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ABSTRACT

The railway track stands as a pivotal component of the transportation system, ensuring the secure and
smooth movement of people and goods. The Federal Railroad Administration reported a concerning
trend between 2018 and 2021, with 37% of the 2097 train accidents stemming from track defects. To
enhance safety and efficiency, vigilant monitoring and maintenance are imperative. This study centers
on predictive maintenance, an approach that foresees maintenance requirements based on anticipated
defect occurrences. The research aims to create a model that accurately forecasts track geometry
irregularities, empowering engineers to proactively address maintenance needs.

Traditionally, maintenance decisions relied on experience, manual inspections, and cyclical upkeep,
leading to potential safety concerns and cost escalations. This research takes a novel approach by
integrating mechanical and data-driven models, utilizing functional networks, Recurrent Neural
Networks (RNN), and Long Short-Term Memory (LSTM) networks. RNNs capture sequences
effectively, while LSTM networks excel in tracing long-term dependencies, making them apt for
predicting track degradation patterns.

The study employs historical track geometry data collected over two years, undergoing Exploratory
Data Analysis (EDA) to unveil insights and patterns. Data preprocessing ensues to ensure alignment
and address missing values. The Track Quality Index (TQI) factors in past maintenance interventions,
an essential step to enhance model accuracy. Subsequent steps involve generating and evaluating
machine learning models using the processed data.

Incorporating functional networks and LSTM, the machine learning models adeptly forecast localized
track irregularities, like profile values, by considering domain knowledge and data dynamics. The
functional network model showcases superior predictive accuracy and interpretability, while the LSTM
model excels in capturing underlying patterns for precise maintenance forecasts. This research thereby
contributes to safer and more efficient railway operations through proactive maintenance planning.



Chapter 1 INTRODUCTION

1.1 Importance of track geometry data

Railways play a crucial role in transportation, offering efficient and environmentally friendly
means of moving people and freight across vast distances. They can transport millions of individuals
and tons of cargo across countries and continents. In comparison to other modes of transportation,
such as trucks, railways are more cost-effective.

The significance of track geometry data becomes apparent when considering track maintenance.
The primary objectives of track maintenance are to ensure the rail system’s safety and reliability
and guarantee the availability and suitability of railway services. Achieving these goals requires a
comprehensive understanding of all aspects of the railway and its condition periodically. This is where
track geometry data becomes essential, providing crucial insights into the track’s condition and
operational fitness.

Track geometry serves as an indicator of the degradation that occurs within track structures. By
monitoring track geometry, railway companies can effectively assess the condition of the track and
identify areas that require maintenance. Not all track sections deteriorate at the same rate, making
it necessary to tailor maintenance efforts accordingly. Applying uniform maintenance measures solely
based on the weakest part of the track can lead to unnecessary maintenance activities and increased
costs. Furthermore, neglecting the heterogeneous nature of degradation can result in hazardous
conditions that compromise train safety. Therefore, monitoring the entire track using track geometry
data is crucial.

By utilizing track geometry data, railway operators can proactively identify areas of concern,
prioritize maintenance efforts, and ensure the safe and reliable operation of the rail system. This data-
driven approach enables informed decision-making, reduces maintenance costs, and minimizes the
risk of accidents or disruptions. Moreover, track geometry data provides valuable insights into the
overall health of the track, helping railway companies optimize their maintenance strategies and
effectively allocate resources.

In summary, track geometry data plays a vital role in track maintenance within the railway industry.
By utilizing this data, railway operators can monitor the condition of the track, identify areas requiring
maintenance, and ensure the safety and reliability of their rail systems. The heterogeneous nature of
degradation necessitates tailored maintenance approaches, which can be efficiently achieved by
analyzing track geometry data. Ultimately, the effective utilization of track geometry data leads to
enhanced operational efficiency, cost savings, and improved safety within the railway network.

1.2 Safety and Maintenance

The track is an essential and critical component of the railway system, playing a vital role in ensuring
the safe and efficient transportation of people and goods. How- ever, according to data from the
Federal Railroad Administration (FRA 2023), between 2018 and 2021, there were 2,097 train
accidents (excluding those caused by human factors), with 781 of them attributed to track defects
(37% of the total). These statistics highlight the significant challenge of track defects and emphasize
the importance of adequate maintenance and continuous monitoring to enhance safety and prevent
potential accidents.
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Given the potential risks connected with even minor track problems, significant financial resources are
committed to maintenance and safety procedures yearly. For example, the United Kingdom spent
more than £3 billion in 2015 only on operating and maintaining the rail network, ignoring expenses
for renewals or enhancements (Sheeran, et al. 2015). Surprisingly, this amount exceeds highway
operating and maintenance expenditures,

demonstrating the importance and size of investment required for railway track repair. Similarly, track
maintenance accounts for more than half of overall maintenance spending in the United States,
highlighting the financial commitment required to ensure the safety and reliability of railway
infrastructure (Lopez-Pita et al. 2008).

In Europe, maintenance costs for high-speed lines vary depending on the type of trains operating on
them. For high-speed lines dedicated exclusively to passenger trains, the maintenance cost per
kilometer of track per year is estimated to be around $56,356 (Lopez-Pita 2008). However, when
high-speed lines serve passenger and freight trains, the maintenance costs can escalate to
approximately $73,000 per kilometer of track per year (Lopez-Pita et al. 2008). These figures highlight
the substantial financial investments required to uphold high-speed rail networks’ integrity and
operational efficiency.

The considerable expenditures committed to track maintenance reflect the tracks’ vital role in assuring
railway systems’ safety, dependability, and lifespan. If track problems are not addressed, they can lead
to catastrophic accidents that jeopardize the lives of passengers, workers, and the general public.
Railway authorities and operators hope to limit the hazards associated with track degradation and
ensure the continuing and safe operation of the railway network by investing in maintenance and safety
measures.

To efficiently manage rail maintenance, a comprehensive approach is required. This strategy includes
routine inspections, on-time repairs, and constant monitoring of track conditions. Several approaches
and technologies, such as track geometry measurement systems and advanced sensors, are used to
assess the health and integrity of the track. Maintenance teams can use these technologies to discover
problems, abnormalities, or potential areas of concern and take appropriate action to address them as
soon as possible.

Moreover, preventive and predictive maintenance strategies are increasingly being adopted to optimize
maintenance efforts and reduce costs. Preventive maintenance involves scheduled maintenance activities
performed before track failures occur, aiming to proactively address potential issues and extend the
lifespan of track components. On the other hand, predictive maintenance relies on data analysis and
predictive models to forecast the occurrence of defects and plan maintenance activities accordingly.
By leveraging historical data and advanced analytics techniques, predictive maintenance enables
proactive decision-making, minimizing disruptions and optimizing maintenance schedules.

To minimize costs and prevent accidents, efficient maintenance plans must be implemented. Various
types of maintenance strategies exist, each with its own unique properties. These include corrective,
preventive, condition-based, and predictive maintenance (Budai-Balke 2009, Jardine et al. 2006,
Jezzini et al. 2013), as shown in Figure 1.1. Figure 1.1 shows the P-F curve for the track health over
time to identify the interval between potential failure and functional failure.



e Corrective maintenance is performed when the track requires immediate repair due to the occurrence
of a defect. This type of maintenance is costly, interrupts railway services, and necessitates
alternative transport arrangements.

e Preventive maintenance involves scheduled maintenance before track failures occur. However,
one drawback of this approach is the reduced lifespan of track components due to early
replacement, resulting in additional costs.

e Condition-based maintenance utilizes advanced technologies for real-time monitoring of track
conditions. Repairs or replacements are conducted only when conditions exceed predetermined
thresholds.

e Predictive maintenance involves designing maintenance schedules by predicting and estimating
when defects will likely occur. This approach allows for proactive scheduling based on
predicted track conditions, saving time and minimizing the need for railway shutdowns. Predictive
maintenance is highly desirable due to its convenience and efficiency. However, its
effectiveness heavily relies on data collection, processing, and analysis.

Preventative Maintenance Altempts o Fix Something

Before It’s Broken.. But it May Be Too Early or Too Late

-~
F
.
¥ Defect Starts Maintenance limit \
e 0 ® :

] ° \
- . Safety limit \

!

Track Health

Cost to Repair

Failure Occurs (F) @

Time

Figure 1.1: Different Types of Maintenance
1.3 Railway’s Data

In general, Data on railways are gathered from various sources, including walking patrols (Marino et al.
2007), mechanized track patrols (Mohammadi et al. 2019), wayside detectors (Li and He 2015), and
autonomous. These sources can detect defects, such as broken rails and track geometry issues,
resulting in a wealth of data in the railway industry. This data exhibits unique characteristics,
including large volume, multiple sources, high imbalance towards normal behavior, and high noise
levels.

The data collected for railway maintenance exhibits the following characteristics:
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1. Large volume: The data collected for railway maintenance involves massive amounts of
information. This includes data from both the time domain, such as real- time or near real-time
updates, and the space domain, which covers thousands of miles of railway tracks.

2. Multi-source: The data is generated from various measurement methods and sources. These sources
may utilize different techniques and technologies to gather data, resulting in multiple types of data
being collected for analysis.

3. Highly imbalanced: The distribution of rail defects within the collected data sets is highly
skewed. Most observations correspond to normal states, while only a small portion of the data
relates to actual defects or anomalies in the track condition.

4. High noise: Noise in the data arises from two primary sources during the data collection. Firstly,
it stems from the inherent environmental uncertainties along the railway tracks, such as
variations in soil type, climate conditions, track profiles, and materials used. Secondly, the
precision and accuracy of the sensors employed to collect the data contribute to the noise levels
present in the dataset.

These characteristics pose challenges in analyzing and processing railway maintenance data.
Approaches and techniques need to be employed to handle the large volume of data from multiple
sources, address the imbalanced nature of the data, and mitigate the impact of noise for accurate
analysis and effective decision-making in maintenance operations.

Track condition analysis and evaluation are crucial aspects of railway maintenance. Two major
methods employed for this purpose are mechanical models and data-driven models. Mechanical
models utilize simplified approaches based on the understanding of tracking behavior and
mechanistic knowledge. These models rely on theoretical principles and equations to assess the
condition of the track. These models are often based on well-established engineering principles and
offer interpretability in understanding the underlying mechanisms affecting track conditions. On
the other hand, data-driven models aim to detect patterns and trends by analyzing observed data.
These models leverage the vast amount of data collected from various sources, such as sensors,
inspection records, and maintenance logs. Data-driven models can be categorized into statistical
models and machine learning models (Xie et al. 2020).

Statistical models focus on establishing relationships between variables through statistical analysis.
These models identify the data’s correlations, dependencies, and trends to infer the track condition.
By examining historical data, statistical models can provide insights into the probability of track
defects and potential maintenance needs. These models are useful for understanding the statistical
significance of different factors affecting track conditions. Machine learning models, on the other
hand, aim to achieve the most accurate predictions by learning from the data. These models
employ advanced algorithms to automatically extract hidden features and patterns from railway
data’s large volume and complexity. Machine learning models can make predictions and highly
accurately classify track conditions by training on labeled data. These models are particularly effective
in handling non-linear relationships and complex datasets.

Both data-driven models and mechanical models have their strengths and limitations. Mechanical models
offer a fundamental understanding of track behavior and are well-suited for interpreting the physical
processes involved. However, they may rely on simplifications that might not capture all real-world
complexities. On the other hand, data-driven models can leverage the richness of data and handle
large-scale datasets. They can uncover intricate relationships and provide accurate predictions.
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However, the performance of data-driven models heavily relies on appropriate data pre-processing
techniques and the selection of suitable analysis models.

In practice, a combination of both mechanical models and data-driven models can be beneficial. By
integrating the strengths of each approach, a comprehensive understanding of track conditions can be
obtained. This can lead to effective maintenance planning, timely defect detection, and improved
safety and reliability of the railway system.

1.4 Models’ Background

There are two methods used for scientific discovery nowadays: Theory-based Models (Physics-
based Models) and Data Science Models (Machine Learning or ML), and each model has its
strengths and limitations. It highlights that these models have distinct strengths and limitations.
While data science models have been successful in commercial fields, they face challenges in
solving scientific problems characterized by complexity, insufficient data, high-dimensional
parameter spaces, and model uncertainty (Karpatne et al.2017).

One of the key issues is the complex, nonlinear nature of physical processes that may be
challenging to deduce solely from data. Furthermore, ML models may not fully capture the
complexity of scientific hypotheses due to gaps in knowledge, potentially leading to suboptimal
performance.

The data science models fail to improve scientific discovery, although they have huge potential
and have witnessed success in non-scientific areas such as advertising. Karpatne suggests that ML
modes fail in scientific problems due for several reasons. One solution to these problems by
combining Physics-based and ML models (Karpatne et al.2017, Wadud et al. 2015). The new
approach is called Theory-Guided Data science models (TGDS). One of these models’ advantages
is using scientific knowledge to solve the shortcomings of ML. Also, by using TGDS models, we
can ensure better generalizability by leveraging these models to provide a way to integrate physics-
based modeling with Machine Learning and improve the effectiveness of data science models.

1.4.1 Data-Driven Models in Railway Track

Railway track monitoring involves collecting diverse types of data to evaluate the track's condition
and its components. These data vary in nature and are acquired through different measurement
methods. Some components necessitate physical inspections, like walking patrols to assess ballast
sections, ties, and fasteners. In contrast, mechanized track patrols, typically conducted by
inspection cars, are used for examining track geometry data and rail heads.

The choice of algorithms for data analysis is profoundly influenced by the type of input data and
the measurement techniques employed. Time series data, which is frequently gathered using track
geometry recording cars, ultrasonic inspections, in-service vehicles, or fiber optic sensors, demands
algorithms capable of capturing temporal dependencies and trends. Long Short-Term Memory
(LSTM) and Autoregressive Integrated Moving Average (ARIMA) are commonly applied in this
context. On the other hand, image and video data collected through cameras or ground-penetrating
radar provides vital visual insights into the track's condition. Convolutional Neural Networks
(CNNs) and object detection algorithms are extensively utilized in railway track inspection and
monitoring to analyze images and videos effectively. For instance, research by Zhang has shown
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the effectiveness of CNNs, especially those with pre-convolution and residual structures, in
identifying rail damage by analyzing rail vibration signals. Similarly, Zauner utilized a fully
convolutional network to automatically detect critical rail areas by performing semantic
segmentation on 3D scanner data (Xie et al. 2020, Zhang et al. 2022, Zauner et al. 2019).

Additionally, certain data types, such as temperature, weather conditions, rail conditions, and
tonnage, fall into the category of discrete value data. To extract meaningful insights from these
data types, machine learning (ML) algorithms come into play. Decision trees, random forests, and
support vector machines (SVMs) are commonly employed to address classification or regression
problems related to discrete value data. Moreover, ML techniques like Natural Language
Processing (NLP) can effectively process textual data, encompassing records of accidents and
maintenance. Text classification algorithms and sentiment analysis models can extract valuable
information from these textual sources.

In summary, the specific data types collected in railway track monitoring significantly influence
the selection of ML algorithms. It is crucial to consider the characteristics of the data and choose
the most suitable algorithms based on the desired results and the nature of the data.

1.4.2 Time Series Type Models

Time series data essentially consists of sequential observations collected at regular intervals. In
railway track monitoring, this data is instrumental because it helps in understanding how various
track parameters evolve over time. The statistical techniques play a pivotal role in analyzing time
series data, both in the time and frequency domains.

In the time domain, statistical measures such as the mean, standard deviation, skewness, and
kurtosis are discussed. These measures provide insights into the central tendency and variability of
the data. They are valuable for identifying patterns, trends, and anomalies in track geometry
measurements. For instance, changes in the mean or standard deviation over time might indicate
shifts or variations in the track's condition. Moreover, the autocorrelation function is mentioned as
a tool for identifying dependencies between past and future values in time series data (Li et al.
2013, Tsui et al. 2015, Lederman et al. 2017, Jiang et al. 2019).

Moving beyond the time domain, it is worth mentioning the importance of frequency domain
analysis in understanding the periodicity and frequency characteristics of time series data. Fourier
transform is introduced as a key method for decomposing time series data into its constituent
frequencies. This enables the detection of periodic patterns, trends, or recurring events in the data.
The section mentions that Fourier transform has been used to detect unusual frequency components
in the data, which can be indicative of rapid changes or anomalies in the track's underlying
mechanism (EI-Sibaie and Zhang 2004, Sadeghi and Askarinejad 2010).

However, it is noted that processing non-stationary time series data using Fourier transform has
limitations. To address this, the Wavelet transform is introduced as a powerful alternative. Wavelet
transform is capable of handling non-stationary time series data by breaking it down into different
frequency bands with varying scales. This approach enables the localization of changes or
occurrences in the data more effectively. In summary, the section underscores that signal
processing techniques, encompassing both time and frequency domain analysis, are essential for
extracting meaningful information from time series data in railway track engineering (Nadarajah
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et al. 2018, Zhang 2003, Heidarysafa et al. 2018).

Additionally, upon the application of machine learning models in analyzing time series data. It
mentions that machine learning models leverage the statistical and frequency domain attributes of
time series data as inputs for various tasks, such as classification, regression, anomaly detection,
and forecasting. For instance, recurrent neural networks (RNN) and Long Short-Term Memory
(LSTM) networks are recommended for multi-step time series forecasting due to their robustness
and capacity to handle missing data.

1.4.3 Discrete Value-Based Models

In railway measurements, discrete value data are often not gathered using fixed frequency sensors.
Instead, these data are usually collected after accidents or catastrophic events. They offer detailed
information about the railway infrastructure, such as the age of the track or its type of break. These
discrete values serve as vital data points when investigating the causes and consequences of
accidents in the railway system. When selecting a model for analyzing discrete value data, the
choice often depends on the size of the dataset. The dataset size is a common deciding factor when
choosing a model to analyze discrete value data. Bayesian approaches are recommended because
of their capacity to handle vast amounts of data (Andrade and Teixeira 2012). However, when
dealing with continuous features and numerous dimensions, Support Vector Machines (SVMs) and
neural networks perform effectively (Hu and Liu 2016). On the other hand, the K-nearest neighbors
(KNN) method should be avoided when the dataset contains noisy features. In contrast, if
interpretability is essential, tree-based and Bayesian methods are better options than neural
networks or SVMs (Andrade and Teixeira 2012,. Hu and Liu 2016).

1.5 Objective

The scope of this study encompasses the application of machine learning methods to predict track
geometric data and assist in planning maintenance activities for railway systems. The findings and
methodologies developed in this research can be applied to various types of railway networks,
including urban, suburban, and long- distance rail systems. In terms of track geometric data, the
study aims to address a wide range of geometric characteristics that are crucial for maintenance
planning.

This may include but is not limited to parameters such as Profile, track alignment, cross-level,
gauge, twist, curvature, and other relevant geometric features. The study aims to explore the
prediction of these geometric parameters using machine learning techniques.

The ability to predict the value of the profile or any value of the track geometry and how the track
will behave in the next inspection is important for designing an efficient maintenance schedule. In
this research, we aimed to integrate mechanical models and data-driven models by utilizing a functional
network and long short-term memory networks, as opposed to the conventional neural network, to
predict track degradation rates based on geometry data. The primary objective was to derive a precise
equation that can effectively forecast future profile values using geometry data. This predictive
capability will enable us to determine when the profile value is expected to exceed the threshold,
indicating the necessity for maintenance.



Chapter 2 EXPLORATORY DATA ANALYSIS
2.1 Data

2.1.1 Data Source

The track geometry data used in this research was collected from 24 inspection runs conducted on a
10-mile track section from Ridley Park, PA to Wilmington, DE. The data were obtained between
milepost 11 to milepost 20, with measurements taken at every foot, resulting in over 52,000 data
points for each inspection. Figure 2.1 illustrates the location of the track section.

Figure 2.1: The location of the Track

2.1.2 Track Geometry Data

The collected track geometry data included both conventional and processed channels,
encompassing 31 different geometry types. Conventional channels typically involve direct
measurements or sensors placed on the track structure, such as vertical and horizontal alignment.
Processed channels, on the other hand, entail applying specialized algorithms or filters to raw data
collected, such as twist, and warp.

These types, outlined in Table 2.1, provided specific measurements related to the track’s geometric
characteristics, such as profile, alignment, gage, twist, and warp. Additionally, the dataset included

left and right profile space curves and left and right alignment space curves.

Table 2.1: Channels for 31 different parameters in the data

1 Mile 11 LeftProfile 21 CTS
2 Feet 12 LeftProf62 22 Speed
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Track 13 LeftProfl24 23 ALD
Line 14 RAlignment 24 Class
Gage 15 RAlign62 25 Warp62

CrossLevel 16 RAlignl24 26 LProfSC
CrossLvlRate 17 LAlignment 27 RProfSC
RightProfile 18 LAlign62 28 LAlignSC
RightProf62 19 LAlignl24 29 RAlignSC
0 RightProfl24 20 Curvature 30 SyncCnt
31 SyncFt

— O 00 3 O\ L bW

2.1.3 Consolidation of Data into the Common Database

The main objective of this study is to predict profile data in the time domain, specifically focusing
on accurately forecasting how profile values will change over time. By using time series analysis, the
study aims to understand and predict the temporal evolution of the profile data, allowing for
anticipation of future trends and changes in the variable of interest. To achieve this, a time series
dataset was created by consolidating left profile data from 24 geometry files into a single dataset. This
consolidation facilitates a comprehensive analysis of the profile data and enables the application of
time series techniques for analysis and prediction.

The main objective of this study is to predict profile data in the time domain, specifically focusing
on accurately forecasting how profile values will change over time. By using time series analysis, the
study aims to understand and predict the temporal evolution of the profile data, allowing for
anticipation of future trends and changes in the variable of interest. To achieve this, a time series
dataset was created by consolidating left profile data from 24 geometry files into a single dataset. This
consolidation facilitates a comprehensive analysis of the profile data and enables the application of
time series techniques for analysis and prediction.

2.1.4 Descriptive Statistics

A database for the 24-month profile must be built for practical exploratory data analysis (EDA) and
subsequent statistical studies. The database offers a systematic framework for managing and
organizing the data, making it easier to retrieve and analyze it quickly. Once the database is created,
several statistical techniques can investigate and quantify different data features, such as mean,
median, standard deviation quantiles, and interquartile ranges. These features can provide an
understanding of the spread or dispersion of the data. Quantiles divide the data into equal parts,
allowing us to identify values that represent specific proportions of the dataset. The interquartile
range represents the range between the first and third quartiles, indicating the spread of the middle 50%
of the data.
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Table 2.2: The descriptive statistics for the 24 months

Mooth 1 Mooth 2 Month 3 Mooth 4 Mosth 5 Month 6 Mosth 7 Mosth 8 Mooth 9 Mosth 10 Month 11 Mouth 12
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std  OIG919 015687 OIGTGLS QITISSE 06552 00EsTS  QLITINGS 00l QITSSER 0UTEe62  QLITEEsT  DL10dssE
min  -LMGNOZ 100222 WLMOGE  -1SS0ST  -L2SSRS WL1OG6R -1 3G -LIMGST  -LATHE =125 -1 AN -1 44807
% -0EERT 005768 000012 00613 006108 005798 00079 OU05TOS  000TI9E 0SS 0TeE 007721
SN 00591 0000662 0UODE2TZ  OUOMMITI 0.M5TS  DLODEZTI O00SISS  OL0DMSTS  ODASTS  000MsNT  O00Es uonSiss
TSR 0TI OG5SR 0SS 00T0s0l  00002TS  UDGSGES OL0GSOSE  0LDGRGGRS  00GRST  (LDGROT Ou0Gs7T OS] 44
max 985107 0979919 095345 0TST1  10OTREY  LO0OGsOE  L111045 LOGOEG 112N LONEITY LITIXE | 4sGsis
coumt  S2IND LI LI LSTES 22185 a2ind a2l LI LSITS 22185 LTS RS
mean  (LODD119 GIEDS GASE0S TATEDS T.MEOS 9.3BE0S 3.%E0S 93E08 491E08 SITEOS LTEOS  LS2E00
std  OLISSGST OUIS3GAS OUITIGSE 0ITAS 01GR0TT  OULGTITS GLIGGSSE 05822 ISTEM 00542 1eEaT  0U13G616
min <1302 JL3T62 -LAMEE L1496 LI4N3S  L1L259016 12072 SLIZGSS  WLITGLS 12N -1.1261 -1.08131
2% -00THZ D0TIZE 006561 D061 0062 00613 G00EXS  OU0SE0E 005902 04T LSTS
SR OIBGG2 OL0OGISS  OU0DESEE  OUDOEZTZ  0U004STE  DUDDESSE  OUD0S1SS 0002747 o024l N3G OuOO213G6
TSR 0081177 007946 007G 0071411 007141 0OTII0E OOTITI6 0061951 Q0613 OOS2ISS (uOSZ1sS
max L1S013T LIT2485 LIZXGI9 L3516 L.22s043 L10EES]  L2%0M06 1148071 1.610107 LTS [Mits =

On the other hand, Measures such as the mean and median are commonly used to analyze the
central trends within the data. The mean represents the average value of the data, while the median
represents the middle value when the data is sorted in ascending or descending order. These
measurements shed light on the data distribution’s geographic center and aid in comprehending the
overall pattern. By leveraging these basic statistical measurements, we can deeply understand the
data’s distribution and characteristics, which will help find trends, identify outliers, and make informed
decisions during the data analysis.

Table 2.2. show the descriptive statistics for the complete dataset, such as count, mean, standard
deviation, quartiles, and max, encompassing all 24 inspections conducted in this analysis.

Overall, the descriptive statistical analysis indicates that, over the duration of 24 months, the mean
value demonstrates that the track values averagely evolve around zero. However, the existence of
minimum and maximum values exceeding the FRA threshold for our track (+ 1) means that at least
one of the points exceeded the safety limits. Finally, the standard deviation illustrates the condition of
the track from month to month. For instance, from the first to the second month, the condition of the
whole track got relatively better.

2.2 Exploratory Data Analysis

The goal of exploratory data analysis (EDA) is to gather insights and understanding from raw data
prior to formal statistical modeling or hypothesis testing. EDA assists in exploring the structure,
patterns, and relationships within data, identifying probable outliers or anomalies, and formulating
hypotheses for further examination. EDA attempts to reveal hidden patterns, trends, and underlying
distributions within data using data visualization, summary statistics, and data exploration
approaches, giving a solid platform for subsequent analysis and decision-making.

2.2.1 Bivariate Visualization

Bivariate visualization is a fundamental technique for exploring the relationship between two variables,
providing insights into their interactions and potential impacts, and giving a better understanding of the
patterns and relationships between them. One of these techniques is scatter plots, which display data
points. Each of these points represents the combination of values from two variables. In Figures [2.2-
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2.5] the scatter plot shows the correlation between the profile variable and the preceding or subsequent
months. The figure suggests that there are predominantly positive linear relationships, indicating a
tendency for both variables to increase together. As the profile increases, there is a tendency for the
previous or following months’ values also to increase. The tightness and direction of the points can
be used to determine how strong the linear relationship is. The variables are positively correlated
when the points form a tight circle around a straight line that slopes upward from left to right.

2.2.2 Histograms Combination of a Histogram and Kernel

Histograms are a powerful graphical tool for finding information on the data’s distribution and
analyzing and visualizing the distribution of various variables related to railway profiles and track
geometry. It divides the data into bins or intervals along the x-axis, and the height of the corresponding
bar on the y-axis shows the frequency or proportion of data points falling into each bin, displaying the
frequency or probability distribution. The shape of the histograms can identify patterns, central
tendencies, and the spread of the data.

Histograms for the left profile in the railway dataset are shown in Figures [2.2- 2.5]. The focus on
the profile is due to the fact that the profile values need to be and evolve around zero, in this case,
when predicting the profile values. These histograms show that the profile has a roughly Gaussian or
normal distribution or a roughly even distribution. This normality assumption is important for further
investigation, particularly when using machine learning techniques. However, confirming this
supposition with further analysis, such as QQ plots, is crucial. Moreover, A histogram and Kernel
Density Estimation (KDE) can be combined to produce a smoothed distribution representation.
KDE is a well-known technique for calculating a random variable’s probability density function,
and this allows for refined visualization of the distribution. by overlaying the density curve
calculated by KDE onto the histogram. In railways, these techniques can be employed to examine
the conditions of the track by observing the spread or variability of distributions; a wider spread or
more variability may indicate a higher likelihood of encountering defects or irregularities.

Histogram and Kernel Density Estimation (KDE) are not limited to profile or even geometry data,

and they can be employed to analyze various variables in the railway domain, such as the ballast
fouling index or other measurements related to railway infrastructure and performance.
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Figure 2.2: Scatter and histogram plot for the first to 6th month
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Figure 2.3: Scatter and histogram plot for the 7th to 12th month
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Figure 2.4: Scatter and histogram plot for the 13th to 18th month
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Figure 2.5: Scatter and histogram plot for the 19th to 24th month
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2.2.3 Correlation Plot Visualization

A correlation plot is a graphical representation of the correlations between variables in a dataset. This
can help us understand the connections between railway variables and identify significant associations
using Correlation coefficients, which quantify the strength and direction of relationships between these
variables. These coefficients range between -1 and +1. A score of +1 shows a significant positive
correlation, which means that when one variable increases, the other tends to increase as well, and
vice versa. A score of -1, on the other hand, suggests a high negative correlation, indicating that when
one variable increases, the other tends to decrease. A correlation coefficient of 0 suggests no
correlation between the variables.

The correlation coefficient is calculated using the variables’ covariance and standard deviations of each
variable. The equation for the correlation coefficient, denoted as 6, is given as:

COV(x,y)

0x0y
where:

@ = correlation coefficient

COV (x, y) = covariance of variables x and y.
ox = standard deviation of x.

oy = standard deviation of y.

The correlations between variables can be visualized in a correlation plot using scatter plots or
heatmaps. Each data point in the scatter plot represents a combination of values from two variables. By
looking at the general arrangement of the data points, it is possible to determine the direction and
magnitude of the association. A scatter plot implies a positive correlation with an upward trend in the
data points, whereas a downward trend implies a negative correlation. In railways, examining these
correlations may identify closely associated variables and understand the direction and strength of
these relationships. This information could be useful for decision-making, maintenance, optimization,
and performance improvement. For example, suppose cross-level and warp have a high positive
correlation. In that case, it shows that adjustments to one variable may impact the other, emphasizing
the necessity for coordinated maintenance efforts.
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Figure 2.6: correlation coefficient

Figure 2.7 shows a correlation plot for 24 months of railway profile. The Pear- son equation was used
to calculate the Correlation coefficient between the variables. The plot shows a significant positive
association between each month and the months before it, with correlation values reaching +0.80,
which suggests a linear relationship, meaning that an increase in profile value in one month is likely
to be accompanied by an increase in the following months.
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Figure 2.7: Correlation plots for the left and right profile
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2.2.4 Box and Whisker Plot

In exploratory data analysis (EDA), box and quantile plots can shed light on the distribution, central
tendency, and data variability. They are effective ways to summarize and visually analyze a
dataset’s characteristics. A box plot, known as a box-and-whisker plot, provides a graphical
representation of data distribution, metrics of central tendency, and variability (Peck et al. 2015). The
plot is made of a box reflecting the middle 50% of the data, called the interquartile range (IQR), as
shown in Figure 2.8. The box’s” whiskers” represents the range of the data, excluding any outliers, while
the line inside the box shows the median. The box plot shows the outliners, which are points that
deviate significantly from the rest of the data, by individual points or asterisks outside the whiskers.
Examining the box plot gives an easy way to identify a dataset’s spread, skewness, and presence of
outliers. Figure 2.9 shows a box plot for 24 months of the profile for the whole track. The plot
reveals the spread of the variables. The spread of the variables can be determined by observing the
width of the boxes. In this case, nearly all the months have the same spread and similar median and
quantile.

, X, /

Figure 2.8: Box and Whisker Plot (Parker 2023)

Outliers can skew outcomes and lead to inaccurate prediction model interpretations. However, in
railways, outliers in profile indicate the diversity and variability of track conditions and the presence of
track defects. Instead of discarding these outliers, including them in the analysis is important. Doing
so and considering typical and atypical observations can develop a comprehensive understanding of
the track geometry, ensuring all relevant information is incorporated into the analyses and modeling
development. In this track, for class 6 and according to the FRA limits, the profile safety limit is
1.0 inch. From figure 2.9, it is evident that months 12 and 21 have the highest number of defects
and the smaller number of defects in month 2.
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Figure 2.9: Box Plot for the 24 months of the profile
2.2.5 Quantile-Quantile (QQ) Plot

Quantile-Quantile (QQ) plots are useful tools for determining the distribution of a random variable
in exploratory data analysis (EDA). QQ plots can demonstrate if the data follows a given
distribution, such as Gaussian, uniform, exponential, or Pareto, by comparing the observed quantiles
of a variable with the expected quantiles of a theoretical distribution. In the railway’s context, QQ
plots provide insights into the similarity between the two sets of quantiles and if both sets come
from the same distribution. Figure 2.10 shows QQ plots for months no. 1 and 2. However, the points
on both plots form a roughly straight line, suggesting that the observed and theoretical quantiles are
drawn from the same distribution. The plot reveals a high correlation between the profile with time
for most quantiles, with less correlation observed towards the tail ends of the distributions. This behavior
is generally observed across all datasets.
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Figure 2.10: Quantile-Quantile (QQ) Plot for the first and second month
2.3 Data preprocessing
2.3.1 Data Alignment

The first analysis of EDA generally focused on the track on a macro basis. However, in the next
part, the track will be analyzed on a micro basis. However, alignment for the data is essential.
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Aligning the inspection data longitudinally is essential in analyzing railway track inspection data over
time. Usually, automated track inspection vehicles gather numerous data parameters to evaluate the
state of track components, including track geometry, rail profile, crosstie condition, and ride quality.
GPS coordinates and milepost markers align these, allowing for spatial reference. However, aligning
the data longitudinally, using only GPS coordinates and milepost markers, with sufficient accuracy for
direct comparison, is often challenging. Time series techniques and Traditional methods of
comparing data over time rely heavily on averaging techniques which are easily influenced by slight
calibration errors or differences in sampling intervals between different measuring systems, resulting in
misalignment between data collection points. The measured profile magnitude fluctuates as track
components deteriorate, but the overall pattern is preserved. To solve this problem of
misalignment, data alignment techniques have been developed, such as RFID tags or automatic
location identification systems. However, in track geometry data, the cross-correlation function can be
applied (Palese et al. 2020). Cross-correlation evaluates how similar two functions are in relation to a
constant shift or lag. The cross-correlation function calculates the lag at which two datasets are most
closely aligned by considering the data as a time series e.g. this can be done by selecting one dataset
as the reference and lining up each additional dataset with it. Each lag’s correlation coefficient is
calculated, and the lag with the highest correlation coefficient is considered the best alignment, and the
optimal lag is then used to shift the data to align them with the reference. The equation for Cross-
correlation is given in the Equation:

Fonzl(zi — E) (s — 7))

V(i — T2 T (s — )

lag(t) =

Firstly, the track is divided into 500 feet segments. Then to align the data, the cross-correlation
is calculated for each lag. Cross-correlation is mathematical technique to measure the similarity
between two signals or data sets at different time lags. The optimal lag, which reflects the time shift
or alignment required to match the respective segments of the track data, is obtained by computing the
cross-correlation. Figure 2.11 shows the profile after alignment. This optimal lag guarantees the
data segments are properly aligned, minimizing any offsets or misalignments. The term spikes”
refers to certain irregularities or anomalies in the track profile that are visible before the alignment
process. These spikes appear to be offset from one another, indicating a lack of alignment between
the corresponding segments of the track data. Figure 2.12 show the before and after alignment for
500 feet segment.

In Figure 2.13, the correlation coefficient p(l) for each lag value, 1 for month 2 correlated with
month 1 for segment 6000 to 6500 foot, for the allowable lag range of £100 samples. The maximum
value of 0.98 at a lag of | = -2 = L can be clearly seen. Note that the pre-aligned correlation
coefficient, p(l = 0) was 0.95.
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Figure 2.12: Segment 0 to 500 feet before & after alignment
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2.3.2 Previous maintenance

Lack of knowledge regarding the timing and location of past maintenance actions is a common problem
when working with railway data. This information is important in data preprocessing and preparation
and could bias the model results. During maintenance, the railway infrastructure undergoes restoration
and adjustments, which can significantly impact the measured values. This could make the model
attempt to establish relationships between variables that may not be present after each maintenance
intervention. Therefore, the model might falsely perceive a substantial improvement in the rail
condition and try to establish correlations that do not exist.

Figure 2.13 is a heat map showing the degradation of the standard deviation of the profile over the
two years for around 100 track sections. The heat map provides a visual representation of the changes
in the track’s profile variability, with a reduction indicating tamping or renewal actions. By
analyzing the heat map, it is possible to identify both the timing and location of maintenance and
renewal activities along the track. This information is valuable for effective planning and scheduling of
maintenance operations.
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Figure 2.13: Heat map of the evolution of Standard Deviation for the profile over two years
2.4 Summary

During the Exploratory Data Analysis (EDA) phase, our main objective was to comprehensively
understand the dataset and uncover any discernible patterns or relationships within the data. To achieve
this, we utilized various visualization techniques, such as histograms, box plots, scatter plots, and
correlation plots. The histograms visually represent the data distribution, allowing us to identify any
outliers or unusual patterns. Box plots, on the other hand, summarized the distribution of the data
by displaying its central tendency, variability, and any potential outliers. These visualizations helped
us gain insights into the spread and characteristics of the dataset.

We also calculated descriptive statistics, including mean, median, standard deviation, quantiles, and
interquartile range. These statistics further quantified different aspects of the data, providing a deeper
understanding of its central tendencies and variability. In addition, correlation plots were employed
to visualize the relationships and associations between variables in the dataset. By examining the
strength and direction of these correlations, we identified potential dependencies and interactions
among the variables.

The insights gained from the EDA provided a solid foundation for understanding the properties and
characteristics of the dataset. Identifying patterns, relationships, and data distribution enabled us to
make informed decisions and guide further analysis in our research. Based on the findings from the
EDA, we will now proceed to the next section of our thesis, where we will delve into the modeling
and prediction techniques, leveraging the knowledge gained from the EDA to develop accurate and
robust predictive models for track profile forecasting.
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Chapter 3 FUNCTIONAL NETWORKS

3.1 Introduction

The efficiency and safety of railway operations are crucial for any railway system and to ensure that
track maintenance and monitoring are required. Predictive maintenance is an approach that offers a
significant advantage by scheduling maintenance activities based on predicted defect occurrences.
While some data-driven models exist for predicting track degradation rates using geometry data, the
proposed approach aims to predict individual geometry values instead of track degradation for
segments and improve prediction accuracy by combining mechanical models with data-driven
approaches, specifically employing functional networks, Recurrent Neural Networks (RNN), and
Long Short-Term Memory (LSTM) networks instead of traditional neural networks.

The main goal is to accurately predict future irregularities in railway track using geometry data. To
achieve this, we will utilize a machine-learning technique called functional networks. This approach
involves predicting values at every foot along the track based on previous measurements and their
behavior. The research will be based on monthly railway track geometry data collected over a period
of 24 months.

Functional networks are machine-learning techniques utilized to forecast values at every foot along
the track based on previous measurements and their behavior. It is a crucial component of this
research, focusing on applying functional networks and presenting the obtained results and their
limitations. In these efforts, we employ machine learning techniques, specifically functional
networks, to improve our under- standing of how these models might contribute accurate predictions
of track geometric data, consequently, enable more informed maintenance planning decisions.

Two primary purposes will be highlighted. Firstly, the introduction of functional networks as a machine
learning method suitable for predicting track geometry data with a comprehensive explanation of
functional networks, their specification, discussion on the rationale behind choosing them, and their
relevance to the research objective. Secondly, present and analyze the results obtained from the
functional network models. In addition to providing visual representations of the predicted track geometry
data, the effectiveness of these networks will be assessed, and a discussion of the limitations and
challenges encountered during the application of this class of models. This analysis and evaluation will
shed light on potential causes of errors or inaccuracies, thus, showing the boundaries and areas for
improvement in the methodology.

3.2 Functional Networks
3.2.1 Overview of Neural Networks

Functional Networks are a machine learning model class that has demonstrated promising results in
various applications. These networks are designed to capture the functional equations between input
variables and output values. Functional Networks leverage the power of Neural Networks (NNs) to
model intricate relationships between input features and output predictions. Neural Networks are one
of the sub-fields of artificial intelligence (Al); they are computational models inspired by the
structure and functioning of the human brain. By using nonlinear functions on weighted sums of
input data, NNs seek to mimic the activity of individual neurons. They comprise interconnected
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layers that include input, hidden, and output layers, via which the network’s information is
transmitted.

NNs have gained a lot of attraction and popularity in recent years due to their ability to identify
complex patterns from large amounts of data and learn high-level features, leading to deep learning
(DNNs). DNNs are neural networks with multiple hidden layers that excel at capturing and
representing intricate data relationships. These features make them excellent for complex prediction
tasks like track geometry data forecasting. DNNs training involves finding the optimal weights and
biases inside the network, whereas inference utilizes the trained model to generate predictions on
new, unseen data. During training, the network modifies its weights to reduce the loss, which is the
difference between the true and predicted values. The backpropagation algorithm computes the
partial derivatives of the gradient using the chain rule of calculus, allowing one to determine how
each weight impacts the loss. Techniques for training DNNs include supervised, unsupervised, semi-
supervised, and reinforcement learning. DNNs were first developed in the 1940s, and commercial
applications started to appear in the 1980s. However, accuracy improvements for DNN-based
applications only occurred in the early 2010s. Numerous variables, such as the availability of big
training datasets, improvements in computing power, and algorithmic developments, are responsible
for this development.

One of drawbacks of DNN:ss is their need for significant computational resources and massive datasets,
typically handled in cloud systems. However, depending on the requirements of the individual
application, the inference phase may be carried out either at the edge or in the cloud. For example,
performing DNN inference processing closer to the sensor in computer vision applications is
preferable to decrease latency and improve real-time capabilities.

3.2.2 FUNCTIONAL NETWORKS

Functional networks (FNs) are a novel generalization of neural networks (NNs) that combine domain
knowledge with data in machine learning tasks. While NNs are powerful tools for solving various
problems, they have limitations, such as black box models with low interpretability. FNs go beyond
being black box models by incorporating domain-specific knowledge, considering functional
constraints, leveraging this knowledge to design the network’s structure, and using data to estimate
the neuron functions (Castillo and Gutiérrez 1998). This makes them suitable for predicting railway
geometric data, where understanding the underlying functional relationships and incorporating domain
knowledge is crucial. While NNs have fixed internal neuron functions, FNs do not have fixed internal
neuron functions, which are learnable from the data. Moreover, the weights of the connections between
neurons are absent in FNs, and the effects of these connections are subsumed within the neuron functions.
This enables FNs to include functional constraints determined by functional qualities, such as
associativity and distributivity.

Functional networks have several important components (Castillo et al. 2012):

e Input layer: In this layer, input data are shown as small black circles (e.g., X, y, and z in Figure
3.1).

e Output layer: This layer contains the output data, Displaying the output data as little circles.
(e.g., win Figure 3.1).

e processing units: These units receive input values from the preceding layer (intermediate or
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input units) and evaluate them to generate a set of output values for the next layer
(intermediate or output units). Each neuron within the functional network is associated with
a neuron function, which can be multivariate and have as many arguments as there are inputs to
the neuron. The individual components of the neuron function are called functional cells (e.g., f, g, and
hin Figure 3.1).

e intermediate storing units: Intermediate storing units refer to the layers within the functional
network that store intermediate information generated by the neuron units. These units are
depicted as small circles (e.g., u, v, and w in Figure 3.1).

X
u
y w
v
z
Figure 3.1: a functional network architecture (Castillo et al. 2012)
3.3 Types of FN

3.3.1 The Generalized Associativity Model

The Generalized Associativity Model is a functional network with the property of generalized
associativity, in which the output can be computed using two alternative sets of inputs. The model
can be made simpler by describing the functions involved in terms of arbitrary continuous and
strictly monotonic functions, as in the equation below. Figure 3.2 shows examples of the
Generalized Associativity Mode architecture (Castillo and Gutiérrez 1998).

Flgx, ), z] = K[x, N(y, 2)]

30



F(G(x,y),2)

K(N(y,z),x)

Figure 3.2: Example of the Generalized Associativity Model architectures (Castillo et al. 2012)
3.3.2 The Separable model

Figure 3.3 illustrates the separable model, which is described by the equation below. The model
consists of linearly independent functions fi(x) and gi(y). In order to streamline the model, it is
assumed that the sets of functions are also linearly independent.

T

= F(z,y) = Y fi@)aily) = 3 hy(@)ky(9)

i=1 =1
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Figure 3.3: Example of the Separable model architectures
3.3.3 The Serial functional model

A sequential network of functional units on one layer is called a serial functional model, described in
the below equation. A serial functional network’s output can be modeled as a composite of the same
function applied more than once, as shown in figure 3.4. The problem can be reduced to the
translation functional equation by investigating the scenario where every neuron is the same.

Vo1 = fu(fa-1(...[1(X)...))

x .—rf -—r.—-)-; f’,_..- ----- ). ‘; f. \ ;. Ynel

f100) et Fa(ty(x)) . £l Solls00 )

Figure 3.4: The Serial functional model architectures (Castillo et al. 2012)
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3.4 FN selection

Traditional techniques like Fourier transforms, and Box-Jenkins models have been extensively used
in the fields of prediction and forecasting. With the help of these techniques, future predictions can be
made by fitting the data into a model. These models, however, frequently include linear assumptions
and might not be able to fully rep- resent the intricate dynamics connected to the stochastic behavior
of railway systems. Therefore, there has been a shift away from linear methods in recognition of their
limitations. It has become clear that neural networks are effective for modeling non-linear systems.
But for this study, we have opted to use a particular class of neural network called functional neural
networks. FNs’ flexibility in handling various equation families that can be suitable for modeling the
complexity of railway geometry data. They can accommodate equation families such as the
polynomial family (e.g., ¢ = 1, x, x°, ..., x9), trigonometric functions (e.g., ¢ = 1, sin(x), cos(x), ...,
sin(gx), cos(gx)), and exponential functions (e.g., ¢ = 1, €, &™), ..., &%, &%) ). Unlike sigmoidal
functions commonly used in traditional neural networks, these equation families are not limited to a
specific range of outputs. This approach offers a framework for forecasting track geometry
information that is more intuitive and interpretable by taking advantage of the non-linear modeling
natural of FNs while maintaining simplicity and interpretability, which will enable deeper insights into
the factors influencing railway behavior and track geometry.

3.4.1 Box-Jenkins model

In 1970, George Box and Gwilym Jenkins developed the Box-Jenkins model, also known as the ARIMA
(Autoregressive Integrated Moving Average) model (Box Jenkins 1973). This approach is widely
used in various fields, such as economics, finance, and engineering, for analyzing and predicting time
series data. The Box-Jenkins model is an essential model in the field of time series analysis and
forecasting, which is based on the idea of autoregressive and moving average components, along with
differencing, to capture and forecast the patterns and dynamics present in a time series dataset. The
autoregressive model, known as AR(p), depicts a process in which the most recent value is expressed
as the weighted sum of previous values plus noise. An autoregressive process of order p has the
following generic form:
Xi = 01Xi-1 1+ ... T OpXi—p T Qi

The coefficients a1, ay, ..., o, in the Box-Jenkins model are obtained by fitting the data into a linear
model using methods like least squares. The model can be non-linear in functional networks, allowing
for a more adaptable and expressive representation. Our approach is to use the Box-Jenkins model with
functional neural networks by applying the associative model to autoregressive; the general form will
be:

xi = f(xi-1) + ... +fo(xi—p) + i

Here, f1 and /> represent the activation functions applied to x;-1 and x;—2, respectively. These activation
functions introduce non-linearity to the model, enabling it to capture more complex dynamics in the
railway geometric data. The challenge is to find asuitable Finding equation family that could fit the
track geometric data and find a good equation that describes the relationship between the current value
(x;) and the previous values (x@ — 1) and x@ —2)). A polynomial family of equations, ¢ = 1, x, X%,
..., X, is considered suitable for the activation functions f1 and /2, to ensure flexibility and handle
varied patterns in the data. Figure 3.5. shows the model structure.
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Figure 3.5: The Box-Jenkins functional network architectures where:
X; = the current value of the profile
Xi-1=the i — 1 value of the profile
Xi—2=the i — 2 value of the profile
/1 =the activation function for X;-1
f>=the activation function for X;—

3.5 Methodology
3.5.1 Data preprocessing

Several measures were taken to ensure the data was high-quality and suitable for the functional
network before it was ready for model training. Subsequent actions were carried out in the data
preprocessing stage.

Data cleaning: The model’s performance may be negatively impacted by missing values or noise in the
raw data. To preserve the integrity and quality of the data, procedures such as imputation of missing
values, alignment, and removing tamping data.

Normalization: To avoid bias or the dominance of features during model train- ing, it is crucial to
scale the input data to a standard scale. Standard normalizing methods, including min-max scaling
and z-score normalization, were used to ensure that all features contribute equally to learning.

Data Splitting: Training and testing sets of the prepared data were created. The split was set atan 80:20
ratio, where 80% of the data was used to train the functional network, and the remaining 20% was
held back for performance testing. This division aids in evaluating the model’s generalizability to
new data and reducing the risk of overfitting.

Adjusting Time Steps: the size of the data after data preparation was large than 300,000. To handle
the large dataset, the time step was adjusted by considering a specific time interval, such as one
month, as a single time step. This adjustment allowed for manageable chunks of data to be fed into
the model while still capturing the temporal behavior of the track profile over multiple tamping
cycles. Inspections within the same time step were ignored to simplify the analysis and focus on the
overall behavior of the track profile. After these preprocessing steps, the data was ready for model
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training functional neural network model.
3.5.2 Model Training

The specific functional network architecture used for predicting railway geometric data is based on the
functional network shown in figure 3.6 and figure 3.5. For each output value xi, it takes two
delayed values of the profile as input, namely x;-1 and x;—», which allow the model to capture the
dependencies and patterns between the current profile value and its two preceding values. For the
neuron functions, the quadratic polynomial functional family: x, x?, is used. The quadratic polynomial
function was found to be the best suitable for the profile data and enables the model to capture non-
linear relationships between the input values and the output profile. The specific architecture can be
represented as follows:

xi = f1(xi-1) + fa(xi2) + a
3.5.3 Training Process

The training process involves improving the functional network to minimize the difference between
the predicted profile values and the ground truth values in the training data. A suitable loss function,
mean squared error (MSE), was selected and used to quantify the discrepancy between the predicted
and actual values in the training data. The training process aims to minimize this loss function by
adjusting network parameters.

The model was trained using the prepared data, and the current profile value

(x;) was predicted using the delayed input values (x;—2 and x;-1). The training procedure modified
the functional network’s parameters based on the estimated loss function. The objective was to find
the functional network’s ideal configuration that can accurately capture the relationships between
the delayed input values and the output profile values.

3.6 Results and Analysis
3.6.1 Metrics Used for Evaluation

The mean squared error (MSE) metric was used to evaluate the performance of the predictive
models using railroad geometry data. MSE calculates the average squared difference between the
railroad profile predictions and actual values. Since there is less variance between the expected and
actual profiles, a lower MSE indicates higher predictive ability The modeling was conducted using
Python in Google Co- lab. Google Colab is a cloud-based development environment that provides a
Jupyter notebook interface, allowing users to write and execute Python code collaboratively.

The functional network model generated the following equation for predicting the railway profile is
as follows:

x;i = 0.00006 + 0.5706x;-1 — 0.0483x%.1 + 0.2535x:2 + 0.0431x%2

To evaluate the performance of the functional network models, a comparison was made between the
actual profiles and the predicted profiles. This assessment is depicted in Figures 3.6, 3.7, and 3.8.
The models were utilized to forecast the profile data for a period of three months into the future.
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Figure 3.6: The 1st month’s predictions
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3.6.2 Discussion of Findings

Figures [3.6- 3.8] show the ground truth (expected) profiles and the corresponding prediction results for
the first, second, and third months. The orange line in these figures represents the predictions made
by the Functional network (FN), while the blue line represents the actual data. Additionally, each
figure includes subfigures that provide a closer look at specific data segments.

To evaluate the accuracy of the predictions, the test was conducted using two specific months as
input for the model. These two months served as the historical data for the FN model. The output of
the model is the predicted values for the first month in the future; after that. These predicted values
are compared with the actual values presented in the Figures [3.6- 3.8]. Figure 3.6 displays the actual
values, predictions for the first month, and subfigures showing magnified data parts. These subfigures
enable a more in-depth analysis of the FN’s predictions about the actual values. Moving on to Figure
3.7, it shows the ground truth and predictions for the second month. Here, the model utilizes the
predictions from the first month as input to forecast the second month. Lastly, Figure 3.8 displays the
ground truth and predictions for the third month. In this case, the FN employs the predictions from both
the first and second months as input to generate a forecast for the third month. By incorporating
multiple previous predictions, the model seeks to predict multiple months in the future using only
two months of historical data as input.

However, the FN model is considered a one-time-step forecast model. The ML one-time step forecast
model relies on machine learning algorithms that learn from historical data patterns to make
predictions for a single time step ahead. These algorithms analyze the input data, such as historical
values, and identify relevant features and patterns contributing to the prediction. The model is
trained using a specific technique, in this case, a Functional network, to learn the underlying
relationships and dependencies in the data. The goal is to generate accurate predictions for a single time
step ahead, such as forecasting the value for the next month given the data from the previous
months.

The performance of the Functional Network (FN) in forecasting exhibits a discernible pattern.
Initially, in the first month of forecasting, the FN demonstrates strong performance, particularly
when predicting small values. However, as the fore- casting horizon extends further into the future,
the accuracy of the FN’s predictions diminishes. This behavior can be attributed to the inherent
limitations of the FN as a one-time-step prediction model.

Notably, the Mean Squared Errors (MES) for the first, second, and third months are 0.001542, 0.0046,
and 0.0036, respectively. These values indicate the average squared difference between the actual
and predicted profiles. Furthermore, the maximum absolute errors for the first, second, and third
months are 0.382081, 0.528598, and 0.611619, respectively. These metrics provide insights into the
magnitude of the largest discrepancies between the actual and predicted values.

Taken together, these findings suggest that while the FN performs well in short- term forecasting, its
accuracy diminishes as the time horizon extends further into the future. These limitations highlight the
challenges associated with using a one-time step prediction model and emphasize the need for further
investigation and potentially exploring alternative modeling approaches to improve long-term forecasting
performance.

The FN’s functionality is constrained to predicting only the immediate next step based solely on the
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current input. It lacks the capability to incorporate information beyond this immediate future. As
a result, the FN encounters challenges when attempting to forecast further into the future, leading to
reduced accuracy. The model’s limitations prevent it from effectively capturing long-term patterns or
trends that may exist in the data. The decrease in prediction accuracy over time can be understood
by considering the accumulation of errors. As each subsequent prediction relies on the previous
prediction, any errors or inaccuracies in the initial forecasts are carried forward and compounded
with each subsequent step. This cumulative effect amplifies the discrepancy between the predicted
values and the actual data.

3.7 Concluding Remarks

In conclusion, the FN exhibited satisfactory performance in the short term, especially for small-value
predictions. However, as the prediction horizon extended, the accuracy of the FN declined due to its
one-time step prediction nature—consequently, errors accumulated over time, resulting in reduced
accuracy. Notably, the FN faced challenges in accurately predicting peak profiles, which are crucial
for effective railway maintenance and operational planning. Accurate forecasting is vital in
optimizing maintenance schedules, minimizing downtime, and ensuring the seamless operation of
railway systems.

The findings of this study underscore the significance of selecting appropriate models for railway
maintenance and operational forecasting. While the FN demonstrated effectiveness in short-term
predictions, it proved inadequate for longer time horizons. Furthermore, the accurate prediction of
peak values in the profiles is paramount for railway maintenance. Peaks often indicate critical locations
requiring maintenance attention. By precisely forecasting these peaks, operators can allocate
resources and schedule maintenance activities accordingly, minimizing disruptions and ensuring
passenger safety. However, the FN’s inability to predict peaks effectively highlights the need for
more advanced models to capture and anticipate such fluctuations accurately.

Furthermore, the study emphasizes the importance of considering the time horizon when selecting
forecasting models for railway maintenance and operation. Short- term predictions may be adequate
for immediate decision-making, such as scheduling routine maintenance tasks. However, long-term
forecasts are essential for strategic planning and resource allocation. Therefore, there is a need to
adopt models capable of capturing long-term patterns and trends. The limitations of the FN make
it in- adequate for accurately predicting future events beyond a single time step. However, RNNs
and LSTM offer solutions to better capture dependencies over extended periods. By incorporating
these models, railway maintenance and operation planners can obtain more accurate forecasts,
enabling them to address potential issues and allocate resources effectively and proactively. They are
designed to handle sequential data and can capture dependencies over time. Developing models that
can effectively predict future values in railway maintenance and operation profiles is possible.
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Chapter 4 LONG SHORT-TERM MEMORY NETWORKS

4.1 Introduction

Through the study, it was learned that accurate prediction of track geometry data is crucial for
ensuring safe and efficient railway operations. In recent years, machine learning methods have been
increasingly utilized to track and predict track geometry data, aiming to capture the intricate
relationships between various external factors and forecast future track geometry values.

To overcome the challenges and limitations observed in the forecasting performance of the Functional
Network (FN) model, further research could explore alter- native modeling approaches. For instance,
incorporating more sophisticated machine learning techniques, such as recurrent neural networks (RNNs)
or long short-term memory (LSTM) networks, may help capture temporal dependencies and improve
forecasting accuracy. Additionally, additional external factors and domain-specific features in the
modeling process could enhance the model’s ability to capture the complexities of track geometry
data.

Long Short-Term Memory (LSTM) networks are one machine learning approach that has demonstrated
significant promise in time-series prediction challenges. Recur- rent neural networks (RNNs) with
LSTMs are made to handle input sequences with variable lengths and long-term dependencies.
Because LSTM networks can store and retrieve data for longer periods than conventional models,
they are ideally suited for time-series prediction tasks with high temporal dependence.

4.1 RNNs and LSTM

RNNS, are a type of neural network that can process sequential data by retaining information from
previous time steps. They have connections between nodes that allow information to flow in cycles,
enabling them to capture temporal dependencies. RNNs are therefore ideally suited for problems
requiring sequential data, such as time-series prediction, speech recognition, and natural language
processing.

Due to the vanishing gradient issue, traditional RNNs cannot accurately capture long-term relationships
in sequences. During the training process of an RNN, gradients are calculated to update the network
weights, allowing the model to learn from the data. However, as the gradients propagate through
time, they can become extremely small. This occurs due to the repeated multiplication of gradient
values, which can result in a vanishingly small gradient. When the gradients become too small, they
no longer effectively convey information about the input data and previous time steps to update the
network weights. Consequently, the RNN struggles to capture long-term dependencies and cannot
effectively model relationships that span distant time steps. To overcome this challenge, LSTM
networks were introduced. The Long Short-Term Memory (LSTM) networks are a Recurrent
Neural Network (RNN) type created to address the issue of disappearing gradients in standard RNNs.
Hochreiter and Schmidhuber (1997) presented LSTM networks as a solution to the vanishing gradient
problem. The LSTM design incorporates memory cells and gating mechanisms that allow for the
selective storage and retrieval of information over long periods. The memory cell retains essential
information from previous time steps, enabling the net- work to recognize long-term dependencies in
input sequences. The gating mechanisms, consisting of input, output, and forget gates, regulate the flow
of information into and out of the memory cell.
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To overcome this challenge, LSTM networks were introduced. The Long Short- Term Memory
(LSTM) networks are a Recurrent Neural Network (RNN) type created to address the issue of
disappearing gradients in standard RNNs. Hochreiter and Schmidhuber (1997) presented LSTM
networks as a solution to the vanishing gradient problem. The LSTM design incorporates memory
cells and gating mechanisms that allow for the selective storage and retrieval of information over long
periods. The memory cell retains essential information from previous time steps, enabling the net-
work to recognize long-term dependencies in input sequences. The gating mechanisms, consisting of
input, output, and forget gates, regulate the flow of information into and

out of the memory cell.

An LSTM cell has three gating mechanisms: an input gate, an output gate, and a forget gate, as
shown in figure 4.1.

. The input gate determines which information should be stored in the cell.

J The forget gate regulates which information in the cell is maintained or forgotten.

J The output gate governs which information from the cell should be outputted.

nput Gate Output Gate *

Cell State from
timestamp =t-1

Cell State to
timestamp=1t+1

Hidden state input Hidden state
(from + ~ output for
timestamp = t- 1) timestamp =t + 1

Input Data;
Timestamp = t

Figure 4.1: Long Short-Term Memory cell

The LSTM network can selectively store and retrieve information as needed by managing the flow of
information into and out of the cell, making it well-suited for time-series prediction applications with
a high degree of temporal dependence.

LSTM networks are particularly effective in predictive modeling tasks when the input sequences
involve long-term dependencies and variable lengths. This is because LSTM networks can handle
variable-length sequences and store information over long periods, enabling them to recognize
intricate patterns in the input data.

In the context of time-series prediction, LSTM networks have shown promise in capturing intricate
interactions between variables and making accurate forecasts. By learning the correlations between
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input features and their corresponding future values, LSTM networks can predict outcomes based
on historical patterns. This is particularly useful in railway maintenance and operation, where
variables like track geometry parameters, weather conditions, train speed, and train weight can impact
the future state of the track. LSTM networks can effectively capture these dependencies and make
accurate predictions, maximizing track maintenance and enhancing railway safety.

4.2 Methodology
4.2.1 Data preparation

Historical track geometry data must be collected and processed to train an LSTM model for
predicting track geometry parameters. This data may comprise numerous factors, such as
alignment and profile, collected for 24 months. The model initially focused on predicting only the
profile data.

After the data has been aligned, preprocessing is required to make it appropriate for training the
LSTM model. Scaling and normalizing are often performed during this preprocessing stage.
Scaling is used to ensure that all of the input features are on the same scale. The input data
becomes more consistent after scaling, and outlier effects are reduced with the help of
normalization. Finally, the data can be split into training and testing sets. We split the data into
training and test sets to prepare the dataset for training and testing. We selected the first 75% of
the data for training and the remaining 25% as the test set. This allowed us to evaluate the LSTM
network’s performance on data it had not been trained on. The training set is used to train the
LSTM model. The testing set evaluates the model’s performance on unseen data and measures
its accuracy and predictive power. The profile data shown in Figure 4.2 shows the profile for 500
feet for six months. As you can see from the figure, the data was dynamic, highly nonlinear, and
contained high noise. This made it a challenging dataset for predictive modeling.
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In this study, we tested several configurations for the LSTM network, but two showed promising
results. The first configuration used six months of input data and predicted the next six months of
output data. In comparison, the second configuration used 12 months of input data and predicted six
months of output data.

The first configuration, with six months of input data and six months of output data, was designed to
test the performance of the LSTM network over a shorter time horizon. This configuration may be
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more suitable for applications where short-term predictions are needed, such as predicting track
geometry data for the next few months. The second configuration, with 12 months of input data and six
months of output data, was designed to test the performance of the LSTM network over a longer time
horizon. This configuration may be more suitable for applications where longer-term predictions are
needed, such as predicting track geometry data for the following year.

The LSTM network was trained using the same training and testing datasets in both configurations.
We compared the performance of the two configurations to evaluate the effectiveness of using longer
or shorter time horizons for the LSTM network. By testing multiple configurations, we were able to
gain insights into the performance of the LSTM network and determine which configuration is more
appropriate for different applications. This allowed us to identify the strengths and weaknesses of
the LSTM network and optimize its performance for track geometry data prediction.

4.2.2 Model Training

The size of the network layer and the number of neurons in each layer are not always strictly
determined when developing neural network models. In the described approach, the parameters of
each model layer were determined through multiple experimental adjustments. Specifically, the
model consisted of two layers of Bidirectional LSTM followed by a single LSTM layer. The models
were supervised and trained using the Adam algorithm, which optimizes a predefined objective
function to obtain the optimal model parameters. The modeling for this study was conducted using
Python in the Visual Studio Code (VS Code) integrated development environment (IDE). VS Code
provides a user-friendly and customizable environment for writing and executing Python code. In the
first configuration, each time step consists of 6 months, so the input shape of the network is (6, 1).
The output shape of the network is also (6, 1). This means that the network predicts six values for
each input for the next time step. In the second configuration, each time step contains 12 months, so
the input shape of the network is (12, 1). The output shape of the network remains (6, 1), meaning
that for each input time step, the network still predicts six values for the next time step. After
training the network, it is evaluated using the test data. Only the data for the current time step must
be provided as input to the network during evaluation. The network then predicts the values for
the next time step. The goal is to minimize the mean square error (MSE) between the predicted
values and the actual observations of the next time step. A smaller MSE indicates better prediction
accuracy, which signifies a closer match between the predicted values and the ground truth
observations.

The hyperparameters of the models, such as the number of layers and batch size, were determined
empirically through experiments. During the training process, we utilized data pairs consisting of
the real current time step data and the corresponding next time step data to train the network. Overall,
our approach allowed us to tailor the architecture of the neural network to the specific requirements of
our study and optimize its performance through experimentation and fine-tuning of the model
parameters.

During training, the Adam optimization algorithm was used to optimize a pre- determined objective

function and obtain the optimal model parameters. The hyper-parameters, such as the number of
layers and batch size, were all obtained through empirical experiments.
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4.2.3 Metrics Used for Evaluation

After training the network, we evaluated its performance using the test data. During the evaluation,
we provided the data of the current time step to the network, and the network output predicted values
for the next time step. We aimed to minimize the root mean square error between the predicted values
and the actual observations of the next time step.

When evaluating the performance of our LSTM models, we used two metrics: Absolute Value Error
(MAE) and Mean Square Error (MSE). These metrics commonly measure the difference between
predicted values and actual observations.

MAE is a simple metric that calculates the average absolute difference between the predicted values
and the actual observations. Its calculation formula is as follows:
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Where ypreq 1s the predicted value, ye 1s the actual value, and n is the number of data points.
MSE is another popular metric considering the squared differences between the predicted and actual
values. Its calculation formula is as follows:
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where ypreq and yue are defined the same as for MAE, and n is the number of data points.

An MSE value of 0 indicates that the predicted values perfectly match the actual values. Lower MAE
and MSE values generally indicate better model performance predicting the target variable. By
comparing the MAE and MSE values of our LSTM models, we can determine which configuration
performs better in predicting the track geometry data.

4.3 Results and Analysis
4.3.1 Results

The left profile ground truth (expected) and prediction results for the first and sixth months, for the
6-month and 12-month configurations, are shown in Figures 4.4 and 4.5. The blue line in the figures
represents the predictions made by the LSTM network, while the red line represents the actual data.
Moreover, Figure 4.3 provides a closer examination of small segments comprising 2000 feet. The
purpose of focusing on these smaller segments is to assess the localized effect of the model and gain
insights into its performance on a finer scale. By zooming in on smaller segments, it becomes
possible to evaluate the model’s accuracy in capturing the detailed variations and irregularities
present in the track geometry.

The results show that both LSTM configurations performed well in predicting the left profile of track
geometry. However, the 12-month configuration outperformed the 6-month configuration. This is
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due to the LSTM network’s ability to accurately describe and capture the dynamic nature of time
series data, which is difficult to predict using traditional statistical methods, enhancing its prediction
accuracy. The increased input length from 6 to 12 months provides more information to the LSTM
network, allowing it to identify hidden correlations and learn long-term dependencies between time
steps. Additionally, supervised learning enables it to learn from the past and predict the future.

Figure 4.3 shows 2000 feet segments of the track profile, which provides information into the
successes of the LSTM model in accurately predicting track geometry. This segment showcases the
alignment between the predicted profile and the real pro- file, indicating the model’s ability to capture
the underlying trends and fluctuations in the data. The predicted profile closely follows the ups
and downs of the actual profile, capturing the overall trend and fine-grained fluctuations present in
the data. The model successfully identifies the subtle changes in the track geometry, accurately
forecasting the corresponding profile values. This alignment between the predicted and actual profiles
suggests a high level of accuracy and reliability in the LSTM model’s predictions.

Accurate Representation of Trends and Fluctuations The LSTM model effectively captures the
trends and fluctuations in the track geometry data within the examined segments. It accurately
predicts both the upward and downward movements, mirroring the real profile changes. This level
of accuracy is crucial for maintaining the integrity and safety of railway operations, as it ensures
the proper assessment and management of track geometry deviations. While acknowledging the
areas of underperformance, it is crucial to recognize the successes achieved by the LSTM model in
accurately predicting and aligning with the real profile within specific segments. These successes
demonstrate the model’s capacity to capture trends and fluctuations in track geometry data, ultimately
contributing to safe and efficient railway operations. Building upon these achievements, further
advancements can be made to enhance the model’s performance and address the remaining challenges
in profile prediction.
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(b) The 6™ month prediction

Figure 4.5 The 12 month LSTM configuration Prediction
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4.3.2 Analysis

Figure 4.6 and Table 4.1 show the mean square error (MSE) and absolute mean error (MAE) for each
month, providing information on the accuracy of our model’s predictions over time. The figure
clearly illustrates an increasing trend in both MSE and MAE as the duration of the predictions
progresses. This observation suggests that the model’s accuracy diminishes over the study period.
In the first month, the MSE is remarkably low at 0.0073 ixn?, indicating a high level of accuracy.
Similarly, the MAE for the same month is measured at 0.0542 in, further supporting the model’s
accurate predictions. These low error values signify a close alignment between the model’s
projected values and the actual data point.

—&— mean squared error —8— mean absolute error
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Figure 4.6: The mean square and absolute mean errors

The MSE increases to 0.0190 in?, while the MAE reaches 0.0830 iz in the sixth month, representing
a 53% increase in error compared to the first month. Although these values indicate a decrease in
accuracy, it is important to provide further con- text. To assess the accuracy of these errors, it is
valuable to compare them to relevant benchmarks. For example, the profile defects limit set by the
Federal Railroad Ad- ministration (FRA 2023) for class 6 is 1.0 in. In the sixth month, the MAE
0f 0.083 in corresponds to 8.3% of the profile defect threshold. This comparison helps us understand
that the observed errors remain within an acceptable range and do not deviate significantly from the
expected values.

The overall trend depicted in Figure 4.6 underscores the importance of continuously tracking and
evaluating the model’s performance over time. The increasing errors may indicate potential
limitations or changes in the underlying data patterns that the model finds challenging to capture
accurately. To ensure the model’s prediction capabilities, it is crucial to consider the dynamic nature
of the data and regularly assess and improve the model.

Additionally, the analysis of short segments in Figure 4.3 provides further in- sights into the model’s
performance. By examining the effect of the model on smaller segments of 2000 feet, we can gain a
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deeper understanding of its strengths and limitations in capturing track irregularities. This analysis
can help identify specific areas where the model excels or struggles, enabling targeted improvements
and refinements in the predictive capabilities.

Table 4.1: The mean square and absolute mean errors

Ise mae

0.0073 0.0542
0.0094  0.0598
0.0115 0.0648
0.0133 0.0702
0.0174 0.0788
6 0.0190 0.0830

S o O b =

4.3.3 Segment-Specific Underperformance Analysis

We examined the predicted profile and compared it with the actual profile to evaluate the
performance of the LSTM model. Upon closer examination, we identified some areas where the
model underperformed. These segments exhibited notable changes in profile, characterized by both
gradual improvements and sudden increases. The complex nature of these variations posed challenges
for the LSTM model in accurately capturing the changes.

Segment A, in figure 4.7. Spanning from 2350 feet to 2450 feet, it displayed relatively small rate
changes in the first three months. However, starting with the fourth month, the rate of change
increased dramatically, with each successive month roughly doubling the preceding month’s change.
This rapid and substantial variation in the profile presented considerable difficulty for the LSTM model
to accurately predict the profile for this segment.
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Comparably, Segment 2, in figure 4.8, which spans 3350 to 3450 feet, showed very moderate rate
fluctuations over the first four months. However, the rate of change significantly increased in the fifth
and sixth months, with the monthly change approximately doubling compared to the prior months.

Segment from 3350 foot to 3450 foot
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Figure 4.8: Segment B

Moving on to Segment C in Figure 4.9, which is in the range of 18400 to 18500 feet, we can see that
the rate variations seen over the first three months were relatively consistent. The rate of change did,
however, rise substantially starting in the fourth month. The fourth, fifth, and sixth months
experienced a considerable acceleration in the rate of change, with each subsequent month nearly
doubling the change compared to the previous month.
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These observations and identified segments imply that the LSTM model encountered challenges
in predicting the track geometric data accurately when faced with sudden and substantial
variations in the profile data. The model’s ability to capture and adapt to these rapid and
substantial changes is hindered, leading to its underperformance in these specific segments.

To address these challenges, further research and improvements could be made to improve the LSTM
model’s ability to handle sudden and severe changes in track geometry data. These improvements
could include refining the model architecture, incorporating additional features or contextual
information, or external factors that may contribute to the sudden changes in the profile.

While the LSTM model performed well in predicting track geometry data, it had problems
capturing and forecasting rapid and major alterations in profile data in some sections. These results
emphasize the significance of comprehending the model’s advantages and disadvantages and offer
suggestions for potential future improvements and adjustments to raise the model’s performance in
difficult situations.

4.4 Development of Multivariable LSTM for Track Geometric Data Pre- diction

This section focuses on developing a multivariable LSTM (Long Short-Term Memory) model to
predict and track geometric data. The goal is to leverage the capabilities of multivariable LSTM
modeling to predict the four key aspects of the space curve: left profile space curve, right profile
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space curve, left alignment space curve, and right alignment space curve. By considering these
factors collectively, we want to capture their complex relationships and dependencies, allowing us
to understand the overall track situation thoroughly. By developing a robust multivariable LSTM
model, we can improve the accuracy of track geometry predictions, allowing railway operators to
proactively address potential issues and maintain high levels of safety and reliability. This section
will delve into the multivariable LSTM model development process, covering the data selection and
preparation methods and addressing the model architecture. Through this analysis, we aim to gain
insights into the strengths and limitations of the developed model in capturing the complexities
of track geometry variations.

4.4.1 Data Selection and Preprocessing

We carefully selected and preprocessed the necessary data inputs to develop the multivariable
LSTM model for track geometric data prediction. The dataset used for developing the model
contains four fundamental components: left profile space curve, right profile space curve, left
alignment space curve, and right alignment space curve. Together, these components give a
complete picture of the track geometry and enable the prediction of other measurement channels of
the track. The selected data encompasses 12 months, representing a sufficient historical period to
capture relevant patterns and trends in track geometry variations. This duration allows the model
to learn from past data and make accurate predictions for the subsequent six months. To ensure
compatibility with the LSTM model, several preprocessing steps were applied to the data.

One of the key preprocessing techniques employed was normalization or feature scaling. This is
because these components do not have the same range. By scaling the data, we bring all the input
variables to a common scale, which prevents any variable from dominating the learning process and
helps in achieving stable and consistent training and allows the model to converge effectively. By
selecting relevant variables and applying appropriate preprocessing techniques, we ensured that the
model receives ac- curate and consistent inputs, enabling it to learn and predict track geometry
variations effectively.

4.4.2 Model Architecture

The developed multivariable LSTM architecture is an effective tool for predicting track geometry
data by leveraging the temporal dependencies and relationships between multiple input features to
make accurate forecasts. This section overviews the model architecture and highlights the key design
choices to optimize its performance. The multivariable LSTM model’s input structure is designed to
support the four fundamental space curve channels. Each feature is treated as a separate input,
allowing the model to capture each track geometry component’s unique properties and variations.
This enables a comprehensive analysis of the spatial and alignment aspects and leads to more
accurate predictions. In terms of temporal information, the model considers a 12-month sequence
length for historical data, and the model uses the last 12 months of data to forecast the upcoming six
months. The model can capture long-term trends and patterns in track geometry data by
incorporating this comprehensive temporal context, resulting in more accurate predictions.

The LSTM model consists of multiple layers, each contributing to the learning and prediction
process. In the initial layers, the input data is combined and analyzed collectively to extract
relevant features and capture the overall patterns in the data. This initial analysis helps the model to
identify common trends and dependencies shared across different features before proceeding to the
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feature-specific layers. Following the initial layers, the output of the collective analysis is fed into
four separate layers, each dedicated to a specific feature (left profile space curve, right profile space
curve, left alignment space curve, and right alignment space curve). These layers allow the model to
focus on the unique characteristics and variations of each feature, further enhancing the model’s
ability to capture the complexities of the track geometry data. The model Architecture is shown in
figure 4.10.

The layers in the LSTM model are equipped with adjustable parameters, such as the number of
hidden units, dropout rates, and activation functions, which were optimized during the model training
process. The specific values of these parameters may vary depending on the complexity of the track
geometry data and the desired trade-off between model complexity and generalization capability.
The model architecture was designed and fine-tuned through an iterative process, considering the
performance metrics such as mean square error (MSE) and mean absolute error (MAE) on a validation
dataset. By continuously evaluating and refining the model architecture, we aimed to create an
optimal configuration that effectively captures the temporal dependencies and accurately predicts
the track geometric data.

[ LProfSC ] [ LAlignsScC ] [ RProfsSC J [ RAlignSC ]

!

Consolidation of Data

Multivariable LSTM

! | ! !

Figure 4.10: Multivariable LSTM
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Overall, the multivariable LSTM model architecture used in this study leverages the strengths of
LSTM networks in handling sequential data and incorporates specific design choices to
accommodate the unique characteristics of track geometric data. By considering each feature
separately, capturing long-term dependencies, and optimizing the model parameters, we aimed to
develop a robust and accurate prediction model for the track geometric data.

4.4.3 Training and Validation

The multivariable LSTM model was trained using a carefully designed process to ensure its
effectiveness in predicting track geometric data. This section outlines the key steps involved in training
the model and evaluating its performance through validation. The dataset was divided into training
and validation sets to assess the model’s ability to generalize to unseen data. A common approach
is to use a certain percentage of the data for training (e.g., 80%) and the remaining percentage for
validation (e.g., 20%). This division allows the model to learn patterns and relationships from the
training data and evaluate its performance on data that it has not been exposed to during training.
An optimization algorithm was used during the training process to iteratively change the model’s
parameters and reduce the prediction error. Stochastic gradient descent (SGD) or one of its
derivatives, like Adam, is a frequently used method. These optimization techniques update the
weights and biases of the model using gradient information to identify the ideal setting that
minimizes the loss function. Hyper- parameters associated with the optimization algorithm, such
as the learning rate and momentum, were carefully tuned to ensure efficient convergence and prevent
overfitting or underfitting. The learning rate determines the step size at each iteration, while the
momentum controls the contribution of the previous parameter updates. The hyper- parameter
tuning process involved experimentation and validation to find the optimal values for the specific
track geometric data.

To quantify the accuracy of the model’s predictions during training, a loss function was employed.
The choice of the loss function depends on the specific task and data characteristics. For track
geometric data prediction, common loss functions include mean squared error (MSE) and mean
absolute error (MAE). The MSE measures the average squared difference between the predicted and
actual values, while the MAE computes the average absolute difference. These loss functions allow the
model to optimize its parameters by minimizing the discrepancy between predicted and actual track
geometric data.

4.4.4 Results and Analysis

The performance of the multivariable LSTM model for the prediction of track geometric data was
evaluated, and the results are presented in this section. The model’s accuracy, precision, and overall
predictive capability were assessed to determine its effectiveness in capturing the complexities of
track geometry variations. In Figures 4.11a,4.11b,4.12a, and 4.12b 6 and 7, the multivariable
LSTM model’s performance results for the prediction of space curve data are shown. Over a 6-
month period, these figures represent the ground truth (expected) and predicted outcomes for the left
profile space curve, right profile space curve left alignment space curve, and right alignment space
curve. The blue line represents the predictions provided by the multivariable LSTM network,
while the red line represents the actual data. The projected curve closely follows the trend of the
real data, albeit with a smoother shape. The actual data, on the other hand, shows more pronounced
fluctuations. This difference can be attributed to the model’s ability to capture the underlying trends
and patterns in the data while smoothing out some of the inherent noise and variability.
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Opverall, the multivariable LSTM model performed well in predicting space curve data and successfully
captured the general trends and variances, which aligned with the expected patterns. The predictions
were especially accurate in capturing the overall trend, which is critical for optimizing maintenance
planning and ensuring safe railway operations. However, the model’s performance varied across
different channels. This discrepancy could be attributed to the fact that each channel was trained
separately in the second part of the mode, resulting in predictions accuracy and precision were not
constant across all channels, which suggests that certain features or characteristics of the track
geometry may be more challenging to capture accurately compared to others.

Certain months outperformed others, showing the presence of specific problems or complexities
in the data that influenced the model’s performance. This variability in accuracy across the 6-
month prediction period could be related to environmental changes, maintenance efforts, or other
external variables that influence track geometry variances. When examining the individual
channels and MSE and MAE, which are shown in Figures 4.11 and 4.12, it was observed that the
left profile space curve (LProfSC) and left alignment space curve (LAlignSC) consistently
outperformed the right profile space curve (RProfSC) and right alignment space curve
(RAlignSC). These channels exhibited higher accuracy and more reliable predictions compared
to their counterparts. Additionally, it is important to highlight the worst-case scenario, which
occurred in the fifth month for the right alignment space curve (RAlignSC) channel, which
exhibited a higher level of error compared to other months and channels.

In summary, the multivariable LSTM model predicted track geometry data with a fair level of
accuracy. Inconsistencies in accuracy were noted across channels and months, with the left profile
space curve and left alignment space curve channels per- forming better overall. The mean square
error suggested that there was still some error in the forecasts, albeit a tiny amount. The discovery
of the worst-case scenario for the right alignment space curve channel in the fifth month
underscores the need for additional analysis and improvement in addressing the issues unique to
this channel.
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Figure 4.11: Left & Right profile space curve

60



LAlignsC

61




BT MG 8
w]
]
anl
cay | = i
—_—  IEEEE—— T— i i S Pt T —
E ] e Ee e ] L ) a0 B
AT MG 2
]
any
“ﬁ:wWﬂMW
E B e ames E L = b bR
AOHTH NG 1
@\ll
and
3 G
£ s T aries e e ) e ==
MOHTH MO 4
ws
. WW\WWW
= sl Tl
b e e mes aotsy non e Mo oo
OTH NS
[T
and \WWWWW
1
-
oo ot e arsee Teemy o e = e
T 6
wf : i . . il : . . .
anf www%ww
fit ity
o st e ariee e M e " E

(b) Right alignment space curve

Figure 4.12: Left & Right alignment space curve
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4.4.5 Importance of Space Curve Data

Generally, Traditionally, geometry deviations were measured manually using hand-held devices.
To produce a straight-line reference, one conventional approach entailed pulling a string while
keeping it close to the rail. The distance between this thread and the rail was then measured.
However, in modern practices, automated and continuous measuring systems, such as track geometry
cars, are commonly used to obtain accurate and efficient measurements. This is the reason for the space
curve data is essential from space. The curve, we can calculate other deviations such as profile,
alignment, cross-level, etc.

The mid-chord offset (MCO) is a term used to describe the midpoint offset from a chord when
measuring geometry errors along that chord. Specific chord lengths are used in the United States
based on the kind of traffic. Chord lengths of 31 ft and 62 ft are often used for freight and passenger,
respectively, although a more considerable chord length of 124 ft is used for higher-speed passenger
trains. Notably, the 62-ft chord was first chosen because of its practical property: the MCO matches
the degree of bend in inches. The 31-foot chord was designed to monitor track characteristics over a
shorter distance, but the 124-foot chord was designed to define geometry problems over a longer
wavelength for high-speed passenger services.

It’s essential to recognize that the series of MCO values obtained do not fully represent the true rail
profile or alignment shape. The chords act as mechanical filters, distorting the view of the rail shape.
This distortion arises from the fact that the chord length influences the offset measurement, and the
ends of the chord are not on a level datum but instead traverse rough track conditions.

We can obtain all these measurements with different chord lengths and purposes from the space curve
data. Space curve measurements play a vital role in railway track engineering. By quantifying
geometry deviations from the space curve data using reference chords, engineers can assess and
monitor the condition of the tracks. They lead to improved safety, reliability, and performance of
railway systems. These measurements are a foundation for track maintenance, design optimization,
and long- term track management strategies.
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Chapter S CONCLUDING REMARKS

In this chapter, we will revisit the main research question and objectives ad- dressed in this thesis
and highlight the significance of predicting track geometry data for effective maintenance planning
activities in railway systems. Our goal throughout this research was to develop machine learning
models that could reliably predict the geometric properties of railway tracks, allowing for preventative
maintenance planning and assuring the safety and efficiency of railway operations.

The primary research question driving this thesis was:” How can machine learning methods be
leveraged to predict and track geometric data and assist in planning maintenance activities for
railway systems?”” To address the research question, we set the following objectives:

e Investigate the limitations of existing data science models: The first objective of this research was
to explore the shortcomings of traditional data science models in accurately predicting track
geometric data. We recognized that complex physical processes involved in railway systems
require the integration of physics-based models with machine-learning techniques.

e Develop machine learning models for predicting track geometric data: Our second objective
was to develop novel machine learning models that could effectively forecast the geometric
characteristics of railway tracks. By leveraging the power of data-driven models, we aimed to
improve the accuracy and efficiency of track geometry prediction.

e Improve maintenance planning activities: The third goal of this study was to show the importance
of forecasting track geometry data for maintenance planning operations. Maintenance personnel
may proactively identify maintenance needs, optimize maintenance schedules and assure the safe and
reliable operation of the rail network by properly anticipating the future conditions of railway tracks.

The accurate prediction of track geometric data is important for planning maintenance activities in
railway systems. Here are some key reasons why this research area is significant:

e Proactive Maintenance: By forecasting track geometry data, maintenance personnel can take a
proactive rather than reactive approach to maintenance. Early detection of possible problems
enables timely maintenance interventions, avoiding costly repairs and minimizing train service
delays.

e Improving Safety: Railway safety is of the utmost importance. Predicting track geometry data
allows for the identification of potential safety issues such as track alignment, cross-level, gauge,
or twist abnormalities. Maintenance interventions performed on time and based on accurate
estimates can decrease safety issues and reduce the likelihood of accidents.

e Optimal Resource Allocation: Efficient maintenance planning necessitates optimal resource
allocation, which includes manpower, equipment, and supplies. Accurate track geometry projections
enable maintenance teams to precisely deploy resources, optimizing usage and eliminating
wasteful costs.

e CostReduction: Predictive maintenance based on precise track geometry data estimates can greatly
lower maintenance expenses. Maintenance interventions can be carried out in a systematic and
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cost-effective manner by addressing possible issues before they increase, preventing emergency
repairs or costly system failures.

e Increased Operational Efficiency: Well-kept tracks contribute to increased operational efficiency.
Accurate maintenance projections allow railways to organize their maintenance schedules in such
a way that disruptions to train services are minimized, ensuring smooth operations and customer
satisfaction are maintained.

5.1 Research Summary

The research conducted in this study involved employing various methodologies across different
chapters to investigate and predict railway geometric data. Chapter 3 (Data and Exploratory Data
Analysis) focused on the data collection and preliminary exploration of the track geometry data. The
data source comprised 24 monthly inspection runs for a specific location, with various geometric
characteristics of the track. The data were consolidated from multiple geometry files into a single
dataset, to be analyzed. The Exploratory Data Analysis aimed to understand the data properties
and unveil any patterns or relationships present within the dataset. Visualizations, such as
histograms, box plots, scatter plots, and correlation plots, were employed to identify outliers,
patterns, and relationships among the variables. Descriptive statis- tics were calculated to further
characterize the data, including measures such as mean, median, standard deviation, quantiles, and
interquartile range. These statistics quantified different features of the data and provided insights
into its spread and central tendencies. To visualize the correlations between variables, correlation plots
were employed. These plots allow for the understanding of associations and the strength of
relationships within the dataset. Box and whisker plots were used to summarize and visualize the
distribution, central tendency, and variability of the data. Furthermore, Quantile-Quantile (QQ)
plots were employed to assess if the data followed a specific distribution, aiding in understanding
the distribution of the profile data.

Chapter 4 introduced the application of functional network (FN) models for predicting railway
geometric data. These models incorporated domain knowledge and data to estimate neuron functions,
capturing the complex dynamics of railway behavior. Data preprocessing techniques were
employed, and the mean squared error (MSE) metric was used for model evaluation. The FN model
outperformed a neural network model in terms of predictive accuracy, attributed to the integration of
domain knowledge and the use of quadratic polynomial functional families to estimate neuron
functions. The FN model’s simplicity and interpretability made it a more efficient option, providing
valuable insights into functional relationships. However, the model’s accuracy relied on the quality and
representativeness of the training data, emphasizing the need for diverse and unbiased data.

The study highlighted the importance of selecting appropriate models for railway maintenance and
operational forecasting. While the FN model was effective for short-term predictions, accurate
prediction of peak values and longer time horizons proved challenging. Accurate peak prediction is
crucial for identifying critical maintenance locations and allocating resources appropriately.
Therefore, the need for advanced models that can accurately capture and anticipate fluctuations is
emphasized, along with considering the time horizon when choosing forecasting models for different
decision-making purposes.

Chapter 5 introduced an LSTM model for predicting track geometric data, leveraging its ability to
capture the dynamics and hidden correlations within time series data. Two configurations of the
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LSTM model were tested, focusing on shorter (6-month) and longer (12-month) time horizons. The
model demonstrated improved prediction accuracy overall but encountered difficulties in accurately
predicting sudden and significant variations in the profile data.

Furthermore, Chapter 5 explored applying a multivariable LSTM model for predicting space curve
data, specifically examining variables such as left profile, right profile, left alignment, and right
alignment. This approach effectively captured temporal dependencies and interdependencies between
different track geometry parameters, facilitating more accurate predictions for maintenance planning
and safe railway operations. The flexibility of the LSTM model allowed it to adapt to varying time
steps and capture long-term dependencies in the data. However, the model exhibited variations in
accuracy across different channels and months, mainly when predicting sudden variations in the profile
data. The model’s performance was influenced by factors such as the availability and quality of
historical data and any changes or disruptions in the track conditions, underscoring the importance of
continuous monitoring, data updates, and model recalibration.

Overall, the research encompassed data collection, exploratory data analysis, functional network
modeling, and LSTM modeling. Each chapter contributed unique insights into understanding railway
geometric data and predicting its behavior. The FN model demonstrated simplicity and interpretability,
while the LSTM model captured temporal dependencies effectively. The LSTM (Long Short-Term
Memory) model used in track analysis is capable of capturing 90% of the track with a Mean Absolute
Error (MAE) of less than 0.15 inch. However, challenges remain in accurately predicting peak
values and sudden variations. The findings underscore the need for advanced models and
continuous monitoring to ensure the ongoing accuracy and reliability of predictions for railway
maintenance and operational decision-making.

5.2 Challenges

The research on railway maintenance and operational forecasting also highlights several challenges that
need to be addressed in future studies:

Prediction Horizon: One of the key challenges is accurately predicting events and conditions beyond
a short-term horizon. Forecasting models often face difficulties in maintaining accuracy as the
prediction horizon extends.

Peak Profile Prediction: Accurately predicting peak values in railway-measured data remains a
significant challenge. Peaks indicate critical locations that require maintenance attention, and
precise forecasting of these peaks is crucial for effective resource allocation and minimizing
disruptions.

Data Availability and Quality: The availability and quality of data pose challenges in railway
maintenance and operational forecasting. Obtaining comprehensive and accurate data, including
historical maintenance records, operational data, and ex- ternal factors, can be complex.

External Factors and Uncertainty: Incorporating external factors, such as weather conditions,
maintenance schedules, and passenger demand, adds complexity to forecasting models. These factors
introduce uncertainties that impact railway maintenance and operation.

Model Selection and Evaluation: Selecting the most appropriate forecasting model for railway
maintenance and operational forecasting is a challenge. There is a wide range of models and
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methodologies available, each with its strengths and limitations. Comparative evaluations and
benchmarking studies are needed to identify the most suitable models for different forecasting
scenarios and provide guidelines for model selection.

Implementation and Integration: Deploying forecasting models in real-world railway systems can
be challenging. Integration with existing infrastructure, data acquisition, and operational
constraints require careful consideration.

Interdisciplinary Collaboration: Railway maintenance and operational forecasting require collaboration
between different disciplines, including transportation engineering, data science, and operations
research. Bridging the knowledge gaps and fostering interdisciplinary collaboration can be
challenging but is essential for developing comprehensive and effective forecasting models.

Addressing these challenges through further research and development will contribute to the
improvement of railway maintenance planning, operational efficiency, and overall system reliability.
Overcoming these challenges will enhance the accuracy and usability of forecasting models, enabling
better decision-making and resource allocation for the maintenance and operation of railway systems.

5.3 Future Research

Future research in the field of railway maintenance and operational forecasting can focus on the
following areas:

Advanced Modeling Techniques: Further exploration of advanced modeling techniques can contribute to
improved forecasting accuracy. This includes investigating the effectiveness of transformer-based
models, which have succeeded in other domains like natural language processing and image recognition.
Assessing the applicability of trans- formers for capturing long-range dependencies and enhancing
forecasting accuracy in railway maintenance and operation would be valuable.

Hybrid Modeling Approaches: Combining multiple forecasting models or methodologies can potentially
enhance the overall performance of railway maintenance and operational forecasting. Future studies
can explore the development of hybrid models that leverage the strengths of different approaches,
such as combining traditional time series models with machine learning algorithms or combining
deterministic and stochastic modeling techniques.

Integration of External Factors: Considering external factors that impact rail- way maintenance
and operation is crucial for accurate forecasting. Future research can focus on developing
methodologies to effectively integrate variables like weather conditions, maintenance schedules,
and passenger demand into forecasting models. This integration can enable more robust and
reliable predictions, allowing for proactive decision-making and resource allocation.

Uncertainty Quantification: Railway maintenance and operational forecasting inherently involve
uncertainties. Future studies can explore methodologies to quantify and incorporate uncertainty into
forecasting models. Techniques such as probabilistic forecasting and ensemble modeling can
provide a more comprehensive understanding of the range of possible outcomes, aiding in risk
assessment and decision-making.

Real-Time and Dynamic Forecasting: Developing real-time and dynamic fore- casting models can
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support adaptive maintenance and operational planning. Future research can explore techniques
that can update forecasts in real-time based on in- coming data and dynamically adjust
maintenance schedules and resource allocation accordingly. This can enable more agile and
responsive decision-making in rapidly changing operational environments.

Integration of Maintenance Decision Support Systems: Integrating forecasting models into
maintenance decision support systems can enhance their practical utility. Future research can focus on
developing integrated platforms that combine forecasting models with optimization algorithms, data
visualization, and decision support tools. This integration can provide maintenance and operation
planners with comprehensive tools for efficient decision-making and resource allocation.

Case Studies and Validation: Conducting case studies and validating forecasting models using real-
world data and scenarios is essential. Future research should emphasize the application of
forecasting models in practical railway maintenance and operation settings to assess their
performance and practicality. Validation studies can provide insights into the strengths, limitations,
and areas of improvement for different forecasting models.

Sustainability and Resilience Considerations: Future research can incorporate sustainability and
resilience considerations into railway maintenance and operational forecasting. This involves
analyzing the environmental impact of maintenance activities, optimizing resource allocation for
energy efficiency, and developing forecasting models that support resilient decision-making in
disruptive events or emergencies.

By addressing these future research areas, researchers can advance the railway maintenance and

operational forecasting field, leading to more accurate and reliable predictions, optimized
maintenance planning, and improved operational efficiency in railway systems.
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