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Abstract: This paper introduces and describes a method for extracting, processing, and analyzing large amounts of track geometrical data. It allows for a more accurate
description of the orbital deterioration correlations than currently applied procedures, and it seems to be more valuable and efficient in practice. The initial data were the track
geometry measurement and classification data for the whole national network provided by the Hungarian State Railways, i.e., the MAV PLC. The MAV provided data for the
whole Hungarian railway network for 27 half-years, measured and recorded by the FMK-004 type special diesel locomotive (i.e., track geometry measuring car). The paper
discusses the development of a procedure to automatically compute important condition ratings from the available data set of millions of units according to the algorithms
created for railway industry colleagues, thus helping the maintenance and renewal decision-making process. Functions have been developed to classify the track geometry
condition of a given railway line, to predict how long the service level can be maintained without intervention (i.e., e.g., lining, leveling, and tamping with a mechanized
maintenance train), to determine the time of the necessary maintenance intervention, the time of the upgrade (rehabilitation or modernization), and to develop a track
geometry prediction procedure that makes full use of the mathematical and computational possibilities of the present day.
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1 INTRODUCTION

Railway transport is one of the most environmentally
friendly modes of land transportation and the most energy-
efficient in terms of the weight of goods transported [1]. Its
"competitor", mainly because of journey/transportation
times, is road transport [2, 3]. Unfortunately, for shorter
distances within and between countries and continents, and
for small volumes of specialized goods transport, railway
transport is often unable to compare with road transport.
This means that door-to-door transport by railway is more
challenging. For significantly longer transport distances
(i.e., e.g., more than 1000 km), air or water/sea transport is,
in most cases, the appropriate choice. Unfortunately, these
cannot easily compete with land transport due to several
factors (which are not detailed in the current article due to
the limited space).

The general design (superstructure set-up) of railway
tracks can be divided into two main categories/types [4]:
the traditional ballasted design with crushed stone ballast
[5] and the ballastless solutions (e.g., slab tracks) [6].
Within these, track systems can be of either fishplated rail
joints [7] or so-called CWR design (continuously welded
rail) [7-9]. Regarding lifetime cost, the preferred solution
is always the CWR one. For larger available resources,
ballastless designs are the preferred option (construction
costs can be significantly higher than for a ballasted
superstructure, up to 2-3 times higher) [4]. In the case of
ballastless tracks, the substituting of the elastic behavior of
the track structure is needed by special elements, e.g.,
elastomers, damping solutions, etc. [10, 11]. Using
modern, up-to-date solutions and elements in the railway
tracks, the evolved mechanical stresses and strains can be
reduced both in the superstructure and the substructure.
Due to the physical phenomena of the deterioration
(geometrical and structural) of the engineering structures
(the authors involve the railway permanent ways and their
tracks and the related elements, e.g., turnouts and crossings
[12-15] in this category), maintenance is a vital procedure
[16]. Parallel the straight sections, the relevancy of curved

ones must be mentioned [17, 18]. If someone analyzes the
behavior of the railway track and its deterioration, the
stiffness [18] and the dynamic modeling [19] are also
relevant factors.

The allocation of maintenance resources to the railway
sector has always been a process that required a great deal
of preparation and engineering judgment, and this is still
the case today. Limited budgets always force the
maintainer to prioritize and schedule network rail sections
according to some reasoning system. These argumentation
systems are typically based on engineering; even in this
case, it is difficult to determine which model or
intervention system is the most appropriate. Typically, the
railway maintenance process can be carried out in three
ways, such as predictive, preventive, and corrective
maintenance [17, 18]. Corrective maintenance is the least
efficient and expedient method of using material resources
[20]. Preventive maintenance is the most typical and
widespread of the three types of maintenance, but its main
disadvantage is that it requires systemic intervention and
touches parameters of the track condition that may not
necessarily require intervention. The third and perhaps the
most forward-looking is the predictive form of
maintenance, which predicts the extent of some defect in a
given section of the track as a function of time or train
passage [20].

The timing of interventions should consider all factors
that may have some cost implications [21]. Therefore,
among other things, the track condition of a given railway
section, the disruption to traffic flow caused by
maintenance works, and the delays caused by this. The type
and necessity of intervention will be significantly
influenced by whether a condition problem occurs at a
level that requires immediate action.

The authors of this study are aware that establishing a
correct maintenance system, a sufficient quantity and
quality of data chains, models to analyze them, knowledge
of the elements of the respective intervention system, and
finally, a decision support system based on their
parameters are necessary. Among the factors listed here,
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this paper aims to present a set of procedures for collecting,
filtering, and systematizing data, then compare path
degradation models with each other and with reality and
illustrate the consequences of decisions made using
different models.

2 LITERATURE REVIEW

Generally speaking, the geometric degradation (or, in
other words, deterioration) of railway tracks impacts track
quality, running, comfort, and safety, as well as reliability,
availability, allowable train speed, and overall railway
performance [22]. A wide variety of methods and systems
have, therefore, been developed worldwide to determine
the timing of interventions. A predictive model creates a
digital twin with deep learning systems, intending to
optimize the existing problem for intervention response
and cost [20]. Among the studies, one tried to optimize
both objective functions: the total cost of planned
maintenance and rehabilitation measures and the total
number of trains caused by speed restrictions [23]. Swedish
scholars also believe [22] that railway track maintenance
should integrate proactive solutions to achieve the desired
goals.

Following the example of Swedish researchers [22], it
would be necessary to create a life cycle cost model that
can compare the degradation process of a track in time with
the intervention costs for the desired level of service and
then analyze the systematic costs of interventions or non-
interventions. In the Netherlands, there are two
intervention-level groups for repairing defects: a group of
lower and a group of higher-level interventions [21]. As
other literature points out, maintenance costs can be
reduced by implementing a long-term maintenance
strategy and performing preventive maintenance activities.
Furthermore, decision support systems in rail infrastructure
can help reduce maintenance and renewal costs while
mitigating the effects of train delays and enabling more
informed decision-making on maintenance and renewal
actions [23]. Studies and academic research show that
maintenance costs can be reduced by implementing a long-
term maintenance strategy and preventive maintenance
activities [22]. It was the work of Pal Vaszary [24, 25] and
his colleagues [26] that defined the theoretical exponential
predictive model, which was later used and simplified into
a linear model by Veit et al. [27, 28]. At present, the
application and sub-analysis of these predictive models are
in the hands of the railway section engineers, who
determine what kind of degradation can be assumed for a
given railway line in the coming period. Therefore, the
authors of the current paper intended to create an analytical
procedure highlighting the nature of these processes and
assisting the experts in their decision-making.

The evolution (over time) of the geometry metrics and
qualifiers without intervention typically shows a
deteriorating character. Once they reach a limit value,
various guidelines, instructions, and regulations will
provide answers as to the timeliness and manner of
intervention activities. The current regulation in Hungary
is based on the European standard EN 13848-5, which
defines three main limits [29]:

- AL - Alert Limit: the value beyond which the track
geometry condition must be analyzed and taken into
account in regularly scheduled maintenance operations.

- IL - Intervention limit: the value above which
corrective maintenance must be carried out before reaching
the immediate action limit.

- IAL - Immediate action limit: the value beyond which
a speed limit or immediate track geometry correction is
required.

It is always considered an essential question regarding
what resources are available to complete the engineering
job that has been assigned. Infrastructure maintenance and
renewal costs on Europe's conventional main lines can be
as high as $150 000 per kilometer per year, and two-thirds
of these costs are related to the track system [30]. Several
studies have shown that existing maintenance costs can be
expected to be reduced by 20-30% by developing a risk-
based approach to infrastructure maintenance [31]. Track
substructure maintenance costs account for 55% of the total
maintenance costs for high-speed lines [32]. Several
research groups [33] have also investigated the value of the
relationship between planned and unplanned maintenance
and its effectiveness. In their study [34], the authors
conclude that a maintenance regime built with optimal
maintenance interventions is associated with lower costs
than regular preventive maintenance. They conclude that
railway sections with the highest deterioration rate should
be monitored to determine the optimal intervention time for
track geometry correction. There are also studies [35] that
do not test their theoretical models under real conditions
but test the optimal intervention window on a fictitious
railway infrastructure crossing several national borders. In
[36], an Integrated Maintenance Index (IMI) was
introduced in which the track geometry data is weighted by
the number of defects, the magnitude of defects, and the
impact of defects on safety. This is used to produce a track
maintenance plan. In [37], a strategic approach to the
design of existing maintenance systems is evaluated using
various analytical and descriptive parameter tables, paying
attention to the interdependencies between the type of
intervention and the sensitivity of the section.

There are many ways of describing the deterioration of
track geometry status in the literature. Some deterioration
models treat the deterioration phenomena of a recently
upgraded track section with a lognormal coefficient [30].
The literature divides statistical processing into four
groups: open sections, main tracks of stations, secondary
tracks of stations, and tracks on bridges. Their study
analyzed only open sections, separating straight and curved
sections. Several pieces of literature [30] highlight that
there is no or very sparse data on the condition of existing
railway lines in a given country, making the modeling
process difficult for researchers and engineers. There are
stochastic mathematical modeling techniques for
predicting the correction of track geometry as preventive
maintenance, where the change of the standard deviation
of level is examined to determine the appropriate
intervention time [38]. Indian researchers [39] also work
on a system to help in decision Support, using Al and other
advanced technological analysis software. In [40], a
colored Petri net method is used to predict the degradation
state of a given section of the track and its degradation rate
by Monte Carlo simulation to estimate the type of
interventions and optimize the costs. In [41], the problem
of what logistical and tactical elements of the maintenance
flow should be included in the decision chain so that
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maintenance capacity is available is addressed. In [42],
they have demonstrated the effectiveness of their model on
a numerical model based on sensitivity analysis. Using a
model with two heuristic algorithms, they were able to
quantify that maintenance and renovation costs can be
reduced by up to 14%. Their model [43] proposes three
output decisions: maintenance, refurbishment, and doing
nothing. In [42], they present a system using a Monte-Carlo
simulation technique with 14 components, with two levels
of decision-making, one level acting on system-level
interventions and the other recommending interventions
that affect the components. Basically, it can be stated that
many studies are being done on the rail maintenance and
repair system, trying to optimize every element of the rail
system from a cost-efficiency point of view. Such as [44]
on optimizing the maintenance interventions for railway
bridges in which the annual running costs are optimized,
the data-driven decision Support model for railway
signaling system failures that integrates different
parameters of maintenance data, and the maintenance
performance considering different parameters. In [45], two
different scenarios are used to illustrate the high-speed line
intervention model. One scenario is the traditional
intervention model, while the other is a scenario with
intervention options built with a narrower toolbox and
narrower options. The study tried to draw attention to the
need to take into account the consequences of the
interactions between the operational system and the
preventive maintenance requirements when making
decisions. It can also be seen in the study reported in [46]
that the impacts on the track are not characterized as a
product of throughput and load or as a function of any
number physically loading the track but rather as time
intervals, typically in four increments. They created
mathematical models that led to three results: do nothing,
maintenance, and replacement. The inputs to their models
are number of components, length of design phase, number
of intervals, condition of the given component, repair
factor of the given component, unexpected failure cost of
the given component, maintenance cost of the given
component, replacement cost of the given component,
fixed cost of the system, reliability of the components in
the system, maintenance budget available for the order. In
the same study [46], two non-linear models that seek the
minimum cost with maximum reliability were constructed.
However, it also concludes that their model is limited in
terms of the number of components that can be considered.
As reported in [47], many studies consider the stochasticity
of the faults measured in the railway track independently
of the maintenance schedule. Detailed data are not
necessarily needed if exact data are available. In the
literature search, several studies were found where, similar
to the present study, regression-based deterioration models
were used to describe the state of the track over time,
supplemented with artificial neural networks [48].
Similarly [49] used artificial neural networks (ANNs) to
investigate the deterioration of the geometric condition of
the railway track. Several others emphasized other data or
parameters: while [46] focuses on the geometry and
structural elements of the railway track, [48] focuses on the
traffic passing through the railway track section. In [50],
linear regression is used for the track deterioration model,
while ordinal logistic regression is used to estimate the

occurrence of local defects. The study in [51] showed that
an Adaptive Network-based Fuzzy Inference System can
handle the prediction of the gauge values of straight lines
and curves with an approximation of 0.6 and 0.78 R2,
respectively, which has been wvalidated by real
measurements. The ANN built in [52] had 12 input
variables (ballast age, maintenance history, rail type,
sleeper type, sleeper age, level crossing, bridge, track speed
class, average annual frequency of trains, degradation
value after tamping, curvature) while experimenting with
the number of hidden neurons where it started with 3
neurons and terminated with 20 neurons, observing the R?
value in both learning and testing phase. Finally, they
concluded that 10 hidden neurons were the ones that
yielded the appropriate accuracy, namely R?=0.85, which
is sufficient to state that the model can predict the decay
rate correctly.

3 MATERIALS AND METHODS
3.1 The Source of Data

Assessing the condition of railway tracks is in the
fundamental interest of all maintainers. Swedish scholars
measure more than 30 railway parameters, pointing out the
need to improve the accuracy of the GNSS identification
[22]. They also face the problem of a lack of a long-term
maintenance strategy and, therefore, use only arbitrary
judgment and historical data to plan maintenance activities
[22]. Overseas, the TQI (track quality index) is typically
used to represent track conditions. TQI is traditionally
derived from the measured values of the rail track
geometry per foot [53]. In Hungary, as in other countries,
the rail track geometry is characterized by its three most
characteristic properties.

Figure 1 FMK-004 Track measuring car
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As described by MAV KFV Ltd., the FMK-004
measuring car performs track geometry measurements in
several countries of Central Europe in addition to Hungary.
The measuring car is diesel-powered and self-propelled.
The track measurement results are available in printed and
electronic form in real-time on the measuring car and for
the customer immediately after the measurement is
completed. The geometric measurement results are
viewed, evaluated, and analyzed by the office system.

The track geometry measuring system is contact-
based, i.e., the measuring system calculates most of the
measurement results from the movements of the wheels
rolling on the rails (a total of 18 wheels, larger or smaller,
on nine axles). The measuring system can also provide
alignment and longitudinal level diagrams on distortion-
free and original chord bases. The cross-level is determined
using a gyroscope. The twist can be calculated for different
bases.

The track geometric parameters that can be provided

are:

- gauge,

- cross-level,

- twist (on five different basis),

- longitudinal level (on original chord and D1 or D2
wavelength range),

- alignment (on the original chord and D1 or D2

wavelength range (see Fig. 2).

) Ji)
o e = Y

Track Twist

Figure 2 Explanation of the three types of track geometric characteristics
measured by the FMK-004 measuring car

The relative geometry of the rail track is described by

three measuring numbers:

- alignment as AL,

- longitudinal level as LL,
- track twist as T7.

The Qualification number is the arithmetic mean of
AL, LL, TT on 2.5 m basis and 77 on 6.0 m basis values,
which describes the general geometric condition of the
track. It is calculated to a given qualifying length (earlier
500 m, currently 200 m) [29]. Other outputs that require
processing are measurement graphs (different measuring

limits with objects), a list of local defects (taking into
account different measuring limits), and general track
condition judgment (evaluation) by measuring and
qualification numbers (at any length).

It is worth mentioning that in Hungary, two measuring
wagons can make geometric measurements of railway
lines. They can provide the exact data for 500 m by 200 m
and 25 cm section lengths. In our research, very long data
series availability was more important than the
segmentation of the qualifying section, so we stuck to the
500 m data. However, in further research, we can analyse
other data using the process developed in this paper.

3.2 The Procedure of Data Analysis

It was already probable during the literature search,
and the amount of data the authors received for the studies
ensured that only a computer procedure could process data
of the order of millions of units. Since the data was
obtained in Excel and the industry uses this program, it was
obvious to use the built-in Visual Basic for Applications,
an object-oriented, event-driven, structured programming
language developed by Microsoft with an integrated
development environment. MATLAB was used, and a
specialized program system was developed to perform
numerical calculations and use a programming language.
The programming system developed by MathWorks can
perform matrix calculations, represent functions and data,
implement algorithms, and create user interfaces. Although
the software is purely numerical, it can display
mathematical expressions graphically by adding the
MuPAD package. (Matlab, 2021) Furthermore, it was
helpful in the artificial neural network process, as it is well-
programmable to handle and process databases prepared in
Excel. Finally, a significant part of the statistical analyses
was performed using a software tool called RStudio.

A computer procedure was made to automatically
process the measurement and classification data provided
by the FMK-004 track geometry measuring car, determine
the change in geometric condition based on time series
values, provide a forecast of the change with its accuracy,
determine the place and time of the necessary maintenance
intervention, help the engineer in track condition analysis
and the preparation of more complex professional
decisions. Due to the length of the program's original
flowchart, only the extract is available here in Figure 3.
Still, a more precise and detailed description is also
available [54], illustrating and explaining the flow data's
context in more detail.

The program:

- collects a specified number of consecutive half-year
data series without any additional work,

- fits linear, exponential, logarithmic, and power-based
regression descriptors to the collected data series,

- collects the function parameter and deterministic
coefficient of each regression equation, classifies
them, and writes an equation of each of the four types
for the line in question, which is plotted on a graph,

- plots the parameters of the equations separately on
histograms and, according to the distribution, further
ranges can be selected for which the parameters of the
given type of function are repeatedly calculated,

- calculates the correlation between the desired
measures and the desired rating, i.e., the magnitude of
the linear relationship between two values,
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- calculates the deviation of missing or outliers from the Descriptive ~ Statistics, Comparative Distribution
regression-fit equation of the data series, Analysis, and Paired t-test,

- creates some statistical analysis of the geometrical - Dbuilds up seven models and creates a comparative
deterioration values of three railway lines, like analysis to describe the accuracy of the models.

Kolmogorov-Smirnov, Welch two-sample t-test,

Data preparation

Creation of a
database for the
railway line under

investigation

Geometrical
parameters
Great Table
2007-2013

Geometrical
parameters
Great Table
1999-2007

Create a CATALOG
SYSTEM

Make corrections on
the GREAT TABLE uses
the CATALOG SYSTEM

DATABASE
OF A GIVEN
RAILWAY
LINE

Data preparation
process for migrate
into one
GREAT TABLE

Data pre-analysis of one selected railway line Deeper data analysis of selected railway lines

. . Match the geometrical and phisical parameters of
Select a railway line g
the railway lines

Database of Railway
lines

Built up new models

For the collected consecutive time series of at least six Statistical analysis of the
semesters, the program generates differential models by geometrical
regression fitting. deterioration values of

three railway lines
. | Number of half-years [ 1
Linear Regression |

—1

Kolmogorov=-Smirnov

i Start section I test
> Exponential — 1 X I Four basic models
Repgression | track scaling factor  f ¢

E Welch Two-sample t-test

initial value of the
deterioration
equation of the
given section

= Power Lograithm —
Regression

Natural Logarithm
Regression

Statistical calculations

Linear Regression

—  Exponential Regression €]

Descriptive Statistics

Comparative
‘ Distribution Analysis

] l—  Artifical Neural Network <€

[

Paired t-test

Making a comparative
analysis of the accuracy
of the seven models,
validated with real track
geometry data.

Mean value
Standard Error
Standard Deviation
Range
Minimum Value

Saved file(s) about
the selected
railway line

Mean value
Standard Error
Standard Deviation

Range
Minimum Value
Maximum Value

Count
Expected Value

Maximum Value
Count

Accuarcy of models.

Figure 3 Flowchart of the procedure

3.3 Statistical Comparison of Data each 500-m-long section of all three lines. These are
henceforth referred to as six semi-annual deterioration
Two railway lines with the most divergent series SSDS;, where index i means the individual
maintenance cycles were selected, and a third line was characteristic: i = LL as Longitudinal Level, i = AL as
halfway between the two extremes. Thus, line #1 Alignment, and i = TT as Track Twist). The extent of
(Budapest - Hegyeshalom - Rajka) was selected as the line deterioration in these series is represented by the difference
with the highest maintenance quality, line #60 as the line in the measuring numbers of consecutive semesters labeled
(Gyékényes - Pécs) with average quality and line #140 dLL;, dAL;, and dTT:.
(Cegléd - Szeged) the worst one. All statistical tests were performed at a significance
The series of measuring numbers, which continuously level of 0.05 (p-value = 0.05).

deteriorated for at least six semesters, were collected for
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3.3.1 Kolmogorov-Smirnov Test

A non-parametric test is used to compare the
distribution of two samples. The null hypothesis s is as
follows:

Ho: Fx(x) = Fo(x), the two samples are from the same
distribution.

The counterhypothesis is

Hi: Fx(x) # Fo(x), the two samples are not from the
same distribution.

In this test, the distributions of dLL, dAL, and dTT
metrics for Highest Frequency of Rejections Statistic

the average of the whole line and not to a specific 500-m
section.

Table 2 Mean-values

Differences of No. of lines
measurement numbers #1 #60 #140
dLL 6.02 13.22 20.03
dAL 3.71 7.20 7.17
dTT 3.11 6.18 6.96

3.3.3 Welch Test No. 1.

Significant differences in means were tested using

(HFRS) sections of lines maintained at different : )
maintenance frequencies were compared. Welch's version of a two-sample t-test. The reS}llt§ are
reported in the Tab. 3 below. The null hypothesis in all
Table 1 p-value of Kolmogorov-Smirnov test cases is that the means are equal.
Differences of No. of lines
measurement numbers #1-#60 #60-#140 #140-#1 Table 3 p-values of Welch test no.1
dLL 2.20E'° 432! 2.20E'° Measurement No. of lines
dAL 2.20E'° 0.21681 2.20E'° numbers #1-#60 #60-#140 #140-#1
dTT 2.20E7° 0.000139 2.20E'° LL 2.20E'° 3.26E % 2.20E'®
AL 3.15E!! 0.9613 451E
In light of the results in Tab. 1, comparing the dLL, T 4.42E" 02574 2.20E

dAL, and dTT values of line #1 with those of line #60 and
line #140, it can be seen that there is a significant difference
in the distribution of the deterioration rates of all three
measures. However, between the values for dAL at line #60
and line #140, there is no significant difference between
the two distributions.

3.3.2 Mean Values

The dLL, dAL, and dTT mean values of SSDS for the
three lines were also calculated and can be seen in Tab. 2.

These pseudo-mean values show the increase in
deterioration of a given line for a given characteristic in the
first six half-years after the intervention. Extrapolating this
to the whole line makes it easy to calculate the average
degradation rate values for the same line under the traffic
loadings without intervention. The average values refer to

Statistical tests show no significant difference between
the means of dAL and dTT of line #60 and line #140, while
in the other cases, there is (at 0.05 significance level).

The Welch test confirmed what was already suspected
from the means, that the Alignment and Track Twist
measuring numbers for Line #60 and Line #140
deteriorated at a similar rate over the six months following
the intervention. However, in all other cases, the rate of
deterioration is different.

So far, all the values of dLL, dAL, and dTT associated
with SSDS have been examined using statistical methods.
In the following section, the same values broken down by
post-intervention half-year were analyzed. Histograms of
these disaggregated values are shown in Fig. 4, and the
distribution diagram is shown in Fig. 5.
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Figure 4 Change in the increment of geometric characteristics from half-year to half-year plotted on histograms

1250

Technical Gazette 31, 4(2024), 1245-1259



Richard NAGY et al.: Innovative Approaches in Railway Management: Leveraging Big Data and Artificial Intelligence for Predictive Maintenance of Track Geometry

dLL dAL drT
Distribution of dLL of #1 line Distribution of dAL of #1 line Distribution of d77 of #1 line
= — -
S P ] S Qs =
g, 3 r g '
B =8 y =
£ 2 g /
3 ER 2
Za ER 3
£ 22 234
By bt ‘ NI A B3 et ——
=20 -10 10 20 30 40 50 =20 -10 0 10 20 30 40 50 =20 -10 0 10 20 30 40 50
Values of dZL Values of dAL Values of 7T
Distribution of dLZ of #60 line Distribution of dAL of #60 line Distribution of d77 of #60 line
-
) 3z o a2 —er—e——
3 e 3 T 5 g e
) " / o0 o s e 02
e I =3 o] /_/
& >/ & / g
o| £e £r 8. Eo|
£ ge 27, 58 52
= / S
2 / & o E
F* 4 2 2
B E
24 22 4 2
PR | 8 ) ‘..;
e Bl I
2‘0 -l‘ﬂ 0 10 20 3‘0 4'0 5‘0 -Z‘O -l‘U 10 20 3‘0 4‘0 5’0 -::0 -;D (’) lfD 2‘0 3‘0 lb 570
Values of dLL Values of dAL Values of 7T
Distribution of dLL of #140 line Distribution of dAL of #140 line Distribution of d77 of #140 line
e 3 = g —ia]
P s = S S = '5""4 S. T o =
Py ::’J',_w =< Py ::;_/—»" =3 7 ::;/,_.»
ot - ] -
o L £ / /- S| / v
E £ £s Ve
£ : 7 /
= ER
I s 4
: / /
HE 7 7
2 et el
As | e
0 -10 0 10 20 30 40 50 =20 -l‘D 0 10 20 30 0 50 =20 -10 o 10 20 30 40 50
Values of dLL Values of dAL Values of d77°

Figure 5 Change in the increment of geometric characteristics from half-year to half-year plotted on distribution curves

It can be seen that there is a significant difference
between the histograms among the lines, but no significant
change in the values of the same characteristics for the
same line can be detected. Further statistical tests were
therefore carried out. The expected values of dLL, dAL, and
dTT for the SSDS in the series of the three lines are
summarized in Tab. 4.

Table 4 Expected values

dLL |
No. of half-years 1-2 2-3 3-4 4-5 5-6
line #1 9.34 6.73 4.25 5.44 7.04
line #60 16.25 13.11 18.25 13.79 18.33
line #140 34.04 18.70 21.30 18.54 41.81
dAL
No. of half-years 1-2 2-3 3-4 4-5 5-6
line #1 3.53 6.00 4.72 247 2.44
line #60 7.52 8.69 5.08 7.23 9.05
line #140 11.85 9.48 9.03 8.95 21.35
dIT
No. of half-years 1-2 2-3 3-4 4-5 5-6
line #1 4.73 4.37 2.17 3.51 3.00
line #60 11.22 5.32 443 246 10.79
line #140 10.52 4.64 9.11 7.62 17.52
50
40
30

” .\./.\0/.
10 —— e ——

0
1-2 2-3 3-4 4-5 5-6
No. of the half-years [-]
e=@u=] inc #|  e=@m=]ine #60 Line #140

Figure 6 Expected values of dLL

For the three lines, it was determined that the more
frequently a line is maintained, the lower the expected

values of the characteristics in semesters after the
intervention, and the smaller the variance of these values
and the uncertainty of the prediction, which can be seen in
Figs. 6 to 8. At the same time, it is also observed that
longitudinal level is the characteristic that is most affected
by the number of interventions.

25
20
T 15
~
< 10
0
1-2 2-3 3-4 4-5 5-6
No. of the half-years [-]
e=@u=] inc #]  e=@mm=]ine #60 Line #140
Figure 7 Expected values of dAL
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=
5
0
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Figure 8 Expected values of dTT
3.3.4 Welch Test No. 2

For each of the three railway lines, a Welch version of
a two-sample t-test was used to determine whether the
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mean of the rate of deterioration for one line and the rate of
deterioration for another line in the same period had the
same or different distributions between the two half-years.

Table 5 p-values of Welch test no. 2

3.3.6 Paired t-Test No. 2

A paired t-test was used to examine from which half-
year onward the increase in a given metric in the first half-
year and subsequent half-years for a given line will not be

After comparison, it can be seen that LL is the
measuring number that has the most different distribution,
while the 77 increment is the one that has the most similar
distribution regardless of the number of interventions.

3.3.5 Paired t-Test No. 1

A paired t-test was used to examine whether or not the
increment of a given measure on a given railway line is the
same in consecutive half-years at a significance value of
0.05. This test examines the impact of the intervention on
measuring numbers (LL, AL, TT) in the six months
following the intervention, comparing the increase in
measuring numbers between two semesters. That is,
whether or not the phenomenon of a higher rate of
deterioration in the post-intervention period is present for
these three lines. Alternatively, if not, the half-year when a
significant difference in the distribution of deterioration
starts to emerge.

Table 6 p-values of Paired t-test no. 1

LL
No. of lines ddLL .3 ddLLy; ;4 ddLL4.45 ddLLys.s6
line #1 0.943 0.9635 0.1672 0.07784
line #60 0.9781 0.05914 0.6774 0.1761
line #140 0.9981 0.2547 0.6772 0.005676
AL
No. of lines ddAL]Z.Z} ddAL23_34 ddAL34_45 ddAL45_56
line #1 0.01544 1 1 0.6118
line #60 0.9981 0.1064 0.04943 0.0677
line #140 0.7728 0.5694 0.507 0.03147
T
No. of lines ddTT .3 ddTTh; 34 ddTTs4.45 ddTTys.s6
line #1 0.617 0.9924 0.02797 0.7666
line #60 0.902 0.6516 0.8718 0.000176
line #140 0.9832 0.02571 0.675 0.01544

The test suggests no significant difference exists
between the increases in the LL measuring number in
successive half-years as the number of half-years after
intervention increases. The only difference is between the
fifth and sixth half-year of line #140. The claim is weaker
for the alignment and twist values, but they can also be
stated. Overall, it can be said that the rate of deterioration
is gradual, without large jumps for all three lines, but
cannot be said to be uniform.

LL the same at a significance value of 0.05.
No. of lines ddLL|2_23 ddLL23-34 ddLL34_45 ddLL45_56
#1-#60 0.2462 0.1469 0.04947 0.03416 Table 7 p-values of Paired t-test no. 2
#60-#140 0.01373 0.00312 0.6841 04717 LL
#140-#1 1.6E7 0.00015 1.3E® 0.01818 No.lines | ddlLipos | ddLLiss | ddLLiras ddLLi>.s6
AL line #1 0.943 0.1953 0.0005063 2.07E-07
- line #60 0.9781 0.548 0.06804 0.2321
No.oflines | dddlizy | ddALys | ddAliss | ddALssss line #140 | 09981 | 01575 | 0001176 | 6.21E-06
#1-#60 0.00046 0.01024 0.7063 43E% AL
#60-#140 0.1273 0.00245 0.03631 0.687 No. lines ddAL»03 ddAL >34 ddAL ».45 ddAL».se
#140-#1 0.00228 0.05238 0.01325 0.1227 line #1 2.20E7° 2.20E7'¢ 2.20E'® 2.20E'°
T line #60 0.9981 0.2218 6.85E % 6.30E '
" —06
No. of lines | ddTT5.3 ddTTr 34 ddTTss4s ddTT s 50 line #140 0.7728 0.0?;9 0.002088 1.58E
#1-#60 0.0946 0.6207 0.1331 0.3204 No. lines ddTTram ddTT o ddTT1rae ddTTrnme
#140-#1 0.01394 0.8775 4.7E% 0.1615 line #60 0.902 0.6212 0.4197 0.01846
line #140 0.9832 0.1514 0.007647 1.22E%

After the analysis, it can be stated that of the three
railway lines, line #60 is the one whose characteristic
increments are least affected by half-year changes. For line
#1, the incremental difference between the LL and the TT
measuring numbers compared to the post-intervention
half-year starts to differ significantly from the fourth half-
year at the latest.

Welch's two-sample t-tests on all three lines showed
that the rate of deterioration is constant, thus demonstrating
that the deterioration of the scores is linear in the
investigated period. This is somewhat tempered by the
expected values of the measures obtained from the
descriptive statistics analysis, which shows that the
abundance of maintenance interventions pushes the nature
of the deterioration patterns towards linearity. In contrast,
the absence of maintenance patterns leads to more
excellent dispersion and uncertainty, which pushes the
deterioration patterns away from linearity.

3.4 Seven Models to Predict the Degradation

Predictive models can only work well if they can
predict the state of the railway line as early as possible and
as late as possible. After an intervention, it is possible to
make empirical predictions based on the first six months of
measured data, and maintenance professionals have this
capability. With the traffic passing through, the structural
design, and the wealth of experience, it is possible to
predict the condition for one or two half-years within
certain limits, but it is difficult to predict it for a more
extended period. At the same time, the question arises as to
what procedures exist that, knowing the physical
parameters (track, curve, speed, ballast), can provide
forecasts for several half-years from a single piece of data
within a reasonable margin of error.

The deterioration patterns were modeled using linear,
exponential, power logarithm, and natural logarithm
regression approximations. As a result of further
investigations and studies, the linear and the exponential
regression models are the two regression models that can
describe the deterioration processes with sufficient
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confidence. In previous research [55], a detailed
description of four simple models was constructed,
followed by two regression approximations and one
artificial neural network model. Comparisons with lower-
order models are worthwhile because the new higher-order
model may produce less than the results intended by its
creators.

3.4.1 Basic Models

All four basic models are linear and low-order, but
they are perfectly adequate for control purposes, and there
will be one model out of the four that is particularly good
at predicting track geometric degradation.

Basic model #1 (see Eq. (1)):

SAD,,, = SAD, +M. (1)
n

Basic model #2 (see Eq. (2)):
SAD,,,, =SAD, + (SAD, —SAD,_,) . 2)
Basic model #3 (see Eq. (3)):

SAD, ., =

aup, 484D, =SAD, )  (SAD, ~SAD, ;) - A3)
g 2 2

Basic model #4 (see Eq. (4)):

b (54D, =SAD, )

n+l =

n (SADn—l B SADn—2) " (SADn—Z B SADn—3) +
4 4

n (SADn—3 - SADn—4)
4

SAD, +

“4)

where the SAD; - is the value of the predicted grade point
average in the third half-year, n - the index of the
calculating half-year.

3.4.2 Regression Models

Of the regression fit tests presented in the previous
chapters, the linear and exponential regression equations
presented here all have a coefficient of determination of at

least R?=0.75.
Linear regression model general equation (see Eq. (5)):

Yi=a+px; +u; (%)
Equation currently used (see Eq. (6)):

SAD, = SAD, + bt (6)

where the SAD; - is the value of the predicted grade point

average in the /M half-year, SADy - the value of the rating
number in the first half-year after the employment, b - the

track-specific superstructure scaling factor, 7 - number of
half-years since the last job.
Exponential regression model general equation (see

Eq. (7)):

y, =a+e’ yu, @)
Currently used equation (see Eq. (8)):

SAD, = SAD, + " 8)

3.4.3 Artificial Neural Network model

The neurons of the artificial neural network (ANN)
model were constructed using data from a railway with the
most consecutive half-years without intervention, and the
500 m sections were assigned the following parameters:

- thickness of ballast bed (40 cm, 50 cm): X); and X»;
- rail syst (MAV48.5, 54E1, 60E1): X3, X4 and X5,

- curvature: Xg;

- straight or curved: X7;

- track age or year and half year of SAD number: Xg;
- from SAD; to SADs: from Xo; to X4

Each index represents the number of columns in the X
matrix, so number of neurons in the input layer is 14.

Table 8 Content of the X matrix

Number
(.)f the Physical meaning T ype of the
input input values
neurons

1. Ballast thickness = 40 cm Oorl

2. Ballast thickness = 50 cm Oorl

3. Track system 48.5 Oorl

4. Rail system 54 OQorl

S. Rail system 60 Oorl

6. Curvature value

7. Straight or Curved Oorl

8. Age of the track value
Track geometry measuring number in

o the 1* half-year value
Track geometry measuring number in

10. the 2™ half-year value
Track geometry measuring number in

1 the 3™ half-year value
Track geometry measuring number in

12. the 4" half-year value
Track geometry measuring number in

13 the 5" half-year value
Track geometry measuring number in

14. the 6" half-year value

Input layer Hidden layer Output layer

Figure 9 Structure of the ANN
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The X matrix is built from the classifier numbers of the
given line, the database itself on which the neural network
learns. In total, 4985 lines were built into the X matrix.
Then, the y target vector had to be defined from the first
SAD numbers outside the learning timeline. Fig. 9 clearly
shows the X matrix's structure and the neural network's

topology. In this work, the Levenberg-Marquardt method
was used.

For each of the seven models, the root mean square
error (RMSE) between the predicted and real values was
summed for the respective forecast half-year, shown in
Tab. 9 and Fig. 10.

Table 9 RMSE values of the prediction models

" half-year after an intervention
8 9 10 11 12 13 14 15 16
Basic #1 10.67 15.94 17.28 24.3 33.51 17.95 28.41 34.24 43.22
Basic #2 14.53 21.27 26.87 38.55 40.58 60.89 55.55 66.74 79.25
Basic #3 12.64 15.71 18.82 24.56 22.1 30.81 33.88 30.3 52.11
11.84 14.83 17.9 2147 20.99 28.53 34.04 33.96 45.25
Lin. Reg. 10.49 14.83 15.49 20.66 26.28 19.05 28.75 36.13 48.98
Exp. Reg. 17.11 29.48 39.71 52.42 85.28 4421 70.72 85.1 47.88
ANN 10.86 11.54 12.71 17.17 17.29 19.95 22.47 18.95 26.46
., oo Basic #1
3 80
> Basic #2
<D( 60
S .
= 40 P — / Basic #3
%’ T 20 — e Basic #4
S 0 Linear Regression
s 8.half-  9.half- 10.half- 11.half- 12.half- 13.half- 14.half- 15.half- 16. half-
g year year year year year year year year year Exponential Regression
o

Artificial Neural Network

Number of half-years after the intervention [-]

Figure 10 RMSE of the prediction models

The results of the comparison of the models are
shown in Tab. 10 that the ANN's forecast for nine half-
years is, on average, 22% better than the linear regression

model, 27% better than the basic model #4, and 62% better
than the exponential regression model.

Table 10 RMSE values differences to ANN

Artificial Neural Network
" half-year after an intervention .
3 ) 0 E 2 3 12 G I3 Mean Error differences to ANN
RS 8% | 22% | 29% | 20% | 18% | 30% | 34% | 44% | 42% 27%
Linear Regression 4% 22% 18% 17% 34% =5% 22% 48% 46% 22%
Exponential Regression 37% 61% 68% 67% 80% 55% 68% 78% 45% 62%

The choice of models for further investigation follows
directly from the results, which show that the linear
regression and the ANN models have been chosen. In
contrast, in the case of the exponential regression model, it
is a common idea in the domestic literature that
exponentiality is the best descriptor of deterioration
behavior. This paper uses the linear, exponential, and ANN
models to introduce the deterioration time difference
function and the concept of reserved time (see Section 3.5).
Both definitions can be applied to any other model.

3.5 Difference between Deterioration Time Function and
Reserved Time

After the models (linear regression, exponential
regression, and ANN) were built for line #1 and line #140,
the SAD qualifying number values were predetermined for
20 half-years. As an additional point, it should be noted
here that there are no validation half-years of this number
for these railway lines, and 20 half-years seems to be an
extended period, but the existence and performance of this
type of study are essential for a long-term forecast.

After compiling the data for the evaluation, it can be
concluded that line #1 and line #140 under study are also

characterized by the fact that the superstructure of the line
along the length varies. These structural differences and the
parameters of the linear and exponential deterioration
model are shown in Tab. 11.

Table 11 Functions of the selected models

No. of Track
the Function SAD, b
line system
54 SAD\inss= 84.48 + 6.024-t 84.48 6.024
# SADexpss= 85.8-¢(0067850) 85.80 | 0.06785
60 SADhineo= 74.08 + 4.05°¢ 74.08 4.05
SADexps0= 75.28696°e*-03481 75.29 0.0548
485 SADjinass= 109.80 + 15.66°t 109.80 15.66
4140 ) SADexpags = 112.511-¢@015 112.51 | 0.0915
60 SADjneo= 81.94 +4.23¢ 81.94 4.23
SADexps0= 83.28"¢ (0.05841) 83.28 0.0584

Tab. 11 contains exponential equations SAD(f), where
t means the number of elapsed terms (half a year) since the
last maintenance. The equations in Tab. 11 characterize the
deterioration of the geometrical condition on track sections
of line #1 and #140 built up with rail system MAV48.5,
54E1, and 60E1, shown in Figs. 11 to 14.

Further research might be worthwhile to include a
threshold value that prevents the SAD number from
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decreasing in the case of no intervention. However, there
is also a pulsation in the real data where a decrease in SAD
number is observed between consecutive semesters. There
could be several reasons for this. The first and well known
internationally is that the timing of measurements can be
affected by variations in the weather conditions affecting
the substructure. So, for example, in the even half of the
year the measurement was made in a warmer environment,
while in the odd half of the year the measurement was
made in a cold environment with a frozen substructure.
However, it should also be noted that SAD is a value to be
calculated from three measurement numbers (LL, AL, TT),
which may have the consequence that one of these numbers
may be geometrically improved due to certain coexisting
conditions, and thus SAD may also be improved. Finally,
the nature of the ANN's learning flow matrix may result in
the prediction behaving in the same way using the pattern
of the sample, which may be stunted by this pulsating
decay pattern in the real measurement results.

400
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50

Predicted S

35 7 9 11 13 15 17 19
half-years [-]
e=@==Fxp. Reg. ==@==]in. Reg. ANN

Figure 11 Predicted SAD values on line #1 with 54-rail system

250

200

W
(=3

100

4
(=}

Predicted SAD values [-]

(=3
—_

35 7 9 11 13 15 17 19
half-years [-]
e=@==Fxp. Reg. ==@==]in. Reg. ANN

Figure 12 Predicted SAD values online #1 with 60 system
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Figure 13 Predicted SAD values on line #140 with 48.5 system
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Figure 14 Predicted SAD values on line #140 with 60 system

Based on the result above, the deterioration condition
of a track built with a given rail system can be estimated as
a function of the terms if there is no regulation work in the
future. Furthermore, with the current S4D qualifying
number of the 500 m section with the rail system, it can be
determined which SAD values would have evolved if they
had been built with superstructure system 60.

In a previous article [55], the procedure is explained in
detail, which, using the exponential regression model,
shows what the SAD numbers of the 500 m sections of the
line would take on the number ¢ of terms after the last
maintenance if the line had a 60-system superstructure
instead of a 54-rail system superstructure. It should be
noted that the SAD is related to the quality of the
superstructure and the ballast and substructure.
Consequently, tracks with 60 kg/m rails are newer, and the
ballast and substructure are of better quality.

If, therefore, sections of an existing line with the same
superstructure, in the case of line #1 with a 54 system, were
to be rebuilt with a 60 rail system superstructure, it can be
calculated how much more economical the operation
would be due to the absence of regulatory interventions, if
the number of interventions is only taken into account
assuming the same intervention efficiency.

Table 12 Functions of difference of deterioration time

No. of | Function of difference of Type
. LT Steepness to of the
line deterioration time
model
41 topexp= 1.2381°2+1.3853 1.2381 1.3853 | exp
torpin= 0.4874¢t + 2.5679 0.4874 2.5679 lin
#140 L IDTDen= 1.5668 ¢ +4.1511 1.5668 4.1511 | exp
torpin= 2.8021¢ + 6.5863 2.8021 6.5863 lin

In the function (fprp), describing the deterioration time
difference, ¢ is the number of half-years after the
maintenance, and fy shows how many terms of time
difference there are between the bigger and the smaller
weighed rail systems on the given line after the moment of
maintenance. So, on line #1, the line sections constructed
with 60 superstructure system have a deterioration time
difference of 2.57 (one term is equal to a half year), terms
with the linear model and 1.4 with the exponential model
compared to structure system 54, and on line #140, the
reserve is at least 6.5 terms with the linear model and
4.1511 with the exponential model compared to system
48.5 superstructure. The equations in Tab. 11 also show
how many fprp terms will be elapsed until the sections with
track system 60 will be in the same condition as those with
track system 54 in the actual half-year.

Tehnicki viesnik 31, 4(2024), 1245-1259
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In the previous sections, the linear, exponential, and
ANN-modelled degradation processes of the sections of
lines #1 and #140 constructed with different track systems
have been determined. In the following, the authors present
an analysis of how the deterioration rate and the
deterioration speed of the 500 m sections of line #1, which
can be characterized by a given scale, compared with the
standards in force in the country.

According to Hungarian regulation D. 54, chapter 51,
[56], the qualifying categories for continuously welded rail
tracks (500-meter qualifying length, v = 160 km/h track
speed) are the following (Tab. 12).

The geometric deterioration functions of track sections
are separated and listed in Tab. 13 according to track
systems on line #1 with the linear, exponential, and ANN
models.

Values of SAD
I~
(=]

Table 13 Value of SAD number limit in Q; categories 160 km/h speed

O [0)) O on Os Os
67.3 75.9 86.8 105.4 118.6 148.4

It is important to note that the ANN prediction model
behaves as a quasi-black box, i.e., it does not have an exact
formulation. As a result, it can only be of practical use if
the ANN forecasting model is made available to engineers
for each line by centralized control and used by engineers
for each forecast. The other way is to use linear regression
modeling of the forecasting models generated by the ANN
with central control built up over time and to share this
exact formula. This latter solution may seem feasible,
given the authors' current capabilities. Thus, the ANN
model approximation has been made, and the descriptive
equation shown in the Table below is also the result of this
process.

012345678 9101112131415161718192021

t, half-year [-]
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Figure 15 Predicted SAD values of 54 superstructure system with qualifying categories
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Figure 16 Predicted SAD values of 60 superstructure system with qualifying categories

Fig. 15 and Fig. 16 were created using SAD(?)
deterioration functions according to Tab. 13 and regulation
D. 54, chapter 51. All of them can describe the change in
the SAD(f) deterioration function, but the differences are
clearly visible in Figs. 15 and 16, illustrating the time after
the last intervention until the limit of the given rating

O is the SAD value of the given qualifying category
from Tab. 12; i is the given qualifying categories; j is the
system of the superstructures and numbers 54 and 60; b
comes from Tab. 13.

Table 14 Geometric deterioration functions

category is reached. This #; is the reserved time for the Ege stg(n Function SAD, | b
given rating category calculated using the formula below = SADysa— 8448 + 6.024+1 §4.43 1 6.02400
for the exponential models (see Eq. (9)): 54 SAD.yp54 = 85.8-¢ ©0755D 85.80 | 0.06785
#1 SAD AnNs4 with Lin, Reg. = 79.67 +3.224¢ | 79.67 | 3.22400
i SADjingo= 74.08 + 4.05¢ 74.08 | 4.05000
J
ln(Qi / SADo) 60 SADepso= 7528696 " | 7529 | 0.05480
o =— i > ) SAD sxoso wit 1 veg = 7155 + 14962 | 71.55 | 1.49600
. The reserve tim longing to the different track
and for linear models (see Eq. (10)): ¢ reserve mes belo ging fo the d ere ¢
systems and qualifying categories on line #1 are in Tab. 14
. ) and Tab. 15.
I =(Q,. —SADg)/bf . (10)
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Table 15 The reserve time in half-year of the 54 superstructure system

[ hn [ [ tus V3
Lin.Reg. 54 | y 039 | 347 566 | 10.61
rail system
Exp.Reg.54 1 11 047 | 303 | 477 | 808
rail system
ANNLin.Reg.| || 551 | 798 | 1208 | 21.32
54r.s.

Table 16 The reserve time in half-year of the 60 superstructure system

i 3%} 478 I tus Y3
Lin. Reg. 54 r.s. - 0.45 3.14 7.73 10.99 | 18.35
Exp. Reg. 54 r.s. - 0.15 2.60 6.14 8.29 12.38
ANNLin. Reg. 3411 591 | 1020 | 22,65 | 31.48 | 51.42
rail system

Following the example above, this procedure can
determine the reserve time (#i;) of any selected line,
helping to manage the track geometry quality control in
time.

In addition to using one model to determine the reserve
time, the deterioration process provided by the three
models in this paper can be compared. Based on validated
tests, it can be stated with good confidence that the
exponential model is the least accurate in terms of
prediction, while the ANN is the most accurate. Suppose
the authors accept the reserve time generated by the ANN
model. In that case, the time spent in a given classification
category for line sections with different superstructures for
the whole line can be used to make longer-term
intervention plans, thus helping the national railway
maintenance system. The reserve time function shows the
difference in geometric condition between track sections
with different superstructure systems six months after the
work has been carried out. This function provides essential
data for correctly determining the date of interceptions.

It is clear that on a railway line or in a part of the
network where maintenance resources are insufficient to
prevent the introduction of speed-restriction signals, it is
essential to keep railway lines in the best possible condition
and carry out interventions in good time.

4 CONCLUSIONS

This paper presents a comprehensive approach to
understanding and predicting the geometric deterioration
of railway tracks using a novel computer procedure using
data produced by FMK-004 track geometry measuring car.
The study provides valuable insights into the nature of
track deterioration through statistical analysis and the
development of predictive models, including an advanced
Artificial Neural Network (ANN) model. Introducing the
deterioration time difference function and the concept of
reserve time further enhances the ability to plan
maintenance interventions strategically, offering a
significant step forward in railway maintenance and safety
management. The findings underscore the importance of
adopting sophisticated analytical tools and models to
improve the predictability and efficiency of railway track
maintenance. Ultimately, this research contributes to the
ongoing efforts to enhance railway infrastructure
reliability, ensuring safer and more efficient railway
operations. In the following paragraphs, the main
conclusions are written in detail.

A computer procedure has been created that
automatically processes the measurement and qualification
data provided by the FMK-004 track geometry measuring
car, determines the change in geometric condition based on
time series values, provides a forecast of the change with
its accuracy, determines the place and time of the necessary
maintenance intervention, helps the engineer in track
condition analysis and the preparation of more complex
professional decisions. The procedure is innovative in
processing and integrating a vast amount of complex data,
aiding in efficient track maintenance planning and
execution.

Welch's two-sample t-test on three railway lines (#1,
#60, and #140) showed that the rate of deterioration is
constant in the investigated period. This is somewhat
tempered by the expected values of the measures obtained
from the descriptive statistical analysis, which shows that
the abundance of maintenance interventions pushes the
nature of the deterioration patterns towards linearity. In
contrast, the absence of maintenance patterns leads to
higher dispersion and uncertainty, which pushes the
deterioration patterns away from linearity. This finding
suggests that a linear degradation model is applicable for
these lines, but variability in maintenance activities can
influence deterioration behavior.

The deterioration time difference function has been
defined, which can be used to characterize the effect of the
implementation or non-implementation of a superstructure
upgrade on the change in geometric condition numerically,
and A concept has been introduced with the reserve time
and defined its calculation method, which expresses the
length of time needed for the railway track to deteriorate
from its repaired condition after the upgrade to the limit
value of the given classification category. This
methodological approach allows for quantifying the
benefits of superstructure upgrades and planning
maintenance activities more strategically.

In the example of three railway lines: #1, #60, #140 the
Vaszary deterioration equation was shown to be suitable
for describing the geometric deterioration of the railway
track but not for predicting the deterioration. It is thus
demonstrated that a method must be sought that models the
prediction of track condition changes more reliably. The
example of the same lines showed that the new model
(ANN) gives significantly better results than the previous
models. As a result, the average prediction error of the
geometric deterioration of the line reduced to 38% of the
exponential prediction error, while the absolute error of the
model remains below 27% even for the ninth forecast half-
year. This advancement in predictive modeling using ANN
over traditional methods underscores the potential for more
accurate and reliable forecasts of track conditions,
significantly impacting maintenance planning and safety
assessments.
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