliability. In Figure 5 the
entities of the Russian Federation are listed in order of increasing distance from the centroid*.

In the k-means algorithm clusters are formed iteratively. During the first step centroids are selected
randomly, then the process of consecutively adding point-vectors X(j) in the space of characteristics
takes place. After adding each point, the location of centroids is recalculated. The process ends after
stabilization of centroids’ positions (when the relocation for a given step falls under a predefined
threshold). The number of clusters in this case was defined automatically using the g-means algorithms
(sequential examination of the fact that data within each of the selected cluster falls under a definite
gaussian distribution). In case such examination produces negative results, each cluster is broken into
two new clusters. The process is repeated at each step of a procedure until the number of clusters and
centroid positions are stabilized.

Hierarchic structures presented in Figure 5 were built using minimum distance rule [19, 29]. At
the first step, the clusters closest to each other are combined into groups; then more remote clusters
are added until the whole hierarchy is formed. The distance among the clusters (groups of clusters)
corresponds with the length of a vertical line to the closest hierarchy node. Similar results were
obtained during clustering with the help of Kohonen self-organizing map [25]

It is necessary to point out that the regions traditionally compared with Sverdlovsk Oblast are
located in either the same or close clusters, independently of which clustering algorithm is used. It is
also necessary to note that Moscow and Moscow oblast constitute a separate cluster.

We consider differences in transport operations for the regions from different clusters. As Moscow
and Moscow oblast form a single cluster that substantially differs from clusters 1 and 2, only the latter
ones will be compared.

Distribution functions of parameters describing transport infrastructure for clusters 1 and 2 are
quite closes.

Nevertheless, there are substantial differences in the results of using transport infrastructure in
clusters 1 and 2. For example, Figure 6 presents data on cargo haulage, cargo turnover and transport
mobility of the population (for public buses). It is evident that distributions of these parameters in
cluster 1 are skewed towards greater values when compared with distributions for cluster 2.

Thus, the differences between the groups of the entities of the Russian Federation (grouped
using the k-means method) were caused by parameters of using transport infrastructures with similar

* Clustering using the algorithms was performed using Deductor Studio Academic version 5.3 0.88.
® For example, distributions for “railroads density” parameter for clusters 1 and 2 are the same with 5 % significance level, for “density
of hard-top public motorways” — with 1 % significance level, and so forth.
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Samara ohl Tambov obl. Moscow
Chelyuabinsk obl. Buryatia Moscow oblast
Tyumen obl. with Sakha (Yakut republic)
authonomous regions Lipetsk obl.
Novosibirsk obl. KHFEE”"' obl.
Tatarstan Kirov obl.
Perm region Udmurt Republic
Bashkortostan Tyumen obl w/o
Crimea with Sevastopol ~ authonomous regions
sverdlovsk obl. Yamalo-Nenetsk
Saint-Petersburg authonomous region
Krasnodar region Omsk obl.
Ornburg obl.

Fig. 5. Results of clustering the entities of the Russian Federation in the space of independent variables (Table 2) using the
k-means method. Regions traditionally compared with Sverdlovsk oblast are shown in bold
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Fig. 6. Distributions of parameters for using transport infrastructure in clusters 1 and 2 (a) cargo haulage; 6) cargo turnover;
8) transport mobility of the population (public buses)

parameters. That means that it is reasonable to use this clustering algorithm for benchmarking
(selecting subjects for comparison with the one in question).

5. Conclusion

The paper presents a model for indirect assessment of motor transport passenger and cargo flows.
The model allows estimating haulage, passenger, and cargo turnover without direct measurements of
the numbers of transported passengers and amounts of cargo, as it is are complicated, expensive, and
not always possible. Instead, our model uses indirect parameters that describe social and economic
development of a territory in question. Similar models have a wide application area: from current
strategic planning of territorial development for the period up to 2035, to operative and tactical
resolution of transport management-related issues. For example, such models can be used to determine
issues that transport infrastructure will encounter if the target economic and social development goals
are met (new industries, equipment modernization, residential construction increase, etc.)
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The analysis demonstrated that characteristics of passenger and cargo haulage over motorways
are mainly affected by parameters describing economic development of a territory (Table 2), such as:

— Capital investments;

— Capital assets in economy;

— Amount of delivered goods;

— Commissioned residential buildings.

Transport infrastructure and demographic characteristics are the second-tier factors, while the
effects of social factors are insubstantial.

At the same time, this macroanalysis does not provide answers for key questions of transport
planning, including definition of optimal routes and stop points, bus schedules, and cargo delivery
routes that minimize the strain on road network, etc. In order to solve these questions, it is necessary
to solve a number of problems related to the collection and storage of complete and adequate data
on the current status of transport flows, on both regional and interregional levels. Discussion of the
related issues can be a subject of a separate paper.

Inis also necessary to emphasise the perspectives of using the methods of intellectual data analysis
for passenger and cargo flows in order to both make forecasts, and reveal the most typical scenarios
of connections between social, economic, and transport systems, to reach the goals of their balanced
development.
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