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Understanding the deterioration behavior of crossties (also known as railroad ties or 

sleepers) is of paramount importance due to the major safety concerns associated with 

their failure. Studies have been conducted to assess ties degradation and their 

maintenance planning considering different parameters: tonnage, climate conditions, 

type of tracks, frequency of trains, and degree of curvature, among others. However, 

very few studies determined the relation between a crosstieôs degradation rate or failure 

and that of its adjacent ties.  

Degradation rates of adjacent ties are interconnected and interact in a dynamic manner 

over time. On track, ties have different conditions which leads to an imbalanced load 

distribution: as crossties deteriorate, more load is exerted on their adjacent ties, causing 

them to degrade faster. Consequently, as these adjacent ties deteriorate as well, their 

capacity to withstand additional loads diminishes, resulting in the transfer of more load 

to nearby ties, accelerating their degradation. The work performed in this PhD thesis 

investigates this complex dynamic interaction between changing crosstie condition over 

time (through degradation and replacement) and the support it provides to adjacent 

crossties. In fact, the objective is to use a theory-driven machine learning framework 
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incorporating real data to understand, model, and predict cross-tie degradation behavior 

and the corresponding cross-tie life under actual in-field conditions.  

Using different machine learning techniques, tie degradation trends were investigated 

to not only determine the dynamic impact of adjacent support condition on a center tie, 

but to also quantify the load distribution effect over time. Then, using automated tie 

inspection data, theory was integrated into the machine learning framework using three 

key approaches: constructing the model's architecture in accordance with a 

comprehensive mathematical formulation to ensure it adheres to tie degradation 

mechanisms; designing a loss function that aligns with the underlying tie degradation 

trends, in addition to theory-guided calibration of the tie condition input data. The 

established framework allowed for the use of real tie data, supported by well-defined 

railroad engineering relationships, to forecast the tie condition as a function of its 

adjacent ties and their corresponding degradation rates over time.  

Theory Guided Machine learning models were developed with the domain knowledge 

from an engineering-based Beam-On-Elastic-Foundation track model with variable 

local stiffness. The models were able to determine the load variation and associated rate 

of degradation on a given cross-tie, based on the condition of both the cross-tie itself 

and that of the adjacent ones. Using three years of railroad cross-ties inspection data, 

the resulting models forecast  the fourth-year condition. 

The models showed excellent correlation with the test data set, exhibiting strong 

performance indicators, and outperforming more conventional traditional neural 

networks. They also accurately represented tie degradation behavior and effectively 
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captured the complex dynamics introduced by tie replacements, suggesting  that the 

incorporation of domain knowledge into the machine learning model leads to 

demonstrably better tie life prediction results.
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INTRODUCTION  

 

1.1 Background 

The United States' economy depends significantly on railroad freight transportation 

networks across multiple levels. Since the 19th century, railroads played a crucial role in 

the development and expansion of the United States [1] [2]. The railroad industry 

transformed transportation, commerce, and communication in the country, leading to 

significant economic and social changes [3]. It encouraged economic growth by creating 

jobs, stimulating manufacturing, and boosting trade [4]. It also allowed for the efficient 

transportation of goods, leading to increasing production and reducing costs for businesses. 

Railroads have helped the growth of different industries like steel and coal [5]. The huge 

social and economic benefits can be seen today, helping to maintain the competitiveness 

of American industries and trade internationally. In fact, railroads move around one-third 

of U.S. exports by volume [6].  

As the railroad industry continues to be a vital part of the nation's development and 

industrialization, maintaining a solid and efficient railroad network becomes a must. With 

the progress of technical, and scientific knowledge in the railroad field, different 

technologies have been applied to advance almost every aspect of the rail operations 
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including safety, and maintenance activities. These technologies include advanced data 

analytics and automated inspections among others [7] which have been widely used to 

model the track and provide meaningful information as to when and where maintenance 

activities should occur. In fact, automated crossties inspections have provided substantial 

improvement to railroad components maintenance planning, specifically crossties 

maintenance [8]. 

Crossties (ties, or sleepers) represent a major component of the railroad 

infrastructure. They serve as the backbone of the railway system, providing the essential 

support and stability required to keep the trains running smoothly. Their various functions 

include, but are not limited to, supporting the track, distributing and dissipating the load, 

as well as helping to maintain the gauge.  

Their degradation and failure represent a considerable issue to the railroad 

stakeholders as it directly affects maintenance costs and importantly safety and  safety 

related derailments. According to the Federal Railroad Administration, from 2018 to 2021, 

297 train accidents were caused by a wide gage due to defective or missing crossties (FRA 

code T110), making it the 3rd highest cause in terms of number of incidents (all causes 

included), while the total reported damage was over 23 million dollars, making it the 4th 

most costly accident cause in the Track causes category. In addition, 34 train accidents 

were cause directly by defective or missing crossties (FRA code T110), having a reported 

total damage of over 3 million dollars [9]. 

It is important to note that railroad crossties are the second most valuable railroad 

asset. Each year, North American railroads spend billions of dollars on track maintenance, 
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with crossties accounting for a significant portion of that cost [10]. As of 2014, railroads 

were purchasing an average 25 million wood ties per year [11]. In addition, the Railway 

Tie Association Tie Pricing Reports show an increase in the average tie price from 1995 to 

2022 and it is expected to continue increasing in the coming years [12]. 

Therefore, optimizing tie maintenance results in not only lowering the costs, but 

also improving the overall safety of train operations. There exist different maintenance 

planning strategies and tie life models based on tonnage, weather and climate conditions, 

type of tracks, frequency of trains, degree of curvature, among others. However, very few 

studies determined the relation between a crosstieôs degradation rate of failure and the 

condition ( and rate of degradation) of its immediate adjacent ties. Thus, a degraded tie will 

support less load than it would have, had it been in a good condition. Hence, the adjacent 

ties bear more load, which contributes to their faster degradation.  

This research is looking at the complex interaction between dynamically changing 

crosstie condition and the support it provides to adjacent ties. The results model and predict 

wood tie life based on support condition, as defined by the degradation of adjacent crossties 

over time. The analysis approaches are based on railroad engineering theory, the 

development of a mathematical model of the dynamic track behavior and on the use of tie 

condition data provided by automated inspection vehicles, making it a theory guided 

machine learning model.  

It is to be noted that in this research, the focus is put on wood crossties since  in the 

U.S., 95% of ties are made of wood, due to their durability, cost friendliness, and 

maintainability [13]. 
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1.2 Motivations, Research Problem, and Research Scope 

1.2.1 Motivations 

The ultimate motivation behind this PhD thesis lays in the contribution to the 

advancement of railroad engineering research, and in particular in the safety and 

maintenance areas. Effective modeling and forecasting  tie life could help prevent crossties 

caused track issues and safety related incidents.  

Another important motivation has to do with the track safety and compliance with 

the Federal Railroad Administration (FRA) track safety standards. The FRAôs Office of 

Safety Assurance and Compliance has put together a manual of different safety standards 

that need to be followed by railroads and set a minimum number of ógoodô ties in every 39 

feet section (about 24 ties). Table 1 below summarizes these standards: 

 

Table 1: Minimum number of ties required in good condition per 39 feet [14] 

Class of 

Track  

Tangent track and curves 

<=2 degrees 

Turnouts and curved track 

over 2 degrees 

1 5 6 

2 8 9 

3 8 10 

4 and 5 12 14 

 

 

In addition, it is crucial for railroads to adopt considerable optimization techniques 

and strategies when it comes to crosstie maintenance operations. Although automated track 
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and tie inspections are ongoing, their frequency depends on many conditions, such as 

failure rate, economics, available budgets and, of course, track safety considerations [15]. 

Because tie inspections are not always performed annually, drawing conclusions from the 

limited amount of data to make predictions and planning decisions can be challenging. One 

way to overcome this problem is to use inspection data to model and predict a tieôs life, 

and to use that predicted tie life to optimize the maintenance processes and define a tie 

replacement strategy. 

Following this further, despite the fact that very limited research efforts have been 

made on how to tackle the tie life as a function of its adjacent ties, there has been empirical 

evidence in the field, usually associated with the formation of  clusters of adjacent failed 

or degraded ties [16] [17]. This strongly suggests that there is a relationship between the 

change in load distribution, and the corresponding degradation rates and failure behaviors 

of adjacent ties. Therefore, quantifying this effect by looking at the complex interaction 

between dynamically changing crosstie condition and the support it provides to adjacent 

ties holds significant potential in providing a useable methodology for railway engineers 

to deal with a complex integrated problem. 

Last, but not least, railroad crossties data is extremely limited. This is due to the 

nature of the field: as maintenance take place (tie replacements, tie gangsé) a significant 

amount of data is lost throughout the years. And this is a real issue that makes it hard for 

data analysts to detect trends and gather long term tie behavior. Because of this restricted 

time-dependent data, using theory guided machine learning to model tie degradation 
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behavior seems to be a powerful addition to both fields: railroad engineering and data 

science. 

1.2.2 Statement of Research Problem 

The degradation of timber crossties in the railroad industry is a complex challenge. 

Like any infrastructure components, timber crossties naturally deteriorate and are affected 

by the stresses they endure as well as  different factors. Adding to the that, they often 

degrade at varying rates, leading to an imbalanced distribution of support along the track. 

As crossties deteriorate, their ability to carry load diminishes, making the adjacent ties 

support more load than they are supposed to, which accelerates their deterioration. 

Consequently, as these neighboring ties degrade, their ability to bear load decreases as well, 

resulting in the transfer of more load to nearby ties, accelerating their degradation. This 

research tackles the complex dynamic interactions of adjacent ties with respect to their 

changing condition. In other words, it answers outstanding questions in the field:  

¶ How does the condition of a tie impact that of the adjacent ones? 

¶ What happens when adjacent ties have different degradation rates? 

¶ What happens to the adjacent ties when a center tie is replaced? 

¶ How does the degradation rate of a tie affect the degradation rate of the adjacent 

one? 

¶ How does a tie replacement impact the adjacent tiesô degradation rates ? 

¶ How to model the degradation process for adjacent ties using theoretical 

background? 
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¶ How to use actual tie data to derive coefficients and functions that support the 

models?? 

¶ How can data and theory (domain knowledge) be combined to improve the modelôs 

performance? 

1.2.3 Objective and Research Scope 

The primary intent of this thesis is to model the dynamic interactions of adjacent 

crossties degradation rates over time using a theory guided machine learning framework.  

¶ To complete this goal and answer the research questions, the following research 

scope was set:  

¶ Analyze automated tie inspection data. 

¶ Use data analytics and machine learning tools in an interpretable manner. 

¶ Theoretically prove a  relationship between tie failure and adjacent ties condition  

¶ Model the behavior of ties and their degradation over time mathematically using 

principles from railroad engineering theory. 

¶ Model the tie interactions as a complex and dynamic system.  

¶ Forecast a tieôs condition and its remaining life as a function of the condition of the 

ties surrounding it (over time) using both theory and data from automated 

inspections. 

¶ Build a Theory-Guided Machine Learning framework. 

¶ Determine the impact of tie replacements on the degradation of adjacent ties. 
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1.3 Research Methodology 

The performed research has focused on the impact of adjacent support condition on 

the life reduction of a crosstie considering the condition of adjacent ties. Data analytics 

tools and mathematical models were used to quantify this effect dynamically. Various 

aspects of the topic were tackled, mainly: 

¶ Conducting a statistical analysis of the dataset containing tie condition data from 4 

different inspections performed on the same track. 

¶ Developing different models and relationships between the loss of adjacent support 

and the life reduction of a tie considering the condition of ties to be static 

¶ Developing a novel approach to determine the contribution of tie condition on the 

load distribution. 

¶ Constructing an architectural model to incorporate theory guided machine learning 

and implementing simplistic machine learning functions.  

The research methodology  involved the use of different modeling techniques and 

analytics tools as follows:  

¶ Data Analysis:  

o Data collected from automated inspection vehicles was cleaned, 

preprocessed and analyzed.  

o This data offered insights into the actual degradation rates of crossties under 

different conditions and load distributions.  

o The data was used to train, test, and  validate the developed models. 

¶ Theoretical modeling:  
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o The theoretical analysis formulates and models the mechanisms behind the 

degradation rates. 

o The theoretical basis is established by examining the load distribution as a 

function of tie condition and load transfer over time, and using that to model 

different degradation rates of a group of adjacent ties..  

¶ Model Development:  

o Building upon the theoretical insights and empirical data,  comprehensive 

theory guided machine learning models were built. The models consider the 

dynamic interplay between crossties load-bearing capacities as a result of 

their changing condition over time (including failed and replaced ties), and 

how they influence each other's degradation rates. 

o Using predictive model to forecast the future condition of crossties based 

on the adjacent tie conditions over the years.  

o Studying the sensitivity of the models and quantifying the impact of the 

dynamic interactions of adjacent crossties degradation rates. 

1.4 Overview of the Thesis Structure 

Following up on the Research methodology, the thesis is structured as follow:  

 

¶ Chapter 1: Introduction  

The first chapter of this thesis is a general introduction that tackles the background 

and gives a general research context to include the main motivations as well as the 
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statement of research problem. The objectives and scope are introduced, and the research 

methodology is summarized. Chapter 1 presents an overview of the thesis structure in 

addition to the main research contributions.  

¶ Chapter 2: Background 

The research background and literature review are covered in this chapter with a 

comprehensive summary of the important concepts necessary for this thesis. Existing 

research on crosstie failure mechanisms and life modeling techniques is presented in 

addition to the Beam on Elastic Foundation model of track. Findings related to theory 

guided machine learning are also synthesized. 

¶ Chapter 3: Data Presentation 

Chapter 3 focuses on the data used in this research including data sources and data 

descriptions. The data pre-processing is also tackled in addition to the Exploratory Data 

Analysis which is used to make some preliminary observations. 

¶ Chapter 4: Static Analysis 

Chapter 4 summarizes the static analysis of adjacent tie conditions. It presents the 

results of 3 different methods to quantify the effect of adjacent ties on a center tie assuming 

the condition of adjacent ties remains the same during the three -years study period. 

Chapter 4 serves as an initial step of the thesis research. 

¶ Chapter 5: Beam on Elastic Foundation using Local Track Stiffness 

Chapter 5 presents a new application of Beam on Elastic Foundation using local 

track stiffness. Then, the generation of the set of equations describing the load distribution 

as a function of tie condition using machine learning is discussed in detail. A sensitivity 
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analysis is also presented. The resulting equations serve as an essential  part of the theory 

guided machine learning framework. 

¶ Chapter 6: Using Machine Learning to Quantify the Unbalanced Load 

Distributionôs Effect on Wood Crosstiesô Condition 

Chapter 6 focuses on a combination of machine learning tools (both supervised and 

unsupervised), and railroad engineering analysis. In the chapter, the degradation behavior 

of ties on a track based on the changing adjacent support condition is discussed leveraging 

interpretable machine learning techniques. 

¶ Chapter 7: Mathematical Formulation 

In Chapter 7,  the degradation behavior of ties as a function of the adjacent ties over 

time is formulated mathematically. This chapter serves as a foundation for the models 

providing a mathematical formulation of the problem and a structure to design the theory 

guided  model architecture.  

¶ Chapter 8: Development of Theory Guided Machine Learning Model- 

Excluding Tie Replacements 

This chapter focuses on using a tie condition dataset where no tie replacement 

occurred. Following up on the results drawn from Chapter 5 and 7, the step-by-step 

development of the theory-guided machine learning model is presented. The training, 

testing and sensitivity of the model are presented and discussed in detail.  

¶ Chapter 9: Impact of Crossties Replacement: Statistical Analysis and Theory 

Guided Machine Learning Models 
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This chapter focuses on using a larger tie condition dataset including tie 

replacements. A statistical analysis is presented, and the step-by-step development of the 

revised theory-guided machine learning models is presented. The effect of tie replacement 

on the life of adjacent ties is also discussed. 

¶ Chapter 10: Summary, Conclusions and Future Directions  

Chapter 10 is a summary of the research steps and findings. The conclusions are 

drawn from the interpretation of findings in light of research objectives, followed by the 

implications of the results. Finally, the challenges and limitations of the research are 

discussed and future research directions are suggested.  

1.5 Research Contribution 

1.5.1  Knowledge Gaps  

Based on the existing research in the railroad field as well as the literature review 

that covered several aspects of tie failure mechanisms, tie life models, and track models, a 

few gaps were identified. First, a wood crosstieôs life depends on different parameters 

among which are the load (and associated stress) and support condition. As a tie 

deteriorates, it can no longer handle its allocated portion of load, with the result that its 

load may be shifted to the adjacent ties, causing these adjacent ties to bear an increased 

load and contributing to an increase in their rate of degradation. Similarly, as the 

neighboring ties degrade, they impact the load distribution, around not only the original 

ñmiddleò tie (middle tie refers to the tie directly under the wheel), but also other adjacent 
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ties. Heretofore, there has only been limited research addressing this effect. Limited 

research on tie degradation rates based on adjacent support condition has focused on static 

conditions only, neglecting the dynamic actions over time. Challenges related to the how 

the degradation rates interact as a dynamic and complex system and how they influence 

each other still need to be addressed.  

1.5.2  Research Contribution 

The contribution consists of machine learning models constructed based on railroad 

engineering theories and real-world data. The development was done within a theory 

guided machine learning framework using real historical data to forecast the tie condition 

as a function of its adjacent ties degradation rates. This goes hand in hand with this 

identified gap in the railroad engineering research. The developed model is a holistic 

research project that not only adds a contribution to the railroad field, but also serve as a 

basis for future research. 

It is important to note that the anticipated contribution lies also in a dynamic model 

that considers adjacent ties conditions considering other parameters fixed (such as tonnage 

and weather condition) since the data was from the same geographic location. This includes 

the increase of degradation as a function of adjacent ties, as well as the slowing of 

degradation as a result of the replacement of an adjacent tie. 
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1.5.3  Publications and Presented Research  

The results of this thesis were published and presented in the following journal 

papers and conferences: 

Peer Reviewed Journal Papers 

¶ Soufiane, K., Zarembski, A.M. & Palese, J.W. Forecasting Cross-tie Condition 

Based on the Dynamic Adjacent Support Using a Theory-Guided Neural Network 

Model. Proc Inst Mech Eng Pt F: J Rail Rapid Transit. (2023). 

https://doi.org/10.1177/09544097231203275  

¶ Soufiane, K., Zarembski, A.M. & Palese, J.W. The Contribution of Crosstie 

Condition as Represented by Local Track Stiffness to the Wheel Load 

Distribution. Transp. Infrastruct. Geotech. (2022). https://doi.org/10.1007/s40515-

022-00263-1 

¶ Soufiane, K., Zarembski, A.M. & Palese, J.W. Effect of Adjacent Support 

Condition on Premature Wood Crosstie Failure. Transp. Infrastruct. 

Geotech. 9, 302ï320 (2021). https://doi.org/10.1007/s40515-021-00168-5 

 

Peer Reviewed Papers Published in Conference Proceedings 

¶ Soufiane, K., Zarembski, A.M., Palese, J.: Effect of failing adjacent crossties on 

tie-life: a machine learning model. International Heavy Haul Association 

Conference (Rio De Janeiro, Brazil, 2023)  

¶ Soufiane, K., Zarembski, A.M., Palese, J.: Using Machine Learning to Quantify the 

Unbalanced Load Distributionôs Effect on Wood Crosstiesô Condition. American 

https://doi.org/10.1177/09544097231203275
https://doi.org/10.1007/s40515-022-00263-1
https://doi.org/10.1007/s40515-022-00263-1
https://doi.org/10.1007/s40515-021-00168-5
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Society of Mechanical Engineers - ASME/IEEE Joint Rail Conference (Baltimore, 

2023)  

¶ Zarembski, A.M., Palese, J., Soufiane, K., Grissom, G.: Effect of tie condition 

distribution on life expectancy of wood crosstie. American Railway Engineering 

and Maintenance-of-Way Association Conference (2020)  

 

Conference Presentations 

¶ Soufiane, K., ñUsing Machine Learning to Quantify the Unbalanced Load 

Distributionôs Effect on Wood Crosstiesô Conditionò, ASME- Joint Rail 

conference, Baltimore, MD, 2023 

¶ Soufiane, K., ñThe effect of adjacent ties condition on wood tie failure using theory 

guided machine learningò, University of Delaware Big Data in Railroad 

Maintenance Planning Conference, Newark, DE, 2022.  

¶ Soufiane, K., ñResearch Update: adjacent support conditionôs effect on premature 

crosstie failureò, University of Delaware Big Data in Railroad Maintenance 

Planning Conference, Newark, DE, 2021.   

¶ Soufiane, K., ñImpact of adjacent support condition on premature crosstie failureò, 

Railway Tie Association 103rd Annual Symposium and Technical Conference, 

Saint Louis, MO,2021. 

¶ Soufiane, K., ñEffect of adjacent support condition on a crosstie degradationò, 16th 

Annual Inter-University Symposium on Infrastructure Management (AISIM 16), 

University of Texas at Austin, 2021(Best Presentation Award) 
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Conference Posters 

¶ Soufiane, K., ñResearch Update: adjacent support conditionôs effect on premature 

crosstie failureò, Railteam Symposium: 2nd Railroad Infrastructure Diagnosis and 

Prognosis, May 23-24, 2022, Roanoke, VA 

¶ Soufiane, K., ñEffect of adjacent support condition on a crosstie degradationò, The 

Transportation Research Board (TRB) 101st Annual Meeting, January 9ï13, 2022, 

Washington DC 

¶ Soufiane, K., ñResearch Update: adjacent support conditionôs effect on premature 

crosstie failureò, Big Data in Railroad Maintenance Planning Conference 2021, 

Newark, DE 

¶ Soufiane, K., ñImpact of adjacent support condition on premature crosstie failureò, 

Big Data in Railroad Maintenance Planning Conference 2019, Newark, DE 
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BACKGROUND AND LITERATURE REVIEW  

 

The background and literature review chapter lays the groundwork for this thesis. It 

provides a comprehensive overview of existing research, theories, methods, and findings 

related to crossties, support conditions, beams resting on elastic foundations, and the 

machine learning algorithms used in the research. 

2.1 Crossties 

The railway track is an integrated structure made up of several components. Infrastructural 

elements of tracks include  rails, rail pads, crossties (ties, or sleepers), fasteners, ballast, 

sub-ballast, as well as a subgrade, and are illustrated in Figure 1. 

Each of the component illustrated in Figure 1 plays a critical role in maintaining the 

integrity, safety, and operational efficiency of the railway track infrastructure [18]. Ties 

(also referred to as crossties, or sleepers) distribute the load from passing trains to the 

ballast and the underlying subgrade and  maintain the stability and alignment of the tracks 

[19]. They are  horizontal beams, laid perpendicular to the rails on a layer of ballast, which 

provide the foundation and support for railroad tracks [19]. Tie plates hold rails in place 
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and are placed between rail and the crossties. They are fastened to wooden ties by means 

of spikes or bolts through holes in the plate [20]. 

 

 

 

 

 

 

 

Figure 1: Railroad Track Components 

 

Crossties can be made from various materials, including: 

¶ Wood: Wood ties are commonly used due to their durability and cost-effectiveness. 

They typically have a shorter life compared to concrete ties but show  good 

resilience, ease of handling, and electrical insulation [19] [19] [21] [22]. 

¶ Concrete: Concrete ties offer a longer lifespan and a better quality of ride for 

passengersô trains. They require minimal maintenance costs, but have higher 

installation costs [19] [21] 

1: Rail Head 

2: Rail Web 

3: Wood Tie 

4: Ballast 

5: Geofabric 

6: Sub-ballast 

7: Subgrade 

8: Anchor Spikes 

9: Tie Plate 

10: Anchor 

11: Cut Spikes 
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¶ Steel: Steel ties are a less common alternative but are used in specific 

applications, such as in yards and secondary track [19]. 

¶ Composite: Composite ties are relatively new. They are made from a mixture of 

recycled materials. They offer a lightweight and environmentally friendly option 

[22]. 

Table 2 highlights  the advantages and inconveniences for each crosstie material recreated 

using the source [23]: 

 

Table 2:Comparisons of Crosstie Properties by Material  

 Wood  Concrete Steel Plastic/Composite 

Cost 
Low-

Moderate 

Moderate-

High 
High High 

Life Moderate 
Moderate-

High 

Moderate-

High 
Unknown 

Weight (lb.) 
160-

200+ 
600-750+ 150-200+ 150-200+ 

Lateral/Longitudinal 

Resistance 
Moderate 

Moderate-

High 
Moderate* Unknown 

Ability to Maintain 

Geometry 
Moderate 

Moderate-

High 
Moderate* Unknown 

Hand Maintenance Yes No Yes Yes 

Electrical Isolation Yes Insulator/pad Insulator/pad Unknown 

Noise/Vibration 

Control  
Yes Insulator/pad 

Limited 

experience 
Unknown 

Track Modulus 
Low-

Moderate 

High to Very 

High 

Low to 

Moderate 
Low to Moderate 

Impact Force Issues No Yes No Unknown 

Depth of Ballast 

Required(below 

bottom of tie) 

6-12" 12-24" 4-12" 6-12" 
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The most common railroad ties are made of wood or concrete, with only a minimal fraction 

of the ties used globally made of steel or alternative materials like composite or plastic 

[20]. In fact, more than 95% of the crossties used in North America are made of wood [24]. 

It is important to emphasize that the focus of this research centers on wood ties. 

2.1.1 Tiesô Functions 

Railroad ties are integral components of railroad tracks, serving a multitude of primary 

functions.  

First, they provide support to the rails, ensuring their stability and alignment. Furthermore, 

they contribute to maintaining the proper track gauge by securely holding the rail fastening 

system and aligning the rails in their designated positions. Besides, they facilitate an 

adequate wheel-rail contact by providing a cant to the rails (in wood ties, the cant is in the 

tie plate, while in concrete ties, it is in the tie)  [21] [25] [20] [19]. 

In addition to their role in alignment, crossties anchor the entire superstructure to the 

ballast, limiting lateral, longitudinal, and vertical rail movements and enhancing overall 

stability. 

Crossties also play a crucial role in distributing and uniformly attenuating the substantial 

loads transmitted from the rails to the underlying ballast, thereby preventing undue stress 

on the track structure [21] [25] [20] [19]. 

Beyond these mechanical functions, wood crossties also serve as dampers, absorbing 

vibrations and dynamic loads generated by passing trains. They act as insulators, contribute 

to efficient drainage, and offer a platform for various maintenance activities [21] [25] [20] 
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[19].  

2.1.1.1 Vertical Load Dissipation  

Every component of the track structure plays a part in distributing and attenuating the 

vertical load of trains [26], and railroad ties play a fundamental role in it. The loads are 

initially transferred to the track via the wheels, then onward through the rails, which further 

transmit the weight to the crossties. Subsequently, the crossties relay the load from the rails 

to the ballast. The ballast, in turn, transmits it down to the subgrade while preventing any 

lateral or longitudinal movement of the ties [25] [20]. The load is attenuated as it is 

transferred from one component of the track structure to the other. 

Figure 2 (reproduced using reference [27]) illustrates this process of vertical load 

dissipation and attenuation using bearing loads for each element. 

 

 

Figure 2: Pyramid of Load Transfer from the wheel to the subgrade 

 

In Figure 2, as the load is transmitted from one element to the next, it is dissipated and 

Wheel Ḑ 100,000 psi

Rail < 25000 psi

Tie < 200 psi

Ballast< 85 
psi

Subgrade 
< 20psi
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attenuated, and the crossties play a significant role in this dissipation reducing the load by 

about 60%. 

2.1.1.2 Lateral and Longitudinal Resistance 

In addition to vertical loads dissipation, ties play a crucial role in providing essential 

mechanical functions within the railroad system, including the resistance to lateral and 

longitudinal forces. 

When it comes to lateral resistance, ties encounter different factors. First, ballast shoulder1 

resistance at the end of the ties. This refers to the resistance encountered where the ends of 

the ties come into contact with the ballast shoulder. It's essential for maintaining the lateral 

stability of the track. In addition to that, the side of tie and crib2 ballast resistance, as well 

as the friction at the base of the tie, are also contributing factors to the longitudinal 

resistance [28] [29] [25]. 

2.1.2 Wood Tie Life and Failure  

Like every other element of railway infrastructure, crossties naturally undergo degradation 

until they reach a critical failure point where they can no longer perform their functions 

effectively. The expected lifespan of crossties is influenced by varied factors and can range 

from 20 to 50 years depending on these factors. Additionally, degradation mechanisms can 

 

 
1 The shoulder is the ballast at ends of the cross-ties. 

2 The crib is the ballast between the cross-ties. 
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further shorten the tie life. This section presents the factors that impact the life of wood 

crossties, as well as their failure factors and mechanisms. 

2.1.2.1 Wood Tie Degradation Factors and Mechanisms 

Research on wood ties failure mechanisms have been crucial to assess an average tie life 

as well as plan maintenance operations. The degradation of wood ties can be broadly 

divided into two modes: environmental decay, and mechanical deterioration [30]. The 

environmental decay is impacted by various factors, mainly  weather factors, biological 

factors and environmental conditions, while the mechanical deterioration is a function of 

stress factors and mechanical wear, as well as use factors [31] [32] [33].  The tie failure 

factors are summarized and explained in Table 3. 

 

Table 3: Wood Tie Failure Factors [31] [32] [33] 

Factors Examples 

Weather Factors  

Temperature  

Moisture 

Water and Precipitations 

Biological Factors 

and environmental 

conditions 

Fungi 

Rot  

Decay 

Stress Factors and 

Mechanical 

Degradation 

Ballast Causing Abrasion 

Vertical loads impact compression and impact bending  

Spike Loading3 

Use Factors 
Frequency and quality of maintenance activities (such as spike 

removal) 

 

 
3 The application of spikes or fasteners to secure the rails to the crossties 
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Track Geometry (Curvature and Grade), Accidents 

Other Factors Chemical or Physical Degradation 

 

2.1.2.2 Tie Mechanical Degradation and Load  

It is crucial to emphasize that the primary focus is placed on the mechanical degradation 

of ties in this research,  given its direct association with the loads encountered by a tie. Ties 

are continually enduring loads as trains traverse the track, with these loads being a direct 

driver of mechanical degradation [34]. 

The capacity to bear loads is directly related to the mechanical properties of crossties, 

including their bearing and bending capacity, and is also tied to the overall fatigue 

properties of wood ties. Crosstie fatigue represents a form of failure typically resulting 

from repeated, high-level cyclic loading stresses [35]. In addition to factors like bending 

strength,  the rail seat load and the sleeper-ballast contact pressure also affect the 

mechanical behavior of crossties [36]. It should be noted that the mechanical properties of 

wood ties such as modulus of elasticity and stiffness  are notably susceptible to the impacts 

of moisture content and environmental conditions [37]. 

Tie condition is a direct indicator of its mechanical properties. When a tie degrades, its 

mechanical properties, including bending capacity and stiffness deteriorate. The latter play 

a crucial role in overall track performance [36], and in particular, load distribution [38]. 

Therefore, a deteriorated tie  loses its ability to support loads efficiently. As a consequence, 

adjacent ties bear a greater share of the load, which accelerates their own degradation [39].  
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2.1.2.3 Tie Life  

2.1.2.3.1 Factors affecting Wood Tie Life 

Much like the intricate factors that influence degradation, several interconnected variables 

play an important role in determining the average lifespan of a tie, mainly: 

¶ Traffic Characteristics: This encompasses various aspects of train traffic, including 

traffic density, axle load, speed, and the type of traffic utilizing the railway [27] 

[32]. Different traffic patterns and loads can exert varying levels of stress on ties. 

¶ Track Geometry: particularly, elements such as curvature and grade, can 

significantly impact tie life. Curved and graded tracks impose additional stresses 

on ties compared to straight and level sections [32] [27]. 

¶ Track Type and Condition: this includes the rail section and whether welded or 

jointed rails were used, in addition to the type of fasteners used [32] [27]. 

¶ External Factors: External influences encompass environmental conditions and the 

type of wood used for tie as  the choice between softwood or hardwood ties can 

have implications for durability [32] [27]. 

These  factors collectively shape the expected average lifespan of a tie. 

2.1.2.3.2 Average Tie Life 

Various analyses of average wood crosstie lifespan show a range of wood tie life of the 

order of 20 to 50 years depending on climate, treatment, track and traffic conditions [40] 

[41] [42]. Examples of wood crosstie life (in years) depending on the tonnage (in MGT) 
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and curve as well as including the effect of alternate wood treatment processes and climate 

zones are  summarized in Table 4 and Table 5 respectively. 

Table 4: Average Tie Life based on climate and tonnage [23] 

Climate MGT  Curve 

0 4 

Dry  

10 50 years 39 years 

25 40 years 33 years 

50 36 years 28 years 

Moderate 

10 45 years 36 years 

25 38 years 30 years 

50 33 years 26 years 

Wet 

10 34 years 27 years 

25 29 years 22 years 

50 25 years 19 years 

 

 

Table 5: Average Tie Life based on climate zone [23] 

Climate Zone 
Average Creosote treated tie 

life (years) 

Range of Tie Lives for 

95% of the Ties (years) 

1 43.3 
20.21 to 60.95 

2 39.9 
18.62 to 56.17 

3 35.9 
16.75 to 50.54 

4 30.7 
14.33 to 43.22 

5 18.1 8.45 to 25.48 

 

 

Figure 3 presents  plots of tie life (in years) as a function of traffic density and curvature 



  

27 

 

(Figure 3a) , as well as density and environment (Figure 3b).  

In Figure 3, it is observed that:  

¶ The higher the traffic density, the shorter the average tie life 

¶ The higher the degree of curvature, the shorter the tie life 

¶ The colder /drier the weather, the linger the tie life. 

 

 
Figure 3a: Tie life (in years) as a function of density and curvature [27] 

 

 

 
Figure 3b: Tie life (in years) as a function of density and environment [27] 
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2.1.2.3.3  Forest Product Curve 

Research has shown that variation in tie condition along the same track is common. This 

is due to several factors to include non-uniform tie failure rates, even when placed at the 

same time on the same track [43]. A Tie Life Curve that summarizes this phenomenon was 

originally developed by the USDA Forest Products Laboratory in 1957 and was widely 

used by engineers to plan and account for tie replacements. It is a statistical distribution of 

tie failures, with respect to the average life of a tie as illustrated in Figure 4, where the x-

axis represents the percentage of average tie life and the y-axis represents the percentage 

of ties replaced (or failed): Tie failure follows a skewed normal distribution. This behavior 

has a strong foundation and has been verified and revalidated several times by many 

researchers in various studies [42]. 

 

 

Figure 4: USDA Forest Products Laboratory Tie Life [43] 
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From Figure 4, a skewed normal distribution may be used to describe the distribution of 

crosstie failures around the average life. As a result, in a new track, around 50% of the ties 

would be replaced when  the track reaches 94% of its "average life," while the remaining 

50% replaced at lifetimes larger than 94% of the average life [43] [42].  As a result, a 

considerable number of wood crossties may have a higher average life given certain track 

conditions while a significant number of ties fail before their average life. 

2.1.2.3.4 Tie Life Modeling 

Different crosstie degradation modeling techniques are used in the railroad industry to 

predict and assess the deterioration of railroad ties over time. They offer valuable insights 

into the longevity of ties, allowing for more informed decision-making and effective 

maintenance planning. 

In practical railway operations, different strategies can be implemented for tie replacement 

on a track [44], but in many cases, historical maintenance data is used to determine the 

average renewal frequency4 [41]. This approach acknowledges that the average lifespan of 

ties can vary significantly depending on a range of operating conditions and environmental 

factors. In addition to that, the estimation of average tie life has been performed using 

different techniques, including:  

 

 
4 Railroads typically replace a percentage of wood ties on a periodic (multiple years) 

basis. 
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¶ empirical forecasting models, 

¶ and mechanistic models [32].  

Additionally, to estimate and predict tie life, modeling approaches have been proposed: 

¶ Statistical Tie Life Approach: This approach focuses on predicting the number of 

ties that are expected to fail within a given year. It involves a detailed analysis of 

failure data to forecast annual tie failures on a track. 

¶ Average Tie Life Modeling Approach: In contrast, this modeling approach takes a 

broader perspective, aiming to estimate the average lifespan of ties [32].  

Other models incorporated different parameters such as tonnage, wheel load, curvature to 

estimate the tie life in years. However, none of the models has considered the condition of 

the adjacent ties. 

A few examples of combined mechanical damage of tie and life equations and models [17] 

are presented and summarized in Table 6. 
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Table 6: Tie life Modeling Equations  

Tie Life Equation Variables Developed by  

Tie Life (in years) =  a *  f(P,S)* K(C)* 

R*G *J *h(D) *E/D 

¶ A = constant 

¶ f(P,S), F(P,S) = function of axle 

load (P) and speed (S) 

¶ k(C), K(C) = function of 

curvature (C) 

¶ R, R' = rail size factor 

¶ G, Gô= function of grade 

¶ J, Jô= function of joint 

condition, CWR vs Jointed. 

¶ E, Eô= function of environment 

¶ D, Dô and H(D) = function of 

annual traffic density in Million 

Gross Tons (MGT) 

Chessie System 

Tie Life (Years) = a-b* 5 (P(t)d(t)* 

(L/V/0.03)c * p(Nsd) 

¶ a, b, c and d are constants 

¶ L/Vis the ratio of lateral to 

vertical forces 

¶ P(t) = dynamic tie plate load for 

loading class i 

¶ d(t) = maximum vertical track 

deflection for load class i 

¶ P() = proportion of total loading 

cycles for load class i 

¶ Ns = millions of load cycles 

imposed by total traffic mix 

Canadian Institute 

of 

Guided Ground 

Transport 

 

,ÉÆÅ-'4 Ë Å 4 

¶ K-= constant based on rail 

weight, rail type, grade, wheel 

load and track support 

¶ a, band c are constants based on 

empirical data 

¶ D = Degree of Curvature 

¶ T= Annual gross tonnage 

(MGT/year) 

 

Southern Pacific 

Transportation 

Company 

 

,
Á

ρ Âρ Ã$ρ Ä' 4 7Ⱦςσ
 

 

¶ a, b, c, d, e, and f are constants 

¶ D = degree of curvature 

¶ G = grade (%) 

¶ T= tonnage density (MGT/year) 

¶ W = wheel load (Kips) 

¶ L = tie life (years) 

Association of 

American 

Railroads 
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2.1.3 Tie Maintenance 

Effective maintenance of crossties is fundamental to ensure the safe and efficient 

functioning of railway tracks. Given the continuous exposure to heavy loads and various 

environmental factors, crossties do deteriorate over time. Regular inspections, repairs, and 

replacements are necessary to maintain the integrity of the railway infrastructure and 

ensure the safety of train operations. 

 

2.1.3.1   Tie Failure Criteria  

For a tie to be acceptable for use on a railway track, it must meet certain criteria, and at the 

same time, criteria for identifying tie failure should be established. Standards were put in 

place by regulatory agencies to guarantee a tie's structural soundness and, therefore, ensure 

safety in railway operations. 

According to American Railway Engineering and Maintenance-of-Way Association 

(AREMA) standards [45], a wood tie is considered defective if it exhibits any of the 

following conditions: 

1. Broken Through: The tie is fractured, making it unable to support the rails 

effectively. 

2. Split or Impaired: The tie has splits or impairments to the extent that it cannot 

securely hold spikes or other rail fasteners. 

3. Excessive Lateral Movement: The tie has deteriorated to the point where the tie 

plate can shift laterally by more than 0.5 inches relative to the crosstie. 
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4. Deep Cuts by Tie Plate: Cuts made by the tie plate extend more than 2 inches into 

the tie's structure. 

5. Deep Cuts Near Rail Base: Cuts caused by wheel flanges, dragging equipment, fire, 

or other factors penetrate to a depth of more than 2 inches and occur within 12 inches of 

the base of the rail, frog, or load-bearing area. 

6. Rotted, Hollow, or Severely Deteriorated: The tie exhibits signs of rot, hollowness, 

or extensive deterioration, where a significant portion of the material is decayed or missing. 

7. End-Broken: This includes cases where the tie is fractured at the ends, and the 

defect extends beneath the base plate. Such defects may not be noticeable except for a 

slight elevation at the tie's end relative to the central portion. 

Similarly, in alignment with the Federal Railroad Administration (FRA) regulations (Part 

213ðTrack Safety Standards) [14], crossties (excluding concrete) are expected to conform 

to specific standards and conditions, which are as follows: 

1. Not Broken Through: Crossties must not be fractured entirely, maintaining their 

structural integrity. 

2. Not Split or Significantly Impaired: They should not exhibit splits or impairments 

to the extent that the ballast can penetrate through them, or they cannot securely hold spikes 

or rail fasteners. 

3. Not Severely Deteriorated: Crossties must not be in a state of such severe 

deterioration that the crosstie plate or the base of the rail can shift laterally by 1/2 inch 

relative to the crosstie. 

4. Not Cut Through More Than 40%: The crosstie plate should not cut through more 
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than 40 percent of the crosstie's thickness. 

 

These criteria, which are overlapping for both AREMA and the FRA, serve as essential 

standards to assess the condition and failure of wood ties and to maintain the safety of 

railway operations. To ensure ties adhere to safety standards, routine track inspections are 

imperative. 

 

2.1.3.2 Tie Inspections 

To ensure the safe operation of railroads, regular inspection, maintenance, and replacement 

of deteriorated ties are essential. Railroad companies use various techniques, including 

visual inspections as well as automated inspections to assess the condition of crossties and 

prioritize maintenance efforts.  

Wood tie inspection includes various aspects, such as the identification of cracks in the tie, 

determination of their size, length, and location. Additionally, it involves estimating the 

level of tie "roughness" and measuring vertical plate cutting5 among other parameters [46]. 

Visual assessments conducted by trained tie inspectors were the traditional and most 

common inspections[31] [47]. These assessments involved straightforward determinations 

of whether a tie was in a good condition or needed replacement [48]. Then, more detailed 

assessments were included [49] such as the example illustrated in Figure 5.  

 

 

 
5 Vertical cut in the crosstie due to the tie plate movements 
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Figure 5: Quantitative Tie Condition Scores based on Visual Inspection [49] 

 

Railway track inspection requirements are determined by individual railroad engineering 

departments and are based on the Federal Railroad Administration (FRA) regulations. 

Railroads maintain their own internal track standards to ensure safety and efficiency. The 

FRA Track Safety Standards serve as the minimum requirements for most U.S. railway 

tracks and vary based on several factors such as track class or desired train speed [46].  

Additionally, to maintain safety standards, the FRA mandates the track to be inspected for 

defects at specified time intervals [14]. As a result, thousands of miles of railroad track 

must be inspected as often as twice per week [50] (looking for clusters of failed ties that 

violate FRA standards). 

The need for more sophisticated and automated inspection techniques rose with the desire 

to get more accurate and detailed information than that obtained from traditional 

inspections.  

The development of automated inspection vehicles involved the integration of various 

nondestructive evaluation (NDE) technologies [47]. These technologies were incorporated 
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to detect defects that are usually imperceptible through manual or visual inspections. For 

tie inspections, they include, but are not limited to, different types of sensors [51] [47] [52],  

LiDAR [47], Ultrasound [47], Machine vision [53] [54],  X-ray [55]é 

For automated tie inspections, a rail mounted vehicle travels along the track at a given 

speed, as depicted in Figure 6. It  scans the track and employs different sensors and 

advanced technologies to evaluate the condition of the ties [51] [55]. 

 

 

Figure 6: Illustration of an automated tie inspection vehicle on track 

 

Additionally, not only did the FRA add standards and regulation for the automated 

inspections [14], but it also initiated different automated inspection programs with the 

objective of enhancing quality and safety of American railroads [56]. 

Automated inspections provide data that must be processed  in a manner that is both 

coherent and conducive to making well-informed decisions. With the increase of inspection 

data, the volume of data generated has also increased significantly. Consequently, there is 

a growing demand for sophisticated analytics and data science tools. These tools are 

essential not only for processing and cleansing the data but also for leveraging  it effectively 



  

37 

 

to generate meaningful and reliable predictions. The research presented in this thesis serves 

as an example of leveraging tie inspection data to develop a predictive model for assessing 

future tie condition, and determining degradation rates, as well as predicting potential tie 

failures. 

2.1.3.3 Tie Maintenance Operations 

When crossties are positioned on the track, maintenance operations primarily involve 

replacements, and these replacements can be carried out in two main methods: 

Spot Replacements: In this approach, failed or deteriorated ties are identified through 

inspections, and they are replaced individually or sporadically along the track [57]. This 

method targets specific ties that are in need of immediate replacement due to defects or 

wear. 

Tie Gang Operations: Tie gang operations involve replacing ties in larger sections or 

segments of the track. Instead of replacing individual ties, entire sections of the track are 

addressed [58]. This method is often employed for planned maintenance or rehabilitation 

projects, where multiple ties (usually between 20% and 30% of the ties) are replaced within 

a designated track section. 

Both spot replacements and tie gang operations are essential components of crosstie 

maintenance, and the choice between them depends on factors such as the extent of tie 

deterioration, the overall track maintenance strategy, and available resources. 

After introducing ties, discussing their functions, explaining degradation mechanisms, and 

providing an overview of maintenance, it is important to cover the mechanics of the track 
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and load distributions. To achieve that, the Beam on Elastic Foundation model of track is 

presented in the next section. 

2.2  Beam On Elastic Foundation Model of Track 

For optimal design and maintenance of the track, it is critical to understand and quantify 

the load environment, as well as how wheel loads are transferred from the wheelïrail 

interface to the track foundation. Wheel loads are distributed through the track foundation 

depending on the stiffness and damping parameters of track substructure elements [20]. 

To model the loads on the ties, a range of different approaches have been used, including, 

but not limited to, closed form quasi-static analyses, dynamic simulation modeling and  

Finite Element modeling. The while all three approaches consider  the effect of moving 

loads, the first approach, which is discussed in further detail in the next paragraph treats 

the load in a quasi-static manner and represents the most commonly used approaches for 

looking at track response and load distribution. The latter approaches have the ability to do 

a more comprehensive dynamic analysis but generally have been more limited in their 

applications. Examples of the approaches include those discussed in references [59] [60] 

[61] [62]  for  dynamic simulation and  [63] [64] [65] [66] [67] [68] [69] [70] for Finite 

Element (FE) analyses.  Note, several  FE models modeled the crosstie as a linear elastic 

material which, in turn,  allowed the model to simulate the response of the crosstie under 

the dynamic moving load of the train. 

As noted, the more traditional quasi-static models, have been most commonly used  

because of their relative simplicity, ease of use and low computational cost [71]. As applied 
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to rail track analysis,  numerous models have been developed to examine the track behavior 

as a function of applied wheel-rail forces: Filonenko-Borodich Foundation, Hetenyi 

Foundation, Pasternak Foundation, Vlasov Foundation, Reissner Foundation among others 

[72].  The Winkler foundation, a series of uniformly spaced springs representing the ties, 

ballast and subgrade, forms the basis for the Beam on Elastic Foundation model (BOEF), 

and has been commonly used to model the track due to its simplicity, effectiveness, and 

speed of calculation. It assumes the rail is an infinite beam resting on an elastic foundation. 

In other words, the track elements below the rail are considered an elastic foundation. The 

reaction forces at a particular location of the elastic foundation are assumed to be 

proportional to the beam deflection at that location [73] [74]. A representation of the BOEF 

model is shown in Figure 7 whereby the upper illustration represents the real physical 

problem, and the second illustration is the analytical model. 

 

 

Figure 7: Beam on Elastic Foundation (BOEF) illustration 

 

The formulation of the Winkler BOEF model is as follows: 
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ὉὍ 
 

Ὧὼύὼ ήὼ        (ρ) 

Where: 

Å w(x) is the vertical deflection of rail at point x, 

Å EI = flexural rigidity of the rail, 

Å k(x) is the foundation stiffness, 

Å q(x) is the vertical loading. 

 

If the general load distribution is replaced by a single wheel load, P, and k(x) = constant = 

k, then the equation becomes [73]: 

ὉὍ 
 

Ὧύὼ π                         

(2) 

The general solution of the Beam on Elastic Foundation model is as follows: 

ύὼ Ὡ ὅὧέί‍ὼ ὅίὭὲ‍ὼ Ὡ ὅὧέί‍ὼ ὅίὭὲ‍ὼ            (3) 

 

When applying the boundary conditions:  

¶ wô(0) = 0 (the slope at x =0 is 0), 

¶ EIwôôô(0) = P/2 (The third derivative of deflection is the 

shear force, and the shear force at the point of application 

(x=0) is P/2), 

¶ w(Ð) = 0 (the deflection at an infinite distance (far) from 

the wheel is 0), 



  

41 

 

¶ wô(Ð) = 0 (the slope at an infinite distance (far) from the 

wheel is also 0), 

 the solution to the Beam on Elastic Foundation model becomes:  

ύὼ   Ὡ ὧέί‍ὼ ίὭὲ‍ὼ    (4) 

Where:  ‍
 ᶻ 

 

 

There are certain limitations to the Winkler model. For example, the linearity of the ballast  

support is assumed, while in reality, ballast operates as a nonlinear spring that impacts track 

response [38] [74]. Also, the model assumes the foundation is connected to the beam, when 

in reality the rests on the foundation. However, the Beam-On-Elastic-Foundation (BOEF) 

theory with a Winkler foundation remains practical, effective, and widely used. 

2.2.1 Crosstie Bearing Force  

The Winkler Model assumes the reactions of  the elastic foundation  under the rails to be 

proportional to the rail deflection. The Winkler model also assumes the tie pressure  is 

proportional to the deflection [73] [74], with the pressure  response as follows: 

ὴὼ  Ὧz ύὼ           (5) 

 

From (4)       

ὴὼ   Ὡ ὧέί‍ὼ ίὭὲ‍ὼ                         (6) 
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such that: 

¶ k is the track modulus, 

¶ and p(x) is the pressure per unit (lb/in). 

 

To determine the load on individual ties, the distributed force needs to be computed, by 

integrating the pressure across the tie spacing. The corresponding bearing force on each 

crosstie is related to the stiffness (k), deflection (w(x)) and the tie spacing (a) as follows 

[73] [25].  

Ὂ=᷿ Ὧz ύὼὨὼ
Ⱦ

Ⱦ
        (7) 

 

Since the deflection w(x) change is not significant over the tie spacing distance a (about 20 

inches), a reasonable approximation to Equation (3) by can be made by assuming w(x) is 

constant from 0 to a. The bearing force on crossties is therefore as follow:  

Ὂ Ὧz ύὼ ὥz        (8) 

 

Using Equation (8) the example shown in Figure 8 represents the wheel load distribution 

on the tie directly under the wheel (Tie 0) and the 4 adjacent ties on each side using different 

stiffness values: k=500 lb/in/in, k=1000 lb/in/in, k=2000 lb/in/in, k=5000 lb/in/in, and 

k=10000 lb/in/in. The load distribution is based on a 115 RE rail, a load of 46,500 lb, and 

a tie-to-tie distance: a = 20 in. 

 



  

43 

 

 

Figure 8: Percent of load carried by each tie using different track stiffnesses 

 

It  can be observed from Figure 8 that with a soft modulus, i.e., a small value of k (poor 

support condition), a large number of ties contribute to supporting the wheel load. On the 

other hand, when the track has a stiffer support (large modulus), the load is more 

concentrated, and spread (or  distributed) over a smaller number of ties. In this case, the 

center ties tend to pick up more load, which in turn  puts higher stresses on these ties. 

2.2.2 Validation of the Approach 

The basic BOEF model and its use to represent the response of railroad track has been 

extensively validated by the significant work of the American Railway Engineering 

Associationôs Special Committee on Stresses in Railway Track, commonly referred to as 

the ñTalbot Committeeò after its chairman, Professor A. N. Talbot of the University of 

Illinois Urbana Champaign [75]. For instance, the Talbot Committee test data found on 
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pages 20-25 of reference [75] validate the BOEF model prediction of  defection and 

bending moments. Kerr also refers to this and other BOEF validations in his book [73] on 

pages 111-112. The following is an example validation of the tie load distribution based 

on the BOEF model of track using experimental (test) data from a research study measuring  

crosstie - ballast interfacial pressure [76]. Table 7 represents the wheel load distribution 

across several crossties where Tie 0 is directly under the wheel, Tie 1 is the first adjacent 

tie, and Tie 2 is the second adjacent tie. Table 7 presents both the test data and the BOEF 

analysis.  

 

Table 7: Validation of BEOF tie load distribution using  test  data 

 Percentage of wheel load carried 

  Tie 0 Tie 1 Tie 2 

Test  data 38% 23% 9% 

BOEF tie load distribution6 37% 25% 9% 

 

 

As can be seen in Table 7, BOEF can be used to determine the distribution of a dynamic 

wheel load across the supporting crossties. 

 

 
6 The distribution was based on a rail section of  136 RE and the following values:  track 

stiffness k = 10500 lb/in/in, and a wheel load P= 35,750 lb. The tie spacing was set to 

a=24in. 
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2.2.3 Track Stiffness 

Beam on Elastic Foundation (BOEF) models are a well-recognized and commonly used 

model representing the railroad track static response behavior. Within BOEF, track 

stiffness, or modulus, is a key parameter of the track structure that represents the behavior 

of the elastic foundation. Track stiffness can be described 

as a measurement of deformation resistance [77]. As such, it is  defined as the supporting 

force per unit length of rail per unit vertical deflection of the rail. Track stiffness includes 

the effects of fasteners, ties, ballast, subballast, subgrade, that is, every element under the 

beam (rail) and depends on parameters like type, condition, size, shape, and depth of each 

element [78]. In other words, track modulus is a ñlumpedò parameter that characterizes 

overall stiffness of the track foundation directly under the rail based on the different 

components [25]. While the largest contributor to the track stiffness is found to be the 

subgrade, other key contributors include the combined ballast-subballast thickness and the 

vertical tie-fastener stiffness [78]. This latter element includes the condition of the tie itself. 

2.2.3.1 Contribution of Crossties to the Track Stiffness  

Crosstie properties such as material, shape, and overall condition affect the crosstie 

stiffness, and therefore influence the overall track stiffness. A number of methods have 

been used to calculate the track stiffness k. However, it is often difficult to establish how 

each of the track components contribute to the overall stiffness k, particularly since this 

overall stiffness of the track, as mentioned in the previous section, is dependent on each 

sub-element.  
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Thus, for example, one method incorporated  a multi-layer Beam On Elastic Foundation 

calculation, where the tie itself was treated as a beam-on-elastic-foundation [38]. An 

alternate approach, that has been proposed by a number of researchers, assumes the rail 

support modulus  (which consists of ties, ballast, and subgrade) is represented as  layers of 

in-series springs having distinct stiffness values [79] [80] [81] [82] as represented in Figure 

9. 

 

 

Figure 9: Representation of track using in-series spring layers 

 

Therefore, the overall discrete rail support modulus is: 

Ὧ
ρ

ρ
Ὧ

ρ
Ὧ

ρ
Ὧ

ρ
Ὧ
 
 

 

where kp , kt , kb , ks are the stiffnesses of the pad (if used), the tie, the ballast, and the 
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subgrade respectively. Kerr [83] judged this method as not appropriate for determining the 

k-values for actual tracks because of the poor correlation between the ballastôs response or 

subgrade evaluated in a lab and the equivalent kb or ks value for a real track. He additionally 

stated that along the track, the characteristics of the ballast and subgrade often vary, and 

each layer's reaction might not always be linear [83]. Kerr [84] suggested a method to 

calculate the track modulus as a combined parameter using the track deflection and the 

Beam On Elastic Foundation model. A test car is used on the track after its wheel load was 

determined. The vertical rail deflection is then recorded. The resulting  deflection and load 

data is input back into the BOEF model directly, or indirectly using a BOEF derived 

analysis chart, where the ratio 
  

 and  the corresponding rail section are inputted 

in the master chart (produced as a result of an elaborate numerical evaluation) to find the 

value of k [84]. 

In another case, a parametric study of all components using a computer model (GeoTrack) 

was performed to determine the influence of each componentôs characteristics on the track 

stiffness [78]. The effect of different variables (stiffness of components, dimensions...) on 

the overall track stiffness was estimated. The depth of the ballast and the stiffness of the 

fasteners (which represents the ties in GeoTrack) were found to be the two elements that 

have the greatest impact on the track stiffness. Thus, an  increase in fastener stiffness (i.e., 

crosstie stiffness) and/or  ballast depth causes an increase in overall track stiffness [78]. 

2.2.4   Effect of Support Condition on Crossties 

A wood crosstieôs life depends on different parameters among which are the load (e, g, 
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stress) and support condition. As a tie deteriorates, it can no longer handle its  allocated of 

load, with the result that its load may be shifted to the adjacent ties, causing these adjacent 

ties to bear an increased load, and contributing to an increase in their rate of degradation. 

Similarly, as the neighboring ties degrade, they impact the load distribution, around not 

only the original ñmiddleò tie, but also other adjacent ties. 

To date there has only been very limited research addressing this effect, however, there has 

been empirical evidence in the field, usually associated with the formation of  clusters of 

adjacent failed or degraded ties [16] [17]. This strongly suggests  that there is a relationship 

between the change in load distribution, and the corresponding degradation rates and 

failure behaviors of adjacent ties. One related study addressed the reliability of a system 

consisting of a specific number of consecutive failed ties within a particular track section 

to determine when a maintenance activity should optimally take place [85]. 

In examining tens of thousands of tie condition data, as measured by automated tie 

inspection systems [39] [86], it can be seen that variation in tie condition along the track is 

common. This is due to a number of factors to include non-uniform tie failure rates [43] 

and typical wood tie spot replacement techniques which  intersperses new ties  in between 

degraded ties. This in turn  leads to track stiffness inconsistency along the tracks [87] [88]. 

Furthermore, it has been proven using statistical analysis that the track bed modulus at each 

individual crosstie is dependent on the modulus of that immediately adjacent to it [89]. 

Using  BEOF theory, a recent study investigated the effect of tie condition distribution on 

life expectancy of wood crossties, and in particular, it quantified the impact of adjacent 

support condition on premature crosstie failure. By developing a damage ratio, it has been 
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shown that the higher the loss of support, the higher the tie life reduction [39]. Another 

study expanded on these results to estimate an average tie life based on adjacent ties 

conditions as well as define a probability of tie failure depending on the loss of adjacent tie 

support. The relationship between the percent loss of support and average tie life was 

determined using different data analytics techniques [86]. 

2.3 Machine Learning Techniques Used for  this Research 

In this section, a comprehensive overview of fundamental machine learning concepts is 

presented, explaining the techniques and algorithms employed in this research. This 

includes the algorithms applied to the research data within both the unsupervised and 

supervised machine learning contexts. Additionally, the methodologies relevant to 

interpretable machine learning and theory-guided machine learning, both of which 

constitute integral facets of the research approach, are explored. 

2.3.1 Unsupervised and Supervised Machine Learning 

Machine Learning (ML) can be broadly categorized into three main types: Supervised 

learning, Unsupervised learning, and reinforcement learning [90] [91] in addition to semi-

supervised learning which uses both supervised and unsupervised ML concepts [92]. 

Reinforcement Learning is a machine learning category such that learning how to make 

decisions is achieved by interacting with an environment. It can be used in various 

applications such as game playing, robotics, and autonomous systems [93] [94]. 

Unsupervised machine learning (or unsupervised learning) employs algorithms to examine 
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and group unlabeled data [95]. Without human intervention, these algorithms automatically 

identify concealed patterns or data clusters. Its capacity to uncover similarities and 

distinctions in data makes it an ideal solution for tasks like exploratory data analysis [96] 

[95]. Unsupervised learning commonly involves tasks like dimensionality reduction and 

clustering. The latter groups similar data points together [97]. Whereas in dimensionality 

reduction, the number of features is reduced while retaining key information [98] [99].  

On the other hand, in supervised learning, the algorithm is trained on a labeled dataset 

[100]. Each datapoint in a labeled dataset is associated with a specific label (a target). In 

other words, the labels represent the desired output from the model [101]. The objective of 

supervised machine learning is to learn from the labeled data, pick up the pattern and 

trends, make predictions on new and unseen data [100]. Examples of supervised learning 

include classification, where the algorithm assigns a label to input data, and regression, 

where the algorithm predicts a continuous value [102] [101]. An illustration of the 

supervised machine learning process is illustrated in Figure 10 (inspired by [103]): 

 

 

Figure 10: Supervised machine learning 
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In Figure 10, the learner learns a relationship between Features X, and Target y, then 

constructs a model that is used to make predictions based on new values Xnew.  

 

2.3.2 Principal Component Analysis  

The Principal component analysis or PCA is a statistical method used in data analysis for 

dimensionality reduction and feature extraction [104] [105]. It belongs to the unsupervised 

machine learning family of algorithms [106]. The primary objective of PCA is to convert 

a high-dimensional dataset into a lower-dimensional one while preserving as much of the 

original information as possible [107]. To put it simply, PCA uses a new coordinate system 

with axes (principal components), to project the data points onto, that are orthogonal to one 

another and are sorted by the amount of variance they represent [108]. The highest 

proportion of data variation is explained by the first principal component, which is 

followed by the second, third, and so on [106]. PCA enables the data to be represented in 

a lower-dimensional space by removing the least significant principal components, which 

is helpful for analyzing high-dimensional datasets [109]. Figure 11 (generated using 

synthetic data) illustrates the dimensionality reduction achieved by PCA. 
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Figure 11: PCA for dimensionality reduction illustration 

 

On the left side of Figure 11, the dataset has 3 dimensions. And after applying PCA, the 

data was projected onto a new coordinate system ( represented by the blue plane)  

composed of the principal components (shown as the red arrows on the left), resulting in a 

new 2-dimensional dataset.  

For a dataset with 'n' data points, each containing 'm' features:  a matrix 'X' of size n x m, 

where each row represents a data point, and each column represents a feature, the process 

for PCA can be summarized in the following steps:  

1. Mean Centering:  

The initial step involves mean centering the data by deducting the mean of every feature 

from all data points [110]. This guarantees that the origin of the new coordinate system is 

positioned at the data's center [104]. 

άὩὥὲ
ρ

ὲ
 ὢ  

Mean centered data:  ὢ  ὢ άὩὥὲ        for i = 1,2, é, n  and   j = 1,2, é, m 
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2. Covariance Matrix: 

The mean-centered dataset (XC )ôs covariance matrix  (C) is then computed. It depicts the 

relationships between different pairs of features and their variances [110] [104]. 

ὅ
ρ

ὲ
 ὢὢ  

3. Eigenvectors and Eigenvalues: 

The next step involves determining the eigenvectors ÖȟÖȟÖȟȣ Ö  and eigenvalues 

‗ȟ‗ȟ‗ȟȣȢ‗   of the covariance matrix C. Eigenvectors serve as the principal 

components [111], while eigenvalues indicate amount of variance explained by each 

associated eigenvector [112], such that ‗ ‗ ‗ Ễ ‗ .   

4. Selecting Principal Components: 

The eigenvectors are arranged in a decreasing manner according to their associated 

eigenvalues [112]. The eigenvector linked to the largest eigenvalue accounts for the highest 

amount of variance within the data and is regarded as the first principal component [113] 

[110] [112]. Subsequently, the second principal component corresponds to the eigenvector 

with the second-largest eigenvalue... Selecting the number (k) of principal components to 

be retained for further analysis depends on how much variance is wanted to be preserved. 

By choosing a small number k, the dimensionality reduction is achieved from m to k 

dimensions [114]. 

5. Dimensionality Reduction: 
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The final step consists of projecting the mean-centered data  XC  onto the new coordinate 

system defined by the k selected principal components (or eigenvectors) [114].  

The final resulting matrix Z is the new lower dimensional representation [111] such that:  

ὤ ὢὠ 

where ὠ ÖȟÖȟȣȟÖ  is the matrix composed of the first k eigenvectors. 

2.3.2.1 Kmeans Clustering Algorithm 

K-means Clustering  is an unsupervised machine learning algorithm used to group or 

cluster similar datapoints based on their features [78]  [115] as illustrated in Figure 12. 

 

 

Figure 12: K-means Clustering Illustration 

 

Figure 12, generated using synthetic data, shows the resulting clusters with their associated 

centroids after applying K-means. The latter  aims at minimizing the distance between data 

points belonging to the same cluster while maximizing the distance between the different 

cluster [116] s [117]. In other words, for a dataset of N datapoints, the objective is to find 

K (optimal number of clusters) centroids C1, C2, C3..., Ck and assign each datapoint to the 
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closest centroid. This can be achieved by minimizing the objective function consisting of 

sum of squared distances as follow [116] [117]: 

* ύ ὼ ὧ  

where: xi is the ith data point, cj represents the jth centroid, and wij =1 if xi is assigned to cj 

and wij = 0  otherwise. 

The Euclidean Distance is commonly used as a distance metrics in K-means  (however 

other distance metrics can also be used) [118], which is defined as [119]:  

Ὠ ὼ ὼ ώ ώ  

where d is the distance, (x1,y1) are the first pointôs coordinates and (x2, y2) are the second 

pointôs coordinates. 

It is important to note that the initial selection of centroids can have an impact on the 

algorithm's output. Different cluster assignments may result from various initializations 

[120]. In addition, it is necessary to specify the number of clusters, K, in advance, which 

can be challenging [121]. The "elbow method" [122] [123] and "silhouette score" [124] 

[125] are two methods that can be used to select the optimal number of clusters K. 

Briefly, K-means  algorithm can be summarized in the following steps [120] [119] [116] 

[126]: 

¶ Initialization 

o After choosing the number of clusters K, centroids are randomly selected. 

¶ Assignment 
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o Each data point is then assigned to the nearest centroid using the 

Euclidean distance. 

¶ Centroid Update 

o A new centroid is found for each cluster by computing the mean of all the 

data points within that cluster: ὅ В ὼ where n is the number of 

datapoints assigned to the cluster j.  

¶ Loop until convergence 

o Repeat the assignment and centroid update steps iteratively until 

convergence. Convergence happens when there is no significant change in 

the centroids. 

¶ Resulting Clusters: 

o After convergence, the datapoints are all assigned to the final K clusters 

based on the proximity to the centroids. 

The K-means clustering steps are summarized in the flowchart in Figure 13. 
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Figure 13: Flowchart of K-means clustering steps 

 

2.3.3 Neural Networks 

Neural Networks are a type of machine learning algorithms inspired from the function 

and structure of the human brain [127]. They consist of connected artificial neurons, 

organized in different layers [128]. Neural Networks are used in many domains because 

they are capable of modeling complex nonlinear systems with higher accuracy compared 
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to the conventional methods as regression and statistical models [129] [130] [131].  

2.3.3.1 Artificial Neural Network Architecture  

2.3.3.1.1  Layers 

A neural network is composed of structured layers, mainly the input layer, which consists 

of the set of inputs, hidden layers, and an output layer. The multilayer perceptron is the 

most popular class of multilayer feed-forward networks [132], and an example is illustrated 

in Figure 14 (generated using TikZ package [133]). 

 

 

Figure 14: Neural Network Illustration 

 

The neural network (NN) presented in Figure 14  has 3 hidden layers, each of which 

contains 5 neurons. Note that the structure presented is of a typical NN, other types of 

NN, such as convolutional NN or recurrent NN have different structures. 
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2.3.3.1.2 Perceptron 

Each layer is composed of neurons, or nodes. Frank Rosenblatt first introduced the 

perceptron concept in 1957 [134] that is considered the elementary unit of neural networks 

[132] [135]. It is the mathematical model of a biological neuron [132] [136]. The 

perceptron produces an output by calculating a weighted sum of inputs and then applying 

an activation function [135], as illustrated in Figure 15 (generated in Latex using TikZ 

package [133]), where ὼ  is the input i,  ύ represents its equivalent weight and ὦ is the 

bias. 

 

Figure 15:  Perceptron 

 

Different types of activation functions can be used, and the most common ones include 

sigmoid, tanh, ReLu and softplus [132] [137]. 

2.3.3.2 Training Neural Networks 

Training a neural network involves adjusting its weights and biases to minimize the 

prediction errors. This process involves two main steps: forward propagation, and 

backpropagation. 
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2.3.3.2.1 Forward Propagation 

Forward propagation involves a step-by-step computation and storage of intermediate 

values within the neural networkôs nodes through activation functions (as explained in 

Figure 15) [138]. Forward propagation goes from the input to the output layer in a 

sequential manner [139]. 

Let ὼ be the input i, ὥ  the node i in layer k,  ὦ the bias for node in layer k, and ώthe 

output i, in the illustrative neural network present in  Figure 14. 

The activations functions will be applied to each of the input nodes, ὼ to ὼ  then to each 

of the nodes ὥ within the hidden layers to finally get  outputs ώ.. ώ [138] [139].. For 

node ὥ , Figure 16 ( also generated using TikZ package [133] and  [140]), illustrate the 

forward propagation process.  

 

 

Figure 16: Forward Propagation 

 

In general, 
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Ἡἱ Ὢ ἥ Ἡἱ Ἢ  

For a neural network with K hidden layers, the output vector  is then:  

◐ Ὢ ἥ Ἡἕ Ἢ  

2.3.3.2.2 Loss Function 

The loss function is a function that computes the difference between predicted outputs and 

actual outputs [138] [141] [142]. Commonly used loss functions are cross entropy for 

classification, and  mean squared error (MSE) for regression [143] [141] [142].  

2.3.3.2.3 Backpropagation 

Backpropagation is an algorithm that minimize the measure of the difference between the 

predicted output of the neural network and the actual (or desired) output values by 

repeatedly adjusting the weights of the network [144] [132]. Unlike the forward 

propagation, it goes from the output back  to the input ópropagatingô the loss backward 

through the network [145] following these three main steps [138]: 

¶ Calculating the loss function L 

¶ Gradient of the loss is then computed  with respect to all the weights and biases 

using the chain rule  [139]. 

¶ The weights and biases are adjusted proportional to the size of their gradients, under 

the gradient descent method [139]. 
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Gradient descent algorithms are a numerical optimization technique used to update 

weights and  minimize the loss [135]. The objective is to find the parameters w and b that 

minimize the total loss (or error) [145] . 

Let the loss be defined as  ὒ(ώȟώ  ). Using the Delta Rule [146], for the output layer, 

the gradient of the loss with respect to a weight ύ is [139]: 

‬ὒώȟώ

‬ύ

‬ὒώ

‬ύ
ώ ώ 

And the loss in the ith node of the kth layer [145] [139] with respect to a weight wi ,j: 

ὒ  
‬ᾀ

‬ύȟ
 ὒ ύȟ  

Where ᾀ  Вύȟὥ ὦ  

The weights and biases are adjusted after each iteration. For example, at iteration n+1, the 

weight is adjusted as follows [145]: 

ύȟὲ ρ ‌
‬ὒ

‬ύȟ
ύȟὲ 

Or: 

ύȟὲ ρ ‌
‬ὒ

‬ύȟ
‘z Ўύȟ  ύȟὲ 

where ‌ is the learning rate, ‘ is the momentum, and Ўύȟ  is weight increment in the 

previous iteration. 

2.3.3.3  Gradient Descent  

As explained, during backpropagation, gradients of the loss with respect to weights 
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and biases are computed and allowed to adjust the weights.  

The gradient is a vector that indicates the direction of the loss function's steps increase with 

respect to the biases and weights at a given location. By adjusting parameters and moving 

in the opposite direction of the gradient after each iteration, the NN gradually falls towards 

lower values of the loss function to finally reach a minimum [147] [148] [149]. The size of 

each step is determined by parameter Ŭ which is the learning rate [150] [148]. 

There are different variants of gradient descent, including Stochastic Gradient Descent 

(SGD), which updates the parameters using a single randomly chosen training example at 

each iteration, the Mini -batch Gradient Descent, which updates the parameters using a 

small random subset (mini-batch) of the training data at each iteration,  as well as, Adam, 

RMSprop, and other Optimizers, which are adaptive optimization algorithms  and 

dynamically adjust the learning rate during training to improve convergence [151] [149]. 

2.3.4  Interpretable Machine Learning 

In the field of machine learning, the term 'black box' is used to describe models whose 

inner workings cannot be comprehended and understood by examining their parameters 

[152] [103]. Interpretable machine learning, on the other hand, refers to techniques and 

models that aim to make the behavior and predictions of machine learning systems 

understandable, intelligible, and clear to humans [103]. There is no mathematical definition 

of interpretability [110], but it can still be defined as: ñthe degree to which a human can 

understand the cause of a decisionò [153], or ñthe degree to which a human can consistently 

predict the modelôs resultò [154]. 
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The interpretability of a model is important as it allows us to learn more about the data, 

provides transparency (in critical situations) [103]. Besides, the interpretability of a model 

builds confidence in its performance and  can help identify biases in the data or model 

itself, enabling adjustments to be made [155]. For certain tasks and problems, a simple 

prediction is not enough, and the need to explain the reason behind the prediction becomes 

necessary [103]. However, in some cases, there is a trade-off between model complexity 

and interpretability [156] [103]. While interpretable models are simpler and easier to 

understand, they may not perform as well in making predictions compared to more 

complex, black-box models [110]. Deciding which interpretability method to use depends 

on the particular application, how important transparency is, and who will be using the 

model's predictions [157] [103]. 

Methods for interpretable machine learning can be divided into two main groups: intrinsic 

(or ante-hoc) interpretability and post-hoc interpretability. These can be further categorized 

into global and local interpretability [158] [159]. 

Ante-hoc or intrinsic interpretability is related to self-explanatory models such as decision 

trees, rule-based models, linear models, and attention models among others [158]. While 

post-hoc interpretability is composed of explanations of existing models [160]. By 

providing (data) evidence to support its reasoning or by simplifying its working logic, a 

non-transparent (black-box) model can be explained or interpreted extrinsically [161] 

[159]. For example, it can focus on the input and learning process or can produce a 

simplified approximate model with a similar  behavior to the original non-transparent 

model [159]. 
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On the other hand, global interpretability provides a broad understanding of the model's 

behavior and general reasoning, while local interpretability provides insights into the 

model's predictions at an individual level, by identifying the factors driving specific 

outcomes [162] [163]. In fact, global interpretability refers to understanding how a model 

works by looking inside it. The ultimate objective  is to see how the model behaves overall 

and how it makes predictions for the entire dataset [162]. This includes, but is not limited 

to, examining which features are important (feature importance analysis) and how they 

interact with each other to make predictions (feature interactions analysis) [164]. 

Feature Importance Analysis (or feature-level interpretations, feature attributions, or 

saliency maps) is an explainability or interpretability method used to determine which 

features (or variables) strongly influence the modelôs predictions [161] [165]. Techniques 

like SHAP (SHapley Additive exPlanations) and LIME (Local Interpretable Model-

Agnostic Explanations) fall under this category [166] [161].  

In this thesis, in addition to a few unsupervised machine learning techniques, interpretable 

machine learning will be leveraged through the global feature importance analysis. 

In simple terms, feature importance is a score ranging from 0 to 100 attributed to each 

feature indicating its effectiveness in predicting the target variable, such that all feature 

scores sum up to 100 [167]. In predictive modeling, there are different metrics to measure 

the relative importance of features [168]. Methods for performance-based feature 

importance evaluate the effect of a specific feature, by analyzing how altering it impacts 

the model's overall performance [169]. XGBoost (Extreme Gradient Boosting), which is a 

subcategory decisions forests[30] [170], was opted for in this analysis because of its 
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scalability, fast execution [171], effectiveness, robustness [170] and typically higher 

performance compared to other algorithm [170] [172] [173] [171]. In fact,  XGBoost 

belongs to a machine learning category known as Ensemble Learning, which is a subset of 

machine learning techniques that involve training and making predictions using multiple 

models concurrently to generate a single superior single output [171] [170]. XGBoost 

builds boosted trees strategically to derive feature scores, hence indicating the significance 

of each feature [174]. The more crucial a feature is, the higher its score. The algorithm 

quantifies the importance through counting ñgainò, ñfrequencyò, and ñcoverò [174] [175]. 

Gain serves as the primary reference factor for assessing the feature importance within the 

tree branches [175] and was the metric used in this analysis.  

 

2.3.5 Theory Guided Machine Learning 

Machine learning has proved to be successful in several domains, nonetheless, it has had 

limited relevance and applicability in solving scientific issues involving complicated 

physical processes [176]. Many machine learning algorithms were able to automatically 

extract complicated relationships from data [177]. However, in some fields, machine 

learning models were inadequate  to explain the reality of the studied systems while other 

were not able to capture the complexity of the studied physical phenomena [176]. This is 

mainly due to the nature of the problems as well as the type of  data gathered from the field 

(for instance given limited measurement and collected data, or so many physical variables 

involved and so few representative training samples) [178].  
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In addition to that, physical variables frequently exhibit complicated, non-stationary 

patterns that alter dynamically throughout time and that is hard to capture [176]. 

Many situations can be generically solved by classical machine learning techniques and 

algorithms. The latter do not need a precise, clear design. Instead, they effectively learn the 

intricate architecture from a set of labelled data, therefore, get knowledge from data [179]. 

For instance, in the supervised machine learning, a model is first created based on 

analyzing the dataset (training set)  and then forecasting the label of a new input data point 

(testing) [180]. Although there are benefits of using traditional machine learning, such as 

existing models for easy applications, and available research and literature on how to 

optimize models and make them more accurate, the fact that it relies solely on data, could 

make the lack of scientific knowledge impede the model in certain applications [176] [181].  

Theory Guided Machine Learning is the incorporation of domain knowledge into data 

[176]. It is a growing field that has been a great addiction to different areas of expertise. 

Figure 17 conceptualizes the theory-guided machine learning paradigm (recreated from 

[176]), which aims to take advantage of data science's potential without neglecting the 

information acquired in scientific principles. 
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Figure 17: A representation of Theory Guided Data Science  

 

The x-axis measures the use of data while the y-axis measures the use of scientific 

knowledge. Theory Guided machine learning is the area of knowledge discovery that 

makes effective use of the data  while taking into account the underlying scientific 

understanding. 

Recently, several works have attempted to merge Equation based modeling  and Machine 

Learning models for the full use of their combined potential [182] [183] [184]. As an 

example, the construction of a theory guided machine learning model can follow the steps 

suggested in [185]. After the data collection, a simple model is built to explore the existing 

correlations, then the model is refined  to be finally trained and deployed ) [185]. This 

supports the physical reasoning behind the model.  

There are  different ways of infusing  knowledge in the design of machine learning models.  

¶ Theory based model architecture that is compliant with scientific knowledge. [176] 

[182] 

¶ Theory-based preprocessing [182]  
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¶ Theory-based regularization [176] [182]  

¶ based on the way the model is brought into the hybrid architecture [182] 

Table 8 summarizes examples of some implementations:   

 

Table 8: Implementation example of theory guided machine learning [176] [182] 

Theory Guided Machine 

learning application 
Implementation method 

Input Modification  
Add a model calibration (equation fitting) as an 

input to the model: (input+ theoretical input) 

Model architecture 

modification 

Combination of successive machine learning 

models 

Regularization 

modification 

Adding new penalties to the loss function ( 

different weights...) 

 

As Theory Guided Machine Learning is an emerging field, not a lot of effort has been 

devoted to theory guided machine learning in the railroad engineering area. In this PhD 

thesis, the objective of using a theory guided machine learning framework is using 

scientific knowledge (from railroad engineering theories) to guide the construction and 

architecture of a dynamic model able to forecast the complex interaction of adjacent 

crossties degradation behavior.
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2.4 Summary  

In this chapter, a comprehensive overview of  concepts that are crucial for a clear 

understanding of the content within this thesis including: 

¶ Ties: A detailed description of ties was presented, including their functions, 

mechanisms of degradation, the typical lifespan of ties, and the diverse factors 

influencing their deterioration. 

¶ Beam on Elastic Foundation: The Beam on Elastic Foundation model of track  was 

thoroughly presented as it is fundamental for understanding the behavior of a 

railway track and the distribution of loads across it. Additionally, the role of ties 

and their condition in affecting overall track stiffness and load distribution was 

explained. 

¶ Machine Learning: Essential machine learning concepts used in this thesis were 

addressed. These include supervised and unsupervised machine learning 

techniques, such as Principal Component Analysis (PCA) and K-means clustering. 

Furthermore, an introduction was provided to interpretable machine learning and 

theory-guided machine learning. 

By clarifying these crucial subjects, this chapter establishes a solid groundwork for the 

subsequent discussions and analyses presented in the thesis. 

The next chapter introduces, explores, and examines the data employed in this thesis. 
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DATA PRESENTATION, PREPROCESSING AND EXPLORATORY DATA 

ANALYSIS  

 

This chapter focuses on the data used in this research. Understanding the crossties 

inspection data is a crucial step for further analyses. The source of the data, data 

description, data pre-processing and Exploratory Data Analyses (EDA) are presented and 

discussed in detail. 

3.1 Data Presentation  

Understanding the nature of data used in this thesis holds 

significance not only in ensuring transparency but also in its critical role in aligning with 

the primary objectives. The data source (automated inspection vehicle) is briefly presented, 

accompanied by an illustrative example of its application in tie condition assessment. 

Additionally, the type and structure of the gathered data is provided with a corresponding 

data dictionary. 

 

Chapter 3 
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3.1.1 Automated Inspection Vehicles: Aurora System 

The cross-tie condition data was collected using state of the art automated inspection 

vehicles. Automated inspection data have been widely used in the recent years to assess a 

trackôs components condition and make informed decision on maintenance operations [50] 

[186]. The inspection vehicles measure cross-tie condition by scanning the track and 

assessing the condition of each individual cross-tie [187]. Figure 18 illustrates the Aurora 

inspection vehicle that generated data for this research.  

 

 

Figure 18: Aurora tie inspection vehicle [188] 

 

As the inspection vehicle (a hyrail truck) moves along the track (with a speed up to 25 kph 

(42 mph)), the sensors gather data continuously [189]. The inspection vehicle scans both 

the surface and interior of the cross-ties, using different technologies including machine 

vision, backscatter X-Ray technology [55], high-speed cameras, lasers, and 3D surface 

scanner creating a high-resolution 3-D image of the track [189] [186].  Position information 

for each cross-tie is obtained by synchronizing data using differential GPS, a rate gyro, and 

a wheel encoder. This synchronized data, along with 3-D images, is then processed by 
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machine vision algorithms to automatically assess the condition of each crosstie [189] 

[186].  Figure 19 illustrates the aurora tie grading system with 2D(top left) and 3D (bottom 

right) views of the track bed, a map overview with Milepost coordinates (top right), and 

the individual measurements of ties (bottom left). 

 

 

Figure 19: Aurora tie grading system [186] 

3.1.2 Tie Condition Assessment 

A detailed report of the cross-tie condition is provided on a tie-by-tie basis [188]. Cross-

tie conditions are assessed based on more than 30 different variables such as splits, cracks, 

plate cutting... and an individual cross-tie condition score is then  assigned on a scale of 1 

to 4, 1 being the best [188]. 

The Aurora system provides tie condition scores:  

¶  Tie Score: This variable is an integer that indicating the  score of ties. It is measured 

on a scale of 1 to 4, where 1 represents the best condition and 4 represents the worst. 

A value of (-1) is assigned to ungraded ties. 
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¶ TQI Weighted Tie Score: This variable is a decimal score representing the surface 

score of ties, also on a scale of 1 to 4, with 1 being the best and 4 being the worst. 

A value of (-1) indicates ungraded ties. 

¶ Internal Tie Score: This variable is a decimal score representing the x-ray score of 

a tie. Similar to the others, it is rated on a scale of 1 to 4, with 1 being the best 

condition and 4 being the worst. A value of (-1) is assigned to ungraded ties. 

¶ Aurora Xi Score: This variable combines the surface and x-ray scores (expressed 

as a decimal). It is rated on a scale from 1 to 4, with 1 signifying the best condition 

and 4 indicating the worst. A value of (-1) is assigned to ties that have not been 

graded. 

Figure 20 provides a visual representation of ties with their assigned condition scores Using 

Aurora: ties in good condition (condition score = 1), marginal condition (condition score 

= 2), bad condition (condition  score = 3), and failed condition (condition score = 4).  
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Figure 20: Examples of tie condition scores [190] 

 

3.1.3  Data Description  

The data was collected from the same track with a combined length of 67 miles [108 

kilometers] in four distinct years: 2016, 2017, 2019, and 2020. The track belongs to a 

class 1 railroad in Northern Texas (as determined by the GPS coordinates), which an 

intermediate wood deterioration zone [191]. Noting that there are typically 3250 ties per 

mile, the 67 miles represent approximately 218,000 ties. 

The raw data was provided as follows: 

Å 2016: 10 text files  

Å 2017: 8 text files 

Å 2019: 8 text files 

Å 2020: 12 text files  
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An example of a text file is presented in the screenshot in Figure 21. 

 

 

Figure 21: Screenshot of an inspection generated file 

For each individual tie observation, in addition to the tie condition score (or assessment), 

there are many descriptive variables unique to that tie summarized in the data dictionary 

provided in Table 9. The latter would serve as a reference guide, offering detailed 

explanations of the variables and attributes within the dataset. 

 

Table 9: Data Dictionary 

Variable Meaning and Explanation 

Tie Num tie number, a tie counter which resets for every file 

Mile Post Mile post location  

Crossing o 2: tie is part of a crossing 

o 1: tie is 1 tie from crossing on either direction 

o 0: tie in not in a crossing 
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Switch o 2: tie is part of a switch,  

o 1: tie is 1 tie from switch on either direction, 

o 0: tie in not in a switch 

Bridge o 2:  tie is part of a bridge,  

o 1: tie is 1 tie from bridge on either direction, 

o 0: tie in not in a bridge 

Guard Rail o 1: tie is supporting guard rail 

o 0: tie is not supporting guard rail 

Joint Bar Tie  

 

o 1: tie is under a joint bar 

o 0: tie is not under a joint bar 

Is Concrete o 1: concrete tie 

o 0: wood tie 

Left Plate Type 

 

Right Plate Type 

Plate type on left rail and plate type on right rail: 

o 0: unknown 

o 1: spike plate 

o 2: e-clip  

o 3: Pandrol fast clip  

o 4: spike plate 18 in 

o 5: spike plate 10 in 

o 6: victor plate 

Tie to Tie Distance Distance from tie center to tie center in inches 

Width Left Side Tie width on left rail side in pixels  

Width Right Side Tie width on right rail side in pixels 

Tie Length Length of a tie in feet 

Skew Angle Degrees Tie skew angle in degrees 

Curvature (deg)  Degree of curvature of track  (degrees) 

Plate Cut LL Max  Plate cut value for left field side of tie (in) 

Plate Cut LR Max  Plate cut value for left gage side of tie (in) 

Plate Cut RL Max Plate cut value for right field side of tie (in) 

Plate Cut RR Max Plate cut value for right gage side of tie (in) 

LRail Diff Plate Cut  Plate cut differential for left rail in inches 
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RRail Diff Plate Cut Plate cut differential for right rail in inches 

Left Field Adze Depth  Depth of adzing on left field side (in) 

Right Field Adze Depth  Depth of adzing on right field side (in) 

Left Gage Adze Depth  Depth of adzing on left gage side (in)  

Right Gage Adze Depth Depth of adzing on right gage side (in) 

Ballast Coverage Represents the percent of tie that is covered by ballast 

GPS QoS Quality of GPS signal, scale 1-5, 5 is best, 1 is worst 

Tie Score Integer tie condition score with a scale of  1 to 4, 1 being 

the best and 4 being the worst. (-1) is for the ungraded ties 

TQI Weighted Tie Score Decimal  tie surface condition score with a scale of 1 to 4. 

Internal Tie Score Decimal score that represents the x-ray score of a tie with 

a scale of 1 to 4 

Aurora Xi Score Combination of surface and x-ray scores (decimal), with a 

scale of 1 to 4 

 

 

Note; in addition to these variables, only the 2020 data inspection provided additional GPS 

coordinates (latitude and longitude data that would be used for further variable extraction 

in Section 3.5 of this chapter).  

In this research project,  the tie condition was assessed using the Aurora Xi Score (as it is 

a combined value) in addition to the Tie Score when integer values were needed. 

3.1.4 Data Preprocessing 

Before starting the Exploratory Data Analysis, the data needed to be transformed and 

preprocessed for proper and efficient treatment and analysis. The data preprocessing 

involved two essential steps to ensure that raw files were prepared:  
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1. data transformation: this initial step involved converting raw text data into 

suitable file formats (xlsx and csv) that are able to be processed by different data 

analysis tools,  

2. data integration: in the second step, data from the various text files sources 

were merged into 4 different cohesive datasets, each representing an inspection data 

from a distinctive year. Table 10 presents the total number observations (or ties 

datapoints) for each dataset. 

 

Table 10: Number of observations per year 

Inspection year 2016 2017 2019 2020 

Total number of ties  209175 209152 209177 209155 

 

3.2 Exploratory Data Analysis (EDA) 

Following up on the data preprocessing, it is important to understand the characteristics of 

the tie inspection data used in this analysis. The first part looks into the different variables 

accompanying the assessed tie condition (as described in Table 9). While the second part 

is a detailed breakdown of tie condition data per mile and per year.  
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3.2.1 Exploratory Data Analysis: Part 1  

3.2.1.1 Track Characteristics  

The EDAôs initial focus was on examining features that provide insights into the external 

conditions of the ties to gain a general overview of the track. Primarily, this entails 

investigating the following aspects: 

¶ the degree of curvature of the railroad track, 

¶  the type of ties inspected (wood or concrete ties), 

¶ the percent of ties that are part of 

o  crossings, 

o  switches, 

o  or bridges, 

¶ the percent of ties supporting guard rails, 

¶ and finally, the percentage of ties located under joint bars.  

To achieve that, histograms were generated (using only one dataset: the 2020 inspection). 

Figure 22 represents a histogram of the degree of curvature (x-axis) and the equivalent 

percent of ties, while Figure 23 represents histograms of the variables: Guard Rail, Is 

Concrete, Bridge, Switch Crossing, and Joint Bar Tie (see the data dictionary in Table 9). 
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Figure 22: Histogram of the degree of curvature 

 

 

Figure 23: Histograms of the variables: Guard Rail, Is Concrete, Bridge, Switch Crossing, 

and  Joint Bar Tie 

 

From Figure 22 and Figure 23, the following conclusions were drawn:  
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¶ The track is primarily tangent, with more than 85% of its length exhibiting 

curvature angles of less than 0.25 degrees. The remaining portion of the track has 

a maximum curvature of 1.75 degrees (note, the positive and negative signs 

represent the curvature directions). 

¶ All of the ties are wood ties, none of which is part of a crossing or a switch7.  

¶ None of the ties support a guard rail. 

¶ Less than 0.1% of the ties are part of a bridge. 

¶ Less than 0.1% of the ties are under a joint bar. 

3.2.1.2 Ties Features 

Once the overall track characteristics were assessed providing insight into the external 

conditions affecting the ties and identifying potential factors contributing to tie 

degradation(such as the degree of curvature),  the analysis delves further into exploring 

additional features. This exploration serves a dual purpose: detecting outliers, and gaining 

a comprehensive view of the dataset as a whole. 

As a first step, to get an insight on the linear correlation between pairs of features, a 

correlation plot was generated using Pearson correlation coefficient [192], and is presented 

in Figure 24. 

 

 
7 Switch ties were dismissed from the analysis. 
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Figure 24: Features Correlation Plot 

 

Figure 24 shows a strong multicollinearity between the tie condition scores: Internal Tie 

Score, Aurora Xi Score, Tie Score, and TQI Weighted Tie Score as expected because they 

reflect the tie condition assessed by the same inspection system. In addition to that, there 

is a moderated positive correlation between the tie condition and the plate cut features: 

Plate cut RR, Plate cut RL, Plate cut LL, Plate cut LR, and Plate cut differential for left 

rail, and right rail (LRail Diff Plate Cut, RRail Diff Plate Cut). This could indicate a 

causation relationship: the plate cuts impact the tie condition. Finally, with the exception 

of the positive high correlation between the left and right sides width, the rest of the 

variables show weak or no correlations.  

To explore the variables deeper, and before delving into an in-depth analysis, it is prudent 

to begin with a concise summary statistic. This initial statistic will offer a snapshot of 
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essential characteristics within our dataset, providing an initial understanding of central 

tendencies.  

To facilitate a better exploration of the variables and as a preliminary step, summary 

statistics (mean and standard deviation) are presented in Table 11. Other statistics  are 

summarized in Appendix A. 

 

Table 11: Summary Statistics 

 Mean Standard Deviation 

 year 1 year 2 year 3 year 4 
year 

1 

year 

2 

year 

3 

year 

4 

Degree of curvature 0.149 0.151 0.152 0.147 0.355 0.359 0.355 0.375 

Tie to Tie.Distance 20.056 19.854 19.747 19.772 2.580 2.598 2.538 2.450 

Plate.Cut.LL.Max  0.071 0.110 0.101 0.131 0.097 0.129 0.137 0.155 

Plate.Cut.LR.Max 0.114 0.165 0.148 0.181 0.126 0.158 0.161 0.178 

Plate.Cut.RL.Max 0.124 0.172 0.165 0.193 0.137 0.165 0.170 0.193 

Plate.Cut.RR.Max 0.063 0.095 0.093 0.109 0.093 0.113 0.131 0.130 

LRail.Diff.Plate.Cut  0.156 0.174 0.181 0.169 0.120 0.125 0.139 0.126 

RRail.Diff.Plate.Cut 0.135 0.172 0.158 0.195 0.101 0.119 0.120 0.145 

Joint Bar Tie 0.002 0.004 0.004 0.005 0.047 0.065 0.062 0.067 

Left Plate Type 1.179 1.141 1.280 1.137 0.713 0.661 0.956 0.677 

Right Plate Type 1.191 1.123 1.201 1.178 0.821 0.631 0.808 0.748 

Skew Angle Degrees 0.545 0.643 0.680 0.623 0.752 0.906 0.722 0.711 

Width Left Side 
100.07

2 

110.40

7 

113.81

4 

113.36

7 
6.640 7.379 8.564 8.609 

Width Right Side 96.179 110.39 113.82 113.37 6.735 7.398 8.565 8.613 

Tie Length 8.328 8.465 8.382 8.437 0.156 0.216 0.341 0.309 

Left field adze depth 0.006 0.006 0.010 0.008 0.042 0.042 0.058 0.054 

Left gage adze depth 0.007 0.008 0.013 0.014 0.051 0.077 0.072 0.084 

Right gage adze 

depth 
0.004 0.004 0.007 0.007 0.036 0.052 0.051 0.065 

field adze depth 0.007 0.006 0.010 0.011 0.046 0.046 0.061 0.065 

Tie Score 1.400 1.465 1.666 1.680 0.604 0.669 0.719 0.718 

TQI Weighted Tie 

Score 
1.463 1.489 1.689 1.708 0.532 0.623 0.634 0.624 
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Internal Tie Score 1.286 1.684 1.462 1.531 0.582 0.745 0.624 0.693 

Aurora Xi Score 1.550 1.852 1.860 1.992 0.609 0.763 0.691 0.681 

Ballast Coverage 1.908 1.296 2.631 2.529 3.947 2.900 5.244 5.593 

GPS QoS 4.008 4.531 3.000 3.000 1.187 1.089 0.000 0.000 

 

 

In Table 11, it can be observed that the mean values vary across the different years for 

different features. Some features show indications of wear and deterioration (the increase 

in the means of tie condition and plate cut values over the years suggests a general tie 

degradation trend over time), while others remain relatively stable ( tie-to tie distance, tie 

length...).  

This initial summary statistic served as a preliminary overview of the features. 

Understanding the distributions of each feature involved the use of histograms to visualize 

the distribution patterns. The features were categorized into three main groups: 

¶ Measured Dimensions: These are features that provide physical measurements: tie 

to tie distance, Skew angle, and the tie dimensions. 

¶ Plate Related Features: This category includes variables like Plate Type, Plate Cut, 

and Tie Adze Depth 

¶ Automated Inspection Related Features: This group comprises two features that are 

closely tied to the automated inspection process: the GPS quality and the percentage 

of the tie covered in ballast. 

By categorizing the features in this manner, a structured and comprehensive data 

exploration is achieved. 
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3.2.1.3 Measured Dimensions 

To begin, the tie-to-tie distance holds significant importance within the analysis for two 

main reasons: 

¶ it directly influences the wheel load distribution [193] around a group of adjacent 

ties as explained by the Beam on Elastic Foundation model of track. Consequently, 

it affects the degradation rate. 

¶ it served as a reliable metric for tie alignment, as elaborated in Section 3.3 of this 

chapter. It is minimally impacted by tie degradation and rarely undergoes 

significant changes unless replacement or extensive maintenance has occurred. 

Histograms of the tie-to-tie distances were plotted for each of the four inspections 

conducted in different years, namely, 2016 (referred to as year 1), 2017 (year 2), 2019 (year 

3), and 2020 (year 4) and are presented in Figure 25. 
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Figure 25: Histogram of tie-to-tie distance 

 

Figure 25 allows the comparison of tie-to-tie distances (tie spacing) across the four 

inspection years. The tie-to-tie distance follows a skewed normal distribution with a mean 

of  20 in, which is, although a little over the recommended average (19.5 in) [194] [193], 

remains a good value. There were no significant changes or shifts in trends over time. 

Minor variations in the distribution mainly reflect tie replacements. However, the overall 

distribution remained stable, ensuring the track follows standards design criteria [193]. 

Having examined the histograms of tie spacing, the focus shifts to analyzing the skew 

angles, recognizing that excessively large values can raise concerns that require attention 

[195] and outlier values can impact the track performance. This assessment was also done 

through a distribution study using the histograms in Figure 26. The latter provide a visual 
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representation of the skew angle data for each of the four inspection years: 2016: year 1, 

2017: year 2, 2019: year 3, and 20202: year 4. 

 

 

Figure 26: Histogram of Skew Angle  

 

From Figure 26, the skew angle values in years 1 and 2 follow a fairly normal distribution, 

with the mean  around 0 degrees and a relatively similar distribution pattern (between -2.7 

and 2.7 degrees).The skew angle distribution changed slightly over the years to becoming 

slightly more dispersed ( values reaching -5 degrees) and exhibiting a subtle skew (years 3 

and 4) with the mean changing to around- 0.5 degrees.  

The subtle change in the skew angles of ties indicates that the track has experienced some 

usage over time. However, it is important to note that these changes are relatively minor 

and are within acceptable limits.  

Transitioning to tie dimensions, the focus shifts to two key features: tie width and tie length. 

Figure 27 presents a series of histograms showing the right and left side width dimensions 
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in pixels for each of the four years of inspection data.  

 

  

 
Figure 27: Histograms of tie width (left and right side) 

 

Figure 27 shows that: 

¶ The distributions for all the years appear to be similar, with a leftward skew. 

¶ In the case of year one, there seems to be a slight offset between the left and right 

sides of the tie. However, this is likely an artifact caused by the imaging system or 

lenses used during that particular inspection. 

¶ For the other years, both sides of the tie appear to have a similar width distributions. 

¶  It's important to note that while there is a slight shift in the distribution from one 

year to the other, it's inconclusive. This is because pixel measurements are relative 
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to the resolutions used in each inspection. Without information on the lens 

resolutions and pixel-to-inch conversions, the exact width in inches cannot be 

determined. 

Continuing on the tie dimensions, Figure 28 presents a histogram of tie length (in feet) for 

each inspection year. 

 

 

Figure 28: Tie Length Histogram 

 

 

 

Figure 28 shows that across the four years, there is a consistent distribution in tie lengths, 

with the majority of ties falling within the range of 8.2 to 8.5 feet, which aligns with 

established standards [45]. The  variations in tie length between different years may be a 

result of tie replacements and potential measurement errors. 

3.2.1.4 Features: Plate Type, Plate Cut, and Tie Adzing Depth 

In this section, the variables related to tie plates, and to the tie adzing are explored through 
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the study of distributions.  Figure 29 shows the different types of tie plates used in the 

studied track.  

 

 

Figure 29:  Types of Tie Plates used 

 

From Figure 29, it can be seen that the most common plate (over 90% of the ties) used for 

both the right and the sides is type 1 which is a spike plate (standard 14 inches). A small 

portion of ties has plate type 4 (spike plate 18 inches), and another portion employs type 5, 

(spike plate 10 inches). This trend remains consistent across all four years of inspection, 

with only minor variations likely attributed to maintenance activities. For example, in year 

4, an even smaller fraction of ties feature e-clips (type 2). 

Figure 29 provides additional confirmation of the uniformity in the track, indicating that 

plate types are not a significant factor contributing to variations in degradation patterns. 
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Following up on the plate features, Figure 30 represents a histogram of the plate cut 

measurements (x-axis) in inches and the equivalent percentage of ties. The plate cut 

differential are provided for the left and right rails (LRail Diff Plate Cut, RRail Diff Plate 

Cut), in addition to the plate cut measurements for left field side of tie (Plate Cut LL Max), 

left gage side of tie (Plate Cut LR Max), right field side of tie (Plate Cut RL Max), and the 

right gage side of tie (Plate Cut RR Max).  
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Figure 30: Plate Cut Measurements  

 

Figure 31 represents histograms of the  adzing depth for all of the left field side, left gage 

side, right field side and right gage side.  
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Figure 31: Adzing Dept Measurements 

 

From Figure 31 and Figure 31, the following conclusions were drawn:  

¶ Plate Cut Measurements: 

o The distribution of plate cut measurements is right-skewed, ranging from 

0.1 inches to 1 inch. 
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o A large portion (over 70%) of ties have a plate cut value of 0.1 inches. 

o The percentage of ties having a plate cut of 0.1 decreases slightly each year, 

likely due to wear and operation on the track. 

o The differential plate cut values show similar distributions over the  four 

years and for both the left and right sides of the ties. 

o Changes in plate cut values from year to year may be attributed to wear and 

tie replacements as they are highly correlated with the condition of the ties, 

as shown in a correlation plot (Figure 24). 

¶ Adzing Depths8: 

o The distribution of adzing depths for all four years is similar. 

o Adzing depths range between 0 and 2 inches. 

o A significant percentage of ties have an adzing depth less than 1 inch. 

o Like plate cut values, there are slight changes in adzing depths from one 

year to the next, which could be due to wear and tie replacements. 

3.2.1.5 Automated Inspection Related Features 

Finally, the last section consists of investigating the features that are related to the quality 

of automated inspection: the ballast coverage, which impacts the scanning of ties and hence 

the assessment, and the GPS quality, which is crucial to determine the location of ties with 

 

 
8 Tie plate adzing is shaping the top surface of a tie for the tie plate to sit securely on it, 

while plate cuts are results of tie plate movements. 
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respect to the milepost (inspections in 2016, 2017, 2019).  

Figure 32 shows the distribution of ballast coverage for the four inspections datasets. 

 

 

Figure 32: Distribution of Ballast coverage  

 

In all four inspections, the majority of ties had minimal ballast coverage, with over 90% of 

ties having at most 2.5% of their surface covered in ballast. Another portion of ties, (less 

than 9%), had ballast coverage ranging between 2.5% and 10%. Only a very small 

percentage (less than 1%) of ties had approximately 20% of their surface covered in ballast 

during the inspection. 

These observations suggest that the level of ballast coverage on the ties did not significantly 

impede the tie condition assessment process. However, it is important to consider the 

possibility of inspection errors, which could be attributed to factors such as the inspection 

systems themselves and other external circumstances.  

 

Figure 33 shows the distribution of GPS Quality for the four inspections datasets as 
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explained in the data dictionary in Table 9. 

 

 

Figure 33: Distribution of GPS Quality  

 

Figure 33 shows that each year exhibits a distinct distribution of GPS quality (quality of 2, 

3, or 5), and this variance has an effect on tie alignment, as detailed in section 3.3 of this 

chapter. Furthermore, it is important to note that the milepost, as a measure, may not always 

provide precise location information, especially when attempting to identify the exact 

location of an individual tie.  

Note; the 2020 inspection data included latitude and longitude coordinates, which were not 

available in the data from the other inspection years. 

3.2.1.6 Preliminary  Observations  

The initial phase of the Exploratory Data Analysis (EDA) provided information on the 
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features associated with tie conditions. Generally, the feature values align well with 

expected norms and exhibit a relatively balanced distribution. Notably, no extreme values 

or outliers were detected in the dataset. However, there were slight changes in these 

features over the four years study period. For instance, the subtle change of tie plate types 

from one year to another suggests maintenance or replacement activities, while the change 

in the tie plate cut would indicate a degradation over time. 

In addition to the previously mentioned observations, it is important to highlight that all 

ties share uniform track conditions. Specifically, all ties originate from the same track in 

close geographic proximity, implying exposure to identical weather and environmental 

conditions. In addition, they are all part of tangent track sections with a modest amount of 

light curvature , and they are all wood ties. None of these ties are subjected to extreme 

conditions, such as being part of bridge structures or located under joint bars (as joint ties 

were not included). This uniformity in characteristics  provides a consistent baseline for 

the analysis, allowing to focus on the impact of other factors on tie degradation without the 

added complexity of varying track conditions or weather and environmental conditions. 

Having established that the provided features do not appear to be major factors contributing 

to the differences in degradation patterns among ties, as these features seems to be within 

the acceptable ranges and show uniformity throughout the years,  the next phase of the 

Exploratory Data analysis (EDA) involves a more comprehensive examination of tie 

conditions.  
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3.2.2 Exploratory Data Analysis: Part 2 

3.2.2.1 Tiesô Condition Overview 

 

Following the initial phase of Exploratory Data Analysis (EDA), which involved the 

exploration of various variables related to tie conditions, this section shifts its focus 

towards a comprehensive analysis of tie conditions. It includes a thorough examination of 

tie conditions, broken down by both mile and year. Additionally, specific data filtering 

steps have been implemented to prepare the dataset for this analysis, ensuring that it is 

tailored to serve the objectives of this study. 

First, a breakdown of tie condition (integer value)  per year is summarized in Table 12. 

 

 

Table 12: Breakdown of Ties by Condition and Inspection Year 

Inspection Year 

Tie condition 

Total number of ties 

-1 1 2 3 4 

2016 4314 129845 60800 13134 1082 209175 

2017 3717 135135 53768 14225 2307 209152 

2019 5562 110046 71684 19754 2131 209177 

2020 6113 102195 76699 21684 2464 209155 

Average  4927 119305 65738 17199 1996 209165 

Total  19706 477221 262951 68797 7984 - 
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Table 12 shows that:  

¶ On average, about 57% of ties (around 120,000 ties) are maintained in good 

condition, and about 37% (65,000 ties) are in a marginal condition (score of 2), 

suggesting the track experiences regular maintenance. 

¶  The increase in the number of ties showing a condition of  1 between two 

consecutive years  also indicates presence of maintenance activities, 

¶ On average, a little less than 5000 ties per inspection were not assigned a score. 

These ties were dismissed from the analysis (this exclusion criterion applied even 

if a tie lacked a condition assessment for just one inspection).  

Disregarding these ties, Figure 34 presents a bar plot of tie condition distribution for each 

year by count (Figure 34a) and by percent ( Figure 34b).  

 

 

Figure 34a: Bar plot of tie count by condition and inspection year 
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Figure 34b: Percent of ties by condition and inspection year 

 

In Figure 34, the shift in tie conditions is visible: 

Å The increase in the percentage of ties with a score of 3 suggests a general 

degradation in tie condition over time. 

Å Conversely, there is a decrease in the percentage of ties with a score of 1 from 2017 

to 2020, indicating improvements or maintenance efforts. 

Å The rise in ties with a condition score of 1 between 2016 and 2017 also suggests 

replacements and maintenance activities during that period. 

 

For a more detailed understanding of tie condition changes on a mile-by-mile basis and a 

year-by year basis, Table 13 summarizes the breakdown of tie condition scores per year 
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for each mile in addition to an arithmetic average of tie condition per mile per year 

computed as follows: 

 

ὢ ȟ 
В ὢὭ

ὲ ȟ
 

where: X i is the tie score for a tie- i,  and nm,t is the total number of ties per mile m in year 

t.  

 

In Table 13, the dataset encompasses 67 miles (equivalent to 108 kilometers) of tie 

condition data, with mileposts ranging from 205 to 272. Each mile contained a varying 

number of ties with an average  number of ties per mile of 3218. However, it is important 

to note that the first and last mileposts are not suitable for analysis when comparing mile-

based data across the years. For example, in the case of milepost 205-206, the number of 

ties differs between years, making it impossible to align for analysis due to the varying 

starting points. Similarly, mile 67 (milepost 271 to 272) only contained 15 ties in the first 

inspection and 215 in the third inspection, with no inspections available for comparison in 

the other two years. 

 

A plot of average tie condition per mile for each year is presented in Figure 35. 
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Table 13: Mile-by-mile tie condition summary  

 

 

-1 1 2 3 4 -1 1 2 3 4 -1 1 2 3 4 -1 1 2 3 4

1 205 206 768 66 592 92 15 3 1.19 857 106 635 92 18 6 1.19 198 32 138 23 4 1 1.20 825 169 538 101 14 3 1.21

2 206 207 2807 7 1793 848 149 10 1.42 2808 3 1712 846 211 36 1.49 3178 161 1759 953 253 52 1.54 2805 4 1526 975 267 33 1.57

3 207 208 3433 43 2193 1012 163 22 1.41 3433 45 1926 1121 289 52 1.55 3230 31 1486 1333 337 43 1.67 3451 55 1512 1447 405 32 1.69

4 208 209 3037 11 2030 876 111 9 1.37 3037 12 1761 1006 242 16 1.51 3248 40 1397 1425 367 19 1.69 3034 13 1245 1421 344 11 1.71

5 209 210 2998 14 2167 730 79 8 1.31 2998 23 2071 732 162 10 1.37 3136 21 2750 319 38 8 1.13 2998 36 2260 646 49 7 1.26

6 210 211 3275 15 2267 886 97 10 1.34 3275 60 2125 897 173 20 1.41 3259 60 2854 287 55 3 1.13 3276 68 2679 475 49 5 1.18

7 211 212 3379 23 2214 928 198 16 1.41 3368 22 2081 821 401 43 1.52 3286 31 1492 1184 512 67 1.74 3375 40 1417 1330 545 43 1.76

8 212 213 3149 22 2146 801 160 20 1.38 3157 14 1977 854 278 34 1.48 3267 85 1474 1261 402 45 1.69 3147 33 1448 1305 336 25 1.66

9 213 214 3196 39 2362 711 77 7 1.28 3194 47 2193 754 180 20 1.37 3243 44 1773 1139 255 32 1.55 3197 47 1619 1199 302 30 1.60

10 214 215 3184 59 2077 858 166 24 1.40 3185 62 2084 646 343 50 1.47 3240 103 1765 920 408 44 1.60 3200 98 1651 925 463 63 1.66

11 215 216 3278 29 2205 890 133 21 1.38 3277 29 2110 908 197 33 1.43 3230 43 1553 1335 281 18 1.61 3273 44 1527 1351 326 25 1.64

12 216 217 2612 23 1603 766 195 25 1.48 2610 12 1650 757 167 24 1.45 3249 37 1965 1031 197 19 1.46 2608 38 1179 1131 236 24 1.65

13 217 218 3786 122 2852 689 111 12 1.26 3778 131 2987 577 68 15 1.21 3231 145 2487 532 56 11 1.22 3777 158 2674 817 119 9 1.30

14 218 219 3380 14 2708 549 96 13 1.23 3381 15 2696 549 102 19 1.24 3206 34 2328 713 116 15 1.31 3372 26 2141 1018 174 13 1.42

15 219 220 3243 79 2368 653 128 15 1.30 3243 53 2560 512 98 20 1.24 3211 126 2282 649 143 11 1.31 3227 88 2157 775 189 18 1.38

16 220 221 3118 16 2375 583 121 23 1.29 3122 18 2310 632 119 43 1.32 3196 32 2212 733 182 37 1.38 3100 34 1985 799 232 50 1.46

17 221 222 3246 15 2112 955 138 26 1.41 3248 19 1952 1065 175 37 1.47 3246 31 2072 957 159 27 1.42 3241 29 1890 1070 230 22 1.50

18 222 223 3263 138 2061 875 163 26 1.41 3262 109 2044 875 195 39 1.44 3223 160 2468 508 79 8 1.23 3240 204 2258 640 130 8 1.30

19 223 224 3097 28 1867 987 196 19 1.47 3103 35 1768 1043 217 40 1.52 3182 54 1623 1188 294 23 1.59 3069 117 1313 1241 360 38 1.70

20 224 225 3206 83 2537 468 101 17 1.23 3203 82 2597 404 92 28 1.22 3157 90 2297 626 120 24 1.31 3191 93 2143 784 144 27 1.37

21 225 226 3184 65 2644 305 140 30 1.22 3184 20 2644 339 133 48 1.24 3107 28 2363 499 157 60 1.32 3239 85 2386 544 157 67 1.34

22 226 227 2961 4 2493 311 113 40 1.22 2964 4 2466 336 112 46 1.24 3105 8 2274 624 144 55 1.35 2962 30 2040 673 157 62 1.40

23 227 228 3294 3 2361 757 158 15 1.34 3292 2 2414 661 189 26 1.34 3168 8 1831 1056 250 23 1.51 3293 19 1609 1302 327 36 1.63

24 228 229 3364 60 1563 1373 336 32 1.65 3330 29 1712 1135 384 70 1.64 3247 35 1305 1417 455 35 1.76 3333 36 1053 1615 561 68 1.89

25 229 230 3126 3 937 1757 394 35 1.85 3133 2 1627 1055 393 56 1.64 3227 14 1254 1436 489 34 1.78 3130 27 940 1496 609 58 1.93

26 230 231 3271 196 487 1810 740 38 2.11 3271 1 1454 1090 566 160 1.83 3248 5 1039 1404 722 78 1.95 3269 12 822 1438 838 159 2.10

27 231 232 3222 52 1151 1576 415 28 1.79 3221 65 1722 1030 348 56 1.60 3215 55 1075 1552 493 40 1.84 3218 66 948 1628 519 57 1.90

28 232 233 3244 7 1246 1469 481 41 1.79 3246 5 1780 996 365 100 1.63 3248 12 829 1744 590 73 1.97 3246 11 745 1774 610 106 2.02

29 233 234 3579 110 1354 1764 339 12 1.71 3572 92 2615 715 134 16 1.30 3247 107 1629 1231 263 17 1.58 3572 126 1645 1461 313 27 1.63

30 234 235 3156 93 701 1765 586 11 1.97 3154 79 2009 774 242 50 1.46 3179 94 1744 974 338 29 1.56 3160 100 1458 1126 412 64 1.70

31 235 236 2993 33 1522 1060 338 40 1.63 2993 34 1853 730 282 94 1.53 3182 57 1583 1080 409 53 1.66 2984 247 1222 987 426 102 1.78

32 236 237 3230 133 1338 1368 372 19 1.70 3228 120 1954 862 254 38 1.48 3174 146 1637 1020 330 41 1.60 3224 149 1454 1141 430 50 1.70

33 237 238 3099 24 1745 991 308 31 1.55 3102 19 1751 877 364 91 1.61 3178 26 1418 1195 465 74 1.74 3107 37 1265 1198 525 82 1.81

34 238 239 3182 132 1627 1048 325 50 1.61 3178 47 1761 949 325 96 1.60 3194 93 1451 1095 473 82 1.74 3181 93 1311 1167 520 90 1.80

35 239 240 3220 443 1919 684 147 27 1.38 3214 489 2080 505 109 31 1.30 3156 494 1910 610 107 35 1.35 3247 479 1911 710 117 30 1.37

36 240 241 3150 233 1741 921 223 32 1.50 3157 205 2457 359 107 29 1.22 3183 287 2278 464 116 38 1.28 3152 304 2156 526 135 31 1.31

37 241 242 3288 150 1928 989 204 17 1.46 3286 176 2638 380 73 19 1.19 3210 171 2155 744 125 15 1.34 3289 320 1820 947 179 23 1.46

38 242 243 2927 119 1671 860 258 19 1.51 3008 137 2298 437 123 13 1.25 3225 118 2130 768 182 27 1.39 2998 189 1800 777 197 35 1.45

39 243 244 3313 16 2568 657 70 2 1.24 3310 21 2740 481 66 2 1.19 3218 32 2194 904 88 0 1.34 3314 20 2010 1132 148 4 1.44

40 244 245 3283 19 2088 1010 160 6 1.41 3278 18 1861 1168 204 27 1.51 3211 37 1870 1054 223 27 1.50 3274 36 1107 1721 363 47 1.80

41 245 246 3204 14 2137 937 113 3 1.37 3203 13 1959 995 221 15 1.46 3239 36 1508 1290 391 14 1.66 3205 56 1156 1473 485 35 1.81

42 246 247 3400 30 1887 1316 162 5 1.49 3402 25 1728 1318 309 22 1.59 3247 33 1000 1709 475 30 1.86 3401 45 822 1807 678 49 1.99

43 247 248 3114 15 1737 1137 216 9 1.52 3111 16 1541 1224 293 37 1.62 3236 48 883 1674 585 46 1.94 3115 52 656 1594 723 90 2.08

44 248 249 3502 30 2350 920 189 13 1.39 3506 27 2325 894 230 30 1.42 3232 224 1451 1288 258 11 1.61 3504 44 1413 1706 323 18 1.70

45 249 250 2905 37 1687 1068 111 2 1.45 2897 28 1541 1098 219 11 1.55 3203 75 1051 1656 406 15 1.80 2920 43 864 1590 406 17 1.85

46 250 251 3268 32 1569 1302 348 17 1.63 3269 16 1431 1393 390 39 1.70 3185 50 1084 1565 461 25 1.82 3265 141 950 1644 513 17 1.87

47 251 252 3210 13 1614 1166 388 29 1.63 3208 1 1559 1160 421 67 1.69 3222 29 1037 1496 596 64 1.90 3208 30 910 1588 624 56 1.95

48 252 253 3367 178 2232 679 261 17 1.39 3275 43 2362 696 156 18 1.33 3223 15 2276 690 221 21 1.37 3257 22 2137 826 245 27 1.43

49 253 254 3362 14 2361 728 244 15 1.38 3361 29 2210 846 240 36 1.43 3210 36 1735 1089 314 36 1.57 3362 16 1677 1292 336 41 1.62

50 254 255 2956 26 1832 750 331 17 1.50 2954 24 1576 890 391 73 1.65 3190 40 1178 1303 587 82 1.86 2953 262 980 1170 454 87 1.87

51 255 256 3241 73 1796 1037 302 33 1.55 3240 103 1667 1011 372 87 1.64 3172 109 1031 1355 566 111 1.92 3240 109 1105 1397 550 79 1.87

52 256 257 3183 16 1931 1080 154 2 1.44 3186 20 1842 1017 276 31 1.52 3190 67 1166 1462 453 42 1.80 3185 290 1314 1235 336 10 1.67

53 257 258 3264 20 2062 979 198 5 1.43 3258 22 2018 936 259 23 1.47 3181 47 1235 1459 399 41 1.76 3261 23 1362 1473 374 29 1.71

54 258 259 3289 330 1848 860 244 7 1.46 3296 255 1787 961 266 27 1.52 3240 319 1599 995 307 20 1.57 3293 307 1458 1196 324 8 1.63

55 259 260 3078 105 1553 1072 333 15 1.60 3079 92 1541 1063 351 32 1.62 3200 131 1065 1384 559 61 1.87 3077 127 962 1425 522 41 1.88

56 260 261 3326 69 2255 905 96 1 1.34 3327 1 2197 1012 111 6 1.38 3306 191 1379 1460 270 6 1.65 3328 1 1922 1207 192 6 1.48

57 261 262 3073 21 2246 697 107 2 1.30 3074 14 2287 646 120 7 1.30 3127 41 1796 1089 193 8 1.49 3068 24 1885 979 167 13 1.44

58 262 263 3211 26 2385 720 78 2 1.28 3211 24 2413 669 94 11 1.28 3175 33 1803 1157 171 11 1.49 3212 40 1836 1133 199 4 1.49

59 263 264 3302 43 2558 621 77 3 1.24 3292 22 2395 774 94 7 1.30 3321 65 1762 1278 201 15 1.53 3292 49 1842 1150 199 52 1.53

60 264 265 3196 31 2391 719 51 4 1.26 3194 36 2368 691 92 7 1.28 3205 51 1740 1213 185 16 1.52 3194 33 1837 1157 155 12 1.48

61 265 266 3447 26 2143 1151 121 6 1.41 3444 30 2000 1170 222 22 1.49 3270 39 1230 1550 417 34 1.77 3442 40 1360 1555 461 26 1.75

62 266 267 3352 50 2130 1077 92 3 1.38 3358 47 1990 1042 261 18 1.49 3294 52 1240 1479 482 41 1.79 3346 64 1422 1366 462 32 1.73

63 267 268 3095 27 2216 741 100 11 1.32 3088 28 2236 693 126 5 1.31 3210 71 1487 1369 264 19 1.62 3090 51 1444 1334 242 19 1.62

64 268 269 3164 115 2377 629 43 0 1.23 3161 118 2299 650 90 4 1.28 3209 127 1702 1196 174 10 1.51 3222 181 1897 1021 119 4 1.42

65 269 270 3153 3 2599 534 17 0 1.18 3154 3 2578 514 56 3 1.20 3157 6 2103 950 97 1 1.36 3151 7 2037 1018 85 4 1.38

66 270 271 2957 229 2328 337 53 10 1.17 2944 218 2210 435 65 16 1.22 3180 309 2288 531 44 8 1.22 2966 276 2083 550 53 4 1.25

67 271 272 15 0 8 6 1 0 1.53 215 131 73 10 1 0 1.14
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Figure 35: Average Tie Condition per Mile for Each Year
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Figure 35 provides a broad overview and insight into the state of the track and ties 

condition. It serves as a macro-level exploratory analysis, allowing  to grasp the trends of 

degradation and maintenance operations occurring on the studied track throughout the 

years. 

There is a noticeable degradation in tie condition over time in certain miles. This 

degradation  is characterized by the average tie condition of a mile in 2016 being lower 

than that in 2017, which, in turn, is lower than the average condition in 2019, and finally, 

lower than the condition in 2020. For example, in Miles 1 to 4, 40 to 47, and  49 to 53, this 

trend is clear and well shown: the average tie condition per mile increases every year. 

On the other hand, it is apparent that there are miles where substantial maintenance 

operations, such as tie replacement gangs, are suspected to have taken place. This is shown 

in miles where there is a sudden and notable decrease in the average tie condition from one 

year to the next. For instance, in mile 29, there is a significant and sudden drop in the 

average tie condition from 2016 to 2017. This drop suggests the occurrence of a substantial 

tie gang operation between these two years. Similarly, miles 5 and 6 exhibit a reduction in 

average tie condition in 2019, indicating the occurrence of a tie gang operation between 

2017 and 2019 in these segments. 

Determining the precise locations of significant maintenance activities is crucial for this 

research. These maintenance activities, such as tie gangs, not only disrupt the 

comprehensive study of tie behavior but can also introduce challenges in modeling certain 

degradation patterns. Furthermore, these miles were impossible to align over the years. In 

fact, when a tie is replaced, all its associated characteristics change, which presents a 
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challenge in tracking that specific location. The alignment of tie locations was achieved 

through the matching of characteristics from one year to the next, as explained in section 

3.3 of this chapter. Therefore, when ties belonging to the same segment of track are entirely 

replaced, this tracking and alignment process becomes impossible for that particular 

location. 

 It is important to note that accurate alignment of ties and the identification of their exact 

locations (for each inspection) are a semiquinone prerequisites for the analysis. The 

accuracy of both mileposts and tie indexes was not guaranteed, accentuating the need for a 

precise and reliable alignment process. 

By comparing the average tie condition, 26 miles that exhibit a natural degradation of ties, 

and where no significant tie gang operation is suspected, were identified. These miles are: 

1, 2, 3, 4, 7,9,10, 11, 14, 16, 19,21, 22, 33, 41, 42, 43, 44, 45, 46, 47, 49, 50, 54, 55, 65. 

The said miles are selected hereinafter for the following research and analysis steps. 

Note that the individual replacements of ties occurred in these miles are included in part of 

this research (Chapter 9). 

After completing a general overview of the ties and their conditions over the years, specific 

miles suitable for further analysis were identified and selected. The next crucial step 

involved aligning the ties belonging to these miles on a tie-by-tie basis. While milepost 

information was provided, it lacked the accuracy required at the individual tie level. 

Therefore, a more precise alignment process was imperative to ensure the accurate 

matching of individual ties from each of the four inspection years in addition to the 
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comparison of the change in condition scores for each individual tie over the four years 

study period. 

This tie-by-tie level alignment, presented in the next section, forms the foundation for the 

dataset used for the constructed models. 

3.3 Tie Alignment  

Following up on the macrolevel exploratory analysis, and prior to conducting any analysis, 

a precise alignment of tie inspection data was essential as an integral part of data 

processing. This is to ensure the accurate matching of individual ties from each of the four  

inspection years. The necessity for this step stemmed from the inherent inaccuracy of 

milepost information at the individual tie level. 

The tie alignment focused on the 26 miles where no significant tie replacement activities 

occurred between 2016 and 2020. Miles that were identified as having undergone major tie 

replacements, as discussed earlier, were excluded from subsequent analyses.  

There are different ways to align the inspection data [196]. Taking inspiration from 

reference [196] and reference [197] the primary tool employed for this alignment process 

was the Cross-Correlation Function (CCF). Cross-correlation function (CCF) is a 

mathematical technique used to measure the similarity between two datasets. It quantifies 

the degree to which they  are correlated or related as a function of their relative time or 

position shift [198]. Using R programming, the cross-correlational function package [3], 

the shift between each two segments of the track was detected.  

To achieve that, the tie-to-tie distance was selected as the main feature for the alignment 



  

108 

 

after experimenting with different variables. The tie condition was then employed to 

validate the accuracy of this alignment. However, in cases involving larger shifts, the 

degree of curvature was occasionally employed as an additional alignment reference. 

 

The alignment algorithm was uniquely adapted and hybridized, combining both manual 

and automated steps to ensure the desired accuracy. To align tie inspection data from year 

A and Year B, the steps are summarized as follows:  

 

I. Initialization: specific miles to be aligned are selected. These miles will serve as 

the focus of the alignment process. 

Checking whether indices need to be inverted. In these cases, the readings 

may have been performed in opposite directions (increasing versus 

decreasing milepost direction of travel). 

II.  Loop Over Each Mile: For each of the identified miles,  a series of steps are 

executed: 

1. Sorting: Within each mile, the data is sorted by year and milepost value to 

organize it systematically. 

2. Tie Indexing (Year A): An initial index is assigned to each tie within the 

mile using the data from a chosen reference year (Year A). Each tie is 

assigned a unique index, starting from 1 and counting up to the total number 

of ties in that mile. 
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3. Shift Calculation (Year A to Year B): Using a cross-correlational function, 

the shift or lag between the tie-to-tie feature in the current mile for Year A 

and the corresponding mile's tie-to-tie distance in Year B is determined. 

This shift value can vary in magnitude, ranging from small to relatively 

large (sometimes exceeding 100 indices of ties). Figure 36 illustrates an 

example of lag calculations in which the corresponding lag is -5. 

 

 

Figure 36: Example of lag calculation using CCF 

 

4. Tie Indexing (Year B): Using the calculated lag obtained in the previous 

step, the ties are then assigned an index within the same mile for Year B. 

5. Tie Grouping: To facilitate further analysis, the current mile was divided 

into 50-ties groups, assigning a unique numeric identifier to each group. 

6. Loop Over Each 50-Tie Group: For each of these 50-ties groups within 

the mile, a similar process of alignment and shift calculation is followed: 

a) Group-Specific Lag Calculation (Year A to Year B): Within each 

50-tie group, the ties are indexed from 1 to 50 and a group-specific 
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lag using the cross-correlation function is calculated. Typically, the 

lag for these smaller groups is less than 10 ties. 

b) Tie Index Adjustment (Year B): The individual tie indices for the 

Year B  data are then adjusted (within the current 50-tie group). This 

adjustment varies based on the calculated lag for each group. Figure 

37 shows an example of the tie-to-tie distance before and after index 

adjustment/ alignment. 

 

 

Figure 37: Example of tie-to-tie distance before and after 

alignment 

 

c) Alignment Verification: To ensure the accuracy of the alignment, 

the Cross-Correlation Function is applied again to a second variable: 

to the tie condition values, further validating the alignment. 
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d) Visual Confirmation: As a last step, a visual inspection is 

conducted. In some cases, minor adjustments to the location indices 

by +/- 1 or 2  are needed.  

7. Merge the groups of 50 ties: Each of these 50-ties groups are merged back 

together to form an aligned mile.  

III.  Merge the miles into one dataset: Each of the aligned miles is merged into a new 

aligned dataset containing . The structure of the final dataset is illustrated in Table 

14. 

 

Table 14: Alignment Dataset Structure 
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This alignment process ensured a precise tie-by-tie correspondence between inspection 

data in Year A and Year B. It was not a one-time effort but was used and repeated to 

guarantee the proper alignment of data from the inspections conducted in 2016, 2017, 2019, 

and 2020. 
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It is worth noting that the 2020 data presented some unique challenges. Before proceeding 

with the steps mentioned earlier, significant shifts were necessary, including a substantial 

lag in the milepost. Determining this lag was also achieved using the Cross-Correlation 

Function (CCF), but the feature considered for this determination was the degree of 

curvature. Figure 38 provides a visual representation of the degree of curvature before and 

after the shift for 2019 (in black) and 2020 (in red) where the x axis is the tie index and the 

y-axis is the degree of curvature. 

 

 

Figure 38: Example of degree of curvature before(left) and after (right) the shift 

  

After going through the mentioned steps for proper alignment, a final validation was 

conducted by iterating the Cross-Correlation Function (CCF) across all the ties to confirm 

a lag of 0. Additionally, a visual inspection was carried out to ensure that the ties were 

correctly aligned. An illustration showing a well-aligned configuration for the four 

inspection years is depicted in Figure 39, demonstrating alignment for both tie conditions 

(top) and tie-to-tie distances (bottom). 
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Figure 39: Example of good alignment of the four inspections 

 

3.4 Aligned Dataset  

After aligning the dataset and successfully tracking changes in tie conditions over the 

course of four years of inspection, a crucial step was to consider the condition of the 

adjacent ties as well. This aspect aligns with the research's primary objective. Utilizing 

both alignment indices and the mileage data, four adjacent tiesðtwo on each sideð were 

identified for each tie in focus. 

This process led to the loss of more data points because if a tie couldn't be aligned (either 

due to being omitted during inspection or the absence of a suitable alignment equivalent 

over the years), the entire set of five adjacent ties had to be excluded (for the four years). 

Furthermore, as previously mentioned in the initial EDA, some ties were neither skipped 
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nor assessed, and their condition was recorded as -1. Consequently, the condition of the 

four adjacent ties was also omitted from the analysis. 

As a result of this data restructuring and refinement, 65,499 ties were left, following the 

structure depicted in Table 15. 

 

Table 15: Screenshot of aligned dataset with adjacent ties 

 

3.4.1 Dataset Overview 

Following the alignment process for ties over time and also aligning ties with their four 

adjacent counterparts, the updated dataset consists of 65,499 ties. It is important to 

emphasize that this dataset includes ties that were not replaced throughout the four-year 

period, as well as cases where ties were replaced. An overview of this dataset is provided 

in this section starting with a box plot of tie condition for the four inspection years 

presented in Figure 40. 
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Figure 40: Yearly boxplots of tie condition 

 

 

Figure 40 allows to visualize the evolution of the tieôs conditions: 

¶ There is an increase in median tie condition value  over the years, indicating a 

general degradation of ties.  

¶ The difference in the 4 years variability is a hint of both tie replacement and tie 

degradations. For instance, year 1ôs variability is the smallest while  year 2 is the 

largest, indicating the change in tie condition (degradation mainly) between these 

2 years. 

¶ The decrease in outliers between year 1 and year 2 indicated replacement activities. 
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Following up on the insights from Figure 40, a data distribution showing  how the tie 

condition values spread across different years9 is presented in Figure 41. 

 

 

 

Figure 41: Tie condition distribution  

 

From Figure  41, the following conclusions were drawn: 

¶ The tie conditions follow an exponential distribution in the first year, and right 

skewed distributions in the other years. 

 

 
9 Year 1 = 2016, year 2 = 2017, year 3 = 2019, and year 4 = 2020. 
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¶ The histograms reveal a rightward trend in the median tie condition value over the 

years. This suggests a consistent deterioration in tie conditions from year 1 to year 

4. However, the varying spread of data in the histograms across the four years 

provides insights into both tie replacements and degradation.  

¶ There is a noticeable reduction in the number of failed ties between the first and 

second years in the histograms. This decrease implies replacement activities during 

this time frame. 

Furthermore, it is important to highlight a significant data imbalance within the dataset. 

Specifically, there is a considerable portion of ties categorized as being in good condition, 

in contrast to those in a failed or poor condition. This imbalance could have implications 

in the analysis and should be taken into account when interpreting the results. 

Lastly, to get an insight on the linear correlation adjacent ties conditions over the years, a 

correlation plot was generated using Pearson correlation coefficient, and is presented in 

Figure 42. 
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Figure 42: Correlation plot of yearly adjacent ties conditions  

 

Figure 42 shows that  the condition of a tie in a particular year shows a significant positive 

linear relationship with its condition in the subsequent year. This relationship occurs 

because the tie degrades with time, leading to a higher tie condition score. However, while 

correlation plots primarily capture linear relationships, it is important to note that some 

relationships may be non-linear and would not be captured. 

3.4.2 Dataset Excluding Replaced Ties 

From the aligned dataset presented in Table 15, a subset consisting of 25,049 cross-ties 

was derived. This dataset excluded any cross-ties that had been replaced at any point 

between 2016 and 2020. Similarly, when a tie is dismissed from the analysis, the four 

adjacent ties associated with it are also removed from consideration. This ensures that the 
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dataset remains consistent with the research objectives. An overview of this dataset 

included boxplots, tie condition distributions and a correlation plot. 

A box plot of tie condition for the four inspection years presented in Figure 43. 

 

 

Figure 43: Yearly boxplots of tie condition- no replacement 

 

 

Figure 43 allows to visualize the evolution of the tieôs conditions: 

¶ Increasing Median Tie Condition: Over the years, there has been a noticeable rise 

in the median tie condition value. This upward trend suggests a general 

deterioration of tie conditions during this period. 

¶ Growing Box Length: The length of the box in the figure expands as the years 

progress. This increase in box length is also indicative of tie degradation. 

¶ When comparing Figure 43 with Figure 40, certain differences become apparent. 

In Figure 43, the degradation appears more structured, and by year 4, the tie 

condition median reaches a value of 2. In contrast, Figure 40 depicts a lower median 

of around 1.8 for year 4. This preliminary observation suggests that the introduction 
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of replacements may have an effect on tie degradation, potentially slowing down 

the degradation process. 

Following up on the insights from Figure 43, a data distribution showing  how the tie 

condition values spread across different years is presented in Figure 44. 

 

  

Figure 44: Tie condition distribution -no replacements 

 

From Figure  44: 

¶ The tie conditions follow an exponential distribution in the first year, and right 

skewed distributions in the other years. 

¶ The histograms reveal a rightward trend in the median tie condition value over the 

years. This suggests a consistent deterioration in tie conditions from year 1 to year 

4.  

¶ When comparing to the distributions in Figure 41, the degradation becomes more 
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evident as the number of failed ties increase each year. 

¶ Furthermore, it is important to highlight the significant data imbalance within this 

dataset as well.  

 

Finally, to get an insight on the linear correlation adjacent ties conditions over the years 

when no replacement occurred, a correlation plot was generated using Pearson correlation 

coefficient, and is presented in Figure 45. 

 

 

Figure 45: Correlation plot of adjacent tie conditions- no replacements 
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When there is no tie replacement (which applies to the refined and preprocessed dataset 

used in this analysis), the condition of a tie in a particular year shows a significant and 

strong positive linear relationship with its condition in the subsequent year. This 

relationship occurs because the tie is expected to degrade with time, leading to a higher tie 

condition score. The correlation coefficients in the Figure 45 are higher than the ones 

presented in Figure 42 for similar pairs of variables. In fact, this was expected, as no 

replacement interferes with the correlation.  

3.5 Extraction of Soil Properties 

After conducting a thorough Exploratory Data Analysis and processing the tie inspection 

data in a way that aligns with the research objectives, a final major step was taken to extract 

additional data. Using soil data as additional features to improve model accuracy is a 

common practice in various applications, especially when the underlying soil properties 

might have an impact on the crosstie degradation rate. By incorporating soil data into the 

model, valuable information that had not been previously considered was captured, leading 

to better predictions and insights. 

3.5.1 USDA Online Soil Database 

The automated inspection dataset contains crossties information. Each crosstie entry in the 

dataset has associated attributes, and importantly for this task, it includes the GPS 

coordinates (latitude and longitude) for the crosstie locations. Note: the GPS coordinates 

were available only for the 2020 data inspection. 
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The objective was to extend the existing dataset with soil properties for each crosstie 

location. By using the latitude and longitude coordinates, relevant soil information was 

extracted from the United States Department of Agriculture USDA database using their 

web services the Soil Survey Geographic Database (SSURGO) [199] and their Web Soil 

Survey (WSS) map data [200].  As an example, Figure 46 illustrates the use of the USDA 

database to extract soil characteristics from a small segment of the study area (Freestone 

County, Texas) using the GPS coordinates.    

 

 

Figure 46a: Screenshot of the Web Soil Survey Platform   

 

Figure 46b: Screenshot of segment of the study area using GPS coordinates in (WSS) 
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Figure 46c: Screenshot of soil characteristics of the segment in  Figure 46b 

 

3.5.2 Automated Extraction of Soil Properties 

To extract soil properties for each crosstie location using the provided latitude and 

longitude coordinates in an automated and efficient way, a program was written using 

Python. First, the necessary libraries and packages were imported, mainly: 

o requests [201] for making HTTP requests. The objective of the latter 

is to access a resource on a specific web server [202], 

o  xmltodict [203] for parsing Extensible Markup Language (XML) 

data which is a markup language that allows to define and store data 

in a shareable way [204] [205]. 

The USDA web service has a Soil Data Access Query interface that allows to retrieve large 

volumes of data as an XML format [206]. Using the USDA provided guide [207], the data 

extraction was automated following the steps below: 

1. Defining óSoil Extractionô Function:  

The Soil Extractionô Function is designed to fetch soil properties from the USDA 
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web service. It takes two input arguments, representing the latitude and longitude 

coordinates. 

i. Construct a SOAP Request: The function constructs a SOAP 

(Simple Object Access Protocol) request body with the provided 

latitude and longitude coordinates. SOAP  is a messaging protocol 

used to communicate with web services [208]. 

ii.  Send Request and Receive Response: The function sends a POST 

request [209] [210] to the USDA web service with the SOAP request 

to obtain soil data for the specified location. The response is 

received from the web service. 

iii.  Parse XML Response: The XML response obtained from the web 

service is parsed into a Python dictionary using Xmltodict [203].  

iv. Extract and Convert Data: The relevant soil properties from the 

parsed dictionary are then extracted and converted into a data frame. 

v. Return Soil Data: The Soil Extractionô Function returns the data 

frame containing the soil properties for the given latitude and 

longitude coordinates as illustrated in Figure 47. 
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Figure 47: Example of extracted soil data for a given latitude and 

longitude 

 

2. Main Loop: 

 The main part of the algorithm  is a loop iterates over each set of crosstie coordinates 

through two main steps: 

a. Fetching Soil Data: For each iteration, the óSoil Extractionô Function is 

called with the current latitude and longitude coordinates as arguments. The 

function fetches soil properties from the USDA web service and returns 

them as a data frame as shown in Figure 47. 

b. Appending to frames: The resulting data frame, containing the soil data for 

the current crosstie location, is appended to the original dataset. 

3. Final Output: 

The frames list now contains the appended data frames, each representing the soil 

properties for a different crosstie location in the dataset. 

The algorithm leverages the provided latitude and longitude coordinates to access the 

USDA web service and retrieve soil properties for each crosstie location. By employing 
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Python libraries for web requests, XML parsing, and data manipulation, the soil 

information was successfully integrated with the existing automated inspection crossties 

dataset, linking between crosstie locations and their corresponding soil characteristics. This 

combined dataset allowed further analysis and modeling by adding the corresponding soil 

properties. 

3.5.3 Results and Data Analysis  

Following the extraction of various soil characteristics data for each crosstie, the 

percentages of sand, clay, and silt were specifically retained and prioritized. These 

variables were selected due to their significant role in defining the overall soil stiffness, 

which is particularly important for assessing load distribution on the crossties. Other 

variables were extracted and presented in Appendix B. 

Figure 48 is a 3D scatter plot where the three axes represent the percent of sand, percent of 

silt, and the percent of clay, while the size of the dots represents the percentage of ties 

having that soil combination.  

 

 

Figure 48: 3D Scatter plot showing percent of sand, silt, and clay 
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From Figure 48, nine different combinations of clay, silt, and sand were found in the 

dataset, and would be used further in the analysis to estimate an average local track 

stiffnesses (see Chapter 8). Table 16 summarizes the 9 soil combinations. 

 

Table 16: Soil Combinations 

 Clay [%]  Silt  [%]  Sand  [%] 

Combination A 44 21 35 

Combination B 35 31 34 

Combination C 39 30 31 

Combination D 15 16.2 68.8 

Combination E 8 26 66 

Combination F 8.5 21.8 69.7 

Combination G 7 10 83 

Combination H 6 12 82 

Combination I  70 21 9 

 

 

3.6 EDA Summary and General Observations 

In this chapter, a comprehensive Exploratory Data Analysis (EDA) was conducted, which 

can be summarized in the following key steps: 

¶ Data Presentation: that includes understanding the nature of the tie inspection data. 

¶ Data Preprocessing and Restructuring: Cleaning and organizing the data to prepare 

it for analysis. 

¶ Exploration of Different Features: Investigating various features related to the track 
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and the ties within the dataset. 

¶ Exploring Tie Condition Data: In-depth examination of tie condition data per mile 

and per year, including its distribution and characteristics. 

¶ Cleaning and Aligning the Dataset: Ensuring that the dataset is clean and properly 

aligned over the years to facilitate meaningful analysis. 

¶ Exploring Tie Condition and Degradation Over Time: Analyzing tie condition 

trends and degradation patterns over the observation period. 

¶ Selection of a Subcategory: Identifying a specific subcategory within the dataset 

where no alignment was required. 

¶ Extraction of Soil Characteristics: Retrieving relevant soil characteristics data that 

would be relevant for further analysis. 

These steps collectively formed the foundation for a comprehensive exploration and 

understanding of the dataset and its related features, the following observations and 

conclusions were made: 

¶ The initial (EDA)  examined tie condition features, which generally aligned with 

expected norms and showed balanced distributions throughout the years. No 

outliers or extreme values were found. Minor variations occurred over the four-year 

study, indicating maintenance or degradation. All ties shared uniform track 

conditions such as the degree of curvature or types of plates used. 

Since all ties experienced the similar factors conditions, including track condition 

and weather, these variables do not appear to play a significant role in the tie 

degradation process. 
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¶ In the second phase of the analysis, a comprehensive evaluation of tie conditions 

was conducted, segmented by both mileage and year, facilitating the identification 

of miles where significant tie gang operations took place. These miles were 

meticulously aligned at a tie-by-tie level to enable precise tracking of tie conditions 

over time. This yielded valuable insights into both tie replacements and degradation 

trends. In addition, ties that experienced no spot replacements appeared to exhibit 

more degradation. 

Finally, soil characteristics data revealed that the track is situated on nine distinct soil 

categories, highlighting the diverse conditions potentially affecting the tiesô degradation. 

This chapter included a thorough investigation of the data, preparing it for the analyses and 

models and drawing insights related to tie conditions, degradation, and soil characteristics. 
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STATIC ANALYSIS: EFFECT OF ADJACENT SUPPORT CONDITION ON 

PREMATURE CROSSTIE FAILURE  

 

Chapter 4 presents a static analysis by presenting the results of studies [39], [86], and [197], 

and summarizing their key points.  

The static analysis assumes that the state of adjacent ties remains constant (or static) over 

a three-year period. By creating a damage ratio, in addition to conducting two more 

advanced analyses, the static analysis provides a method to measure how adjacent ties 

influence a central tieôs premature failure. This chapter marks an initial step in the thesis 

research and establishes the foundation for investigating the effect of  adjacent ties 

dynamically over time. 

4.1  Introduction  

The static analysis presents a way to quantify the effect of adjacent ties on a center tie 

assuming the condition of adjacent ties remains the same during the three -years period. 

By developing a damage ratio, it has been shown that the higher the loss of support, the 

higher the tie life reduction. Then, two higher order analyses expanded on these results to 

estimate an average tie life based on adjacent ties conditions as well as define a probability 

Chapter 4 
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of tie failure depending on the loss of adjacent tie support. The relationship between the 

percent loss of support and average tie life was determined using  different data analytics 

techniques. 

The static analysis  only included data received in 2019, i.e., data collected in 2016, 2017 

and 2019. Several analysis approaches were performed, all based on the use of tie condition 

data from two different inspections only (2016 and 2019)  performed over a span of 3 years 

carried out on the same track. The static analysisô main steps are summarized in Figure 49. 

 

 

Figure 49: Static Analysis Steps 

 

Following the steps in Figure 49, and after cleaning the data, an exploratory data analysis 

was conducted. It was noted that the dataset was unbalanced, in that 80% of the ties 

belonged to the group where all the adjacent ties were in good condition (condition score 

of 1 or 2), and that was considered a challenge in the analysis. 

It is important to note that miles and major track sections where significant maintenance 

operations have occurred, such as tie replacement gangs were dismissed. 

Data identification and preparation (data cleaning, etc.) 

Data alignment (major effort due to required tie level 
accuracy)

Exploratory Data Analysis 

Data Processing and Analysis

Development of models that predict reduction in life of a 
tie as a function of adjacent tie support condition.



  

133 

 

4.2  Analysis 

First, support condition, as used in this PhD research project, refers to the effect of adjacent 

cross-ties on the load distribution of center tie, as illustrated in Figure 50. As explained in 

Chapter 2, the dynamic wheel load of a passing train is supported not just by the tie 

immediately under the wheel but also by the ties adjacent to that center tie under the wheel. 

This is illustrated in Figure 50, which shows the distribution of wheel load on the tie under 

the wheel (in maroon) and two ties on either side of the center tie. This distribution, which 

is based on Beam On Elastic Foundation (BOEF) theory, explained in the previous section, 

is based on a track modulus of 4,000 lb/in/in, [28 MPa ]115 RE rail, and 20-inch [50.8 cm] 

tie spacing (for different track support conditions and rail sections, the distribution will 

vary). 

 

 

Figure 50: Percentage of load carried by each tie 
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A degraded tie will support less load than a tie in good condition. Therefore, one or more 

degraded ties will transfer load to adjacent good ties  The effect of poor or failed ties 

corresponds to a change in support condition. Thus, if any adjacent tie(s) has failed and can 

no longer carry its share of the vertical wheel load, the result in an increase in the load of 

the center tie, i.e., the tie directly  under the wheel.  

 

4.2.1  Configurations Based on the Average Loss of Support 

Upon completion of the alignment process, a detailed tie-by-tie micro analysis was 

performed on the tie data. Depending on the condition of the adjacent four ties in 2016 

(year 1), ties were grouped into the different support condition groups. The equivalent 

average loss of support was computed for each group. 

Table 17  presents an illustration of these distinct groups, where:  

¶ The dark brown tie in the middle is the study tie,  

¶ a red tie represents a tie with a score of 3 or 4 (tie in poor condition), 

¶ and a light brown tie represents a tie with a score of 1 or 2 (tie in good condition). 
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Table 17: Tie groups and configurations based on the average loss of support 

 

 
 

 

From Table 17, Group F is the best-case scenario where the center tie is surrounded by  

four ties in good condition, and the average loss of support is 0%. Group A comes in the 

second position with an average loss of support of 17%, followed by Group B, with an 

average loss of support of 33%, and then by Group C, with the highest loss of support: 

46%. 

4.2.2  Method A: Damage Ratio 

The first method used in this analysis consisted of developing a Damage Ratio based on 

Group Configuration 
Average Loss 

of support (%) 

Number of ties 

in the category 

F 

 

0 77937 

A 

 

17 16379 

B 

 

33 1410 

C 

 

46 695 
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the four group configurations in Table 17. 

Because the change in the percentage of poor ties represents the tie condition degradation 

throughout the three-year period, a damage ratio was generated using the following 

formula: 

$ÁÍÁÇÅ 2ÁÔÉÏ 'ÒÏÕÐ É
Ϸ ÃÈÁÎÇÅ ÉÎ ÐÏÏÒ ÔÉÅÓ ÆÏÒ 'ÒÏÕÐ É

Ϸ ÃÈÁÎÇÅ ÆÏÒ 'ÒÏÕÐ &
 

 

The damage ratio was computed for all the groups, then it  was converted into a Tie Life 

Reduction factor  (by computing the inverse)  and plotted against the loss of adjacent tie 

support as presented in Figure 51 where the x-axis represents the loss of adjacent support 

[in percent of load], and the y-axis represents the equivalent reduced tie life 

 

 

Figure 51: Reduced life  vs. Loss of adjacent tie support 
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From  Figure 51, It can be seen that the trend is clear and well defined; the higher the loss 

of support, the more the life reduction following the formula:  

Life Reduction  = 1.44L2 ï 1.32L+0.99 

Where L is the loss of adjacent tie support as calculated by Beam On Elastic Foundation 

load distribution across four adjacent ties.  

 

4.2.3 Method D: Graph Analysis - Using Dijkstraôs Algorithm for Tie Life 

Reconstruction 

As a second method to quantify the impact of adjacent support condition on the center tie 

life, the average tie life was reconstructed by threating the available data as a graph and 

finding the shortest path. Dijkstraôs Algorithm is commonly used for to find the shortest 

path between two (or more) specific vertices of a graph [211] [212] [213]. In this analysis, 

it was used for its mathematical algorithm and  provided a piecewise reconstruction of tie 

life as a function of varying support condition and a way to calculate a relationship between 

percent loss of support and average tie life.  

The objective was to use algorithms to minimize the path from Vertex 1 (ñnewò tie) to 

Vertex 4 (ñfailedò tie), corresponding to the change in tie condition over time. Thus, Vertex 

1 corresponds to the condition 1.0, Vertex 1.1 to condition 1.1 é. and Vertex 4 to condition 

4. To accomplish this, first, the percentage of ties changing conditions (from their initial 

condition score) within the 3 years (2016 - 2019) is calculated, and an example is shown 

in Table 18. 
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Table 18: Example of percentage of tie score changes 

 1 1.1 1.2 1.3 1.4 1.5 1.6 1.7 1.8 1.9 2.0 

1 
15.94

% 

17.91

% 

11.70

% 

7.71

% 

13.51

% 
6.45% 

3.14

% 

3.50

% 
3.57% 4.69% 2.15% 

1.

1 
 18.54

% 

12.37

% 

8.36

% 

17.41

% 
8.70% 

4.05

% 

4.54

% 
5.16% 6.71% 2.19% 

1.

2 
  12.87

% 

9.11

% 

18.42

% 

10.24

% 

5.00

% 

6.10

% 
6.72% 

10.26

% 
3.20% 

1.

3 
   9.29

% 

18.35

% 

10.19

% 

6.03

% 

6.89

% 
8.92% 

13.72

% 
3.90% 

1.

4 
    16.12

% 

10.25

% 

6.39

% 

8.29

% 
9.33% 

16.66

% 
5.91% 

1.

5 
     11.19

% 

6.57

% 

8.53

% 

10.91

% 

17.68

% 
5.36% 

1.

6 
      5.33

% 

7.22

% 
9.03% 

17.30

% 
4.09% 

1.

7 
       5.57

% 
8.09% 

16.82

% 
4.78% 

1.

8 
        7.16% 

16.45

% 
4.41% 

1.

9 
         16.29

% 
6.32% 

2.

0 
          12.45

% 

 

 

Based on the percentage calculated, the weights from each vertex or node  to the other in 

the graphs can then be defined as follows: 

╦▄░▌▐◄ 
╟▄►╬▄▪◄╪▌▄

 

 

The adjacent matrix weights represent the distance between nodes on the graph. The 

minimized sum of the weights represents the minimum path. This is identical to the 

maximum path considering the percentages. The tie score changes or ñjumpsò represent 



  

139 

 

the deterioration behavior that the majority (high percentage) of ties undergo. In other 

words, the resulting path from the Dijkstraôs algorithm application would represent the 

average tie life that the majority of cross-ties in a Group have. This method allowed for 

modeling and predicting the average tie life. The higher the percentage of ties having the 

same initial score and having the same final one, the higher the likelihood that a random 

tie having similar initial score will have the same final score in 3 years. This is justified by 

the fact that, except in extreme conditions (such as a breaking), tie condition degradation 

happens gradually.  

As an example, the resulting path from the Dijkstraôs algorithm application on Group F is 

illustrated in Figure 52, and it  represents the tie degradation behavior for the majority of 

ties in that group. The illustration was performed using R software package [214].  

 

 

Figure 52:  Example of Tie life reconstruction for Group F 

 

The weights used in the graph represent the inverse of percentages of tie score changes. 

Thus, the shortest path represents the sequence of tie scores (vertices) that the majority of 
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ties in a group will go through before tie failure (i.e., score = 4.0). These sequences of tie 

scores can be used to forecast the tie life. Because the dataset represents inspections from 

2016 and 2019, every step in the short path will be represented by a period of 3 years.  

After applying Dijskstraôs Algorithm to find the shortest paths, and reconstruct an average 

tie life for each group, the results were summarized and are presented in Figure 53, where 

the x-axis represents the time in years and the y axis represents the tie condition. 

 

 

Figure 53: Time in years vs Tie Score for group A, B, C, and F 

 

Figure 53 shows the forecast tie score changes from 1 to 4 for each group of ties. The tie 

life is longest for ties with good support, and shortest for ties with poor support. A 

regression fit was performed on the data to obtain the degradation rates for each group. the 

results of the regression analysis are as follow: 

0

0.5

1

1.5

2

2.5

3

3.5

4

0 5 10 15 20 25

T
ie

  
C

o
n

d
it
io

n

Time [Years]

F

A



  

141 

 

Å For group F:    Tie condition = 0.116t + 1 

Å For group A:    Tie condition = 0.1366t + 1 

Å For group B:    Tie condition = 0.1482t + 1 

Å For group C:    Tie condition = 0.1556t + 1      

where t is time in years. 

 

Note, the tie degradation rate is the slope of the regression line. The tie degradation rate 

increases as the loss of support due to adjacent tie condition increases from Group F (best 

case scenario)  to Group C (worst case scenario).  

 

4.2.4 Method M: Markov Chains Application for Tie Failure Prediction  

As third alternative analysis approach, Markov chains were used to determine tie life and 

the effect of loss of adjacent tie support. The use of Markov chains also allowed for the 

prediction of the change of probability of reaching a particular tie condition over time 

[215]. 

Markov Transition Matrices were generated for each group using the transition 

probabilities (from the existing data). It is to be noted, that the assigned tie scores were 

grouped into integers (1, 2, 3, and 4) and every tie score was represented by a discrete 

Markov state. To build the transition matrices, probabilities were represented by the 

percentage of ties changing conditions (from their initial discrete condition score) within 
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the 3 years (2016- 2019) period. As an example, the equivalent Markov Diagram for groups 

A was generated using R software [214] and is illustrated in Figure 54: 

 

 

Figure 54: Markov Chain- Group A 

 

Using the matrices generated in the previous section as shown in the example in Table 18, 

a step chain probability prediction was performed in R software [216] in order to determine 

the change of failure probability as a function of chain steps. It is to be noted that failure is 

defined as a tie reaching a score of either 3 or 4.  The initial state of each Markov chain 

was set as the initial tie condition score for each group as 1 (best condition). Markov models 

were generated for each group independently over 25 chain steps (iterations) to determine 

the probability of reaching a specific tie condition score change over the chain iterations 

(note that in this application chain steps represent time). It was observed  that the change 

in failure probability differs from one group to the other. For a similar number of iterations 

(i.e., time), failure is more likely to occur for ties belonging to groups with higher loss of 

support. In other words, the likelihood of failure grows as ties lose adjacent support. 
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Setting the failure probability threshold to 75% and to 90 % respectively, the chain steps 

necessary to reach the thresholds were counted for each group then, a life reduction factor 

was then determined. The results are summarized in Figure  55, where the x-axis represents 

the percent loss of support, and the y-axis represents the tie life reduction. 

 

 

Figure  55:  Life reduction factor as a function of loss of support 

 

From Figure  55, it was concluded that the life reduction factor behaves similarly for both 

thresholds. The trend is well defined, the higher the loss of support, the lower the life 

reduction factor, and hence, the lower the tie life. The life reduction factor change as a 

function of percent loss of support can be defined by the following the equation:      

Life Reduction = 0.5753L2 - 0.5703L+ 1.003 

 where L is the loss of support.  

y = 0.5753x2 - 0.5703x + 1.003
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4.3  Conclusions 

From the static analysis, the rate of tie condition degradation is directly related to the 

support condition associated with the adjacent tie condition. This was presented a 

simplified analysis approach (Method A), and then using two more sophisticated and 

accurate approaches, based on the Dijkstra method, and Markov Chains.  

The life reduction factor is a measure of how much the tie life is reduced as a function of 

percent loss of support. As such it is the ratio of average life for each tie support condition 

group (e.g., A, B, C) as compared to the fully supported case (F, all good adjacent ties) 

where the loss of support is 0 %. These results are shown graphically in Figure 56. The life 

reduction based on Dijkstraôs algorithm is less severe than the life reduction calculated 

using the previous simplified analysis approach (Method A). Furthermore, the life 

reduction factor based on Markov Chains is, in turn, less severe than the life reduction 

factor calculated using both other methods. This indicates that the effect of adjacent tie 

condition and associated loss of support is somewhat smaller than the simpler analysis 

suggests. In fact, this may be more realistic, since the simple analysis formula shows a 

dramatic reduction in tie life associated with modest loss of tie support (21%), as compared 

to a more realistic reduction associated with both other methods.  

Despite their different degradation rates, all three methods confirmed that the loss of 

adjacent tie support contributes to the premature degradation and failure of a tie. Figure 56 

summarizes the results by showing the life reduction as a function of loss of support for all 

three methods. 
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Figure 56 : Life reduction factors using Method D, Method M, and Method A 

 

Figure 56 shows the similar life reduction behavior for the three methods, the life 

reduction equations are summarized as follows: 

¶ Method A life reduction equation:    Life Reduction = 1.444 L2 - 1.322 L + 0.993 

¶ Method D life reduction equation:    Life Reduction = 0.566 L2 - 0.869 L + 1 

¶ Method M life reduction equation:   Life Reduction =1.678 L2 - 1.429 L + 1 

An equation was developed averaging out the three methods as follows: 

 

 

The findings from this chapter are useful to the railroad industry as they can provide a basis 

for more efficient maintenance and tie replacement planning. They also serve as a first 

milestone of the research and set the ground to explore the dynamic impact of adjacent ties 
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over time. 

In the static analysis, the condition of the adjacent ties was held constant. However, this 

does not happen in the field and as such the next parts of the thesis considers the potential 

effects of changing adjacent tie support conditions over time. 
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BEAM ON  ELASTIC  FOUNDATION  USING LOCAL  TRACK  STIFFNESS 

 

The first section of this chapter focuses on the contribution of crosstie condition to the track 

stiffness as well as key concepts. The second section is the applied case of Beam on Elastic 

Foundation theory in which different local stiffnesses were considered to determine the 

distribution of a given wheel load on a group of crossties of varying conditions. Then 

finally, different examples of variable tie and support conditions were studied. A model 

was then developed using over 15,000 generated scenarios of 5 adjacent crossties (and their 

equivalent local stiffness) to represent how the load distribution changes as a function of 

local track stiffness (i.e., tie support condition). Then a  sensitivity analysis was performed 

to the determine how the load distribution is impacted by change in tie condition. 

5.1 Introduction  

When a tie starts to degrade, its mechanical properties including strength, stiffness, degrade 

as well, making it less able to support the portion of the load assigned to it. This process 

makes the train wheel load unevenly balanced as the adjacent crossties has to support more 

load than they were supposed to, and that contributes to an increasing  degradation rate. 

This suggests that degradation rates of  adjacent ties influence each other and a change in 

Chapter 5 
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distribution of load can result in a change in degradation rates for these adjacent ties, 

particularly if they have to support an additional portion of the wheel load. 

The tie condition can be reflected by its ability to support a given wheel load, and the 

associated track support or stiffness that it provides. While track stiffness is also affected 

by other track support parameters such as ballast and sub-ballast condition [83] [73], the 

combined local track stiffness, such as associated with an individual tie, is a key parameter 

in how the track supports (and distributes) railway vehicle wheel loads. So, defining a local 

track stiffness under each tie does reflect the tie condition from the point of view of loading 

support. 

This interaction between a crosstieôs condition and the load support provided to the 

adjacent crossties, and particularly the change in condition  over time, has not been 

addressed in the literature or previous research studies. This chapter represents the first part 

of a more comprehensive study, with  the goal of modeling the condition of wood crosstie, 

as represented by local track stiffness, and the change of support it provides to the adjacent 

ties. This is demonstrated using a series of applications of  Beam on Elastic Foundation 

(BOEF) theory [73] [25] considering different local track stiffnesses under adjacent 

crossties.  

In this chapter, the condition of each individual tie is associated with a local (individual 

tie) support condition, and the effect of this variation in individual tie support condition is 

examined from the point of view of how a wheel load is distributed among adjacent ties 

with different conditions.  
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5.2 Beam on Elastic Foundation Using Local Track Stiffness 

5.2.1  Model 

To model the behavior of ties of different  condition  on the track and on the corresponding  

load distribution, the beam on elastic foundation model was used with different local 

stiffness values under each tie. Thus, for each crosstie ñiò, a stiffness ki is defined as 

illustrated in Figure 57a.  

A series of homogeneous ordinary differential equations with the general solution 

determined by Equation (3) (Chapter 2) was used to formulate the track behavior illustrated 

in Figure 57a. Each ordinary differential equation is valid in a defined range with a constant 

stiffness value and has boundary and/or matching conditions (defined in the next section). 

The stiffness ki  is a representation of the Tie i ôs condition among other track parameters. 

However,  in this study, all track parameters, excluding tie condition, contributing to the 

track stiffness are assumed to remain constant. Thus, the primary cause of variations in 

stiffness is the condition of the tie itself. 
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Figure 57a: General model with equivalent stiffness under each crosstie 

 

Thus,  

¶ ki  is the stiffness under tie i (i goes from n-2 to n+2), 

¶ the distance between adjacent ties is 2*l  (and thus the zone of influence of Tie i is 

2*l ), 

¶ ύ ὼ  is the deflection defined over the range under Tie i and having a track 

stiffness of ki,   

¶ ὼ is the horizontal distance from the wheel. 

It should be noted that: 

¶ the model in  Figure 57a  only considers the center tie and 4 adjacent ties, but can 

be adapted to 6, 8, 10 or more adjacent ties. 

¶ the track stiffness is considered to be homogenous after Tie n+2 (Tie n+3, Tie 

n+4é) and before Tie n-2 (Tie n+3, Tie n+4é) because their impact on the middle 

tie is not significant. 
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For the area under Tie i (i goes from n-2 to n+2), the deflection is as follows: 

 

ύ ὼ ὅὩ  ὧέί‍ὼ ὅ Ὡ  ίὭὲ‍ὼ ὅ Ὡ  ὧέί‍ὼ 

ὅὩ  ίὭὲ‍ὼ                  (9)

Where ὅȟὅȟὅȟὥὲὨ ὅ  are constants and ‍
 ᶻ 

 

It is to be noted that ύ (x) represents the deflection on the defined range to the left of the 

wheel while ύ (x) represents the deflection on the defined range to the left of the wheel 

(see Figure 57a). 

To simplify the equations, a moving origin was used. For each deflection function wi(x), 

the axisôs origin as well as its direction are set and summarized in Table 19 as follow: 

 

Table 19: Deflection Functions moving x- axis origin   

Deflection 

function wi(x) 

Origin of the x-axis (x = 0) Positive direction of 

the x-axis 

◌▪╛● under the wheel left 

◌▪╡● under the wheel right 

◌▪ ● fixed at a distance l to the right of the wheel right 

◌▪ ● fixed at a distance l to the left of the wheel left 

◌▪ ● fixed at a distance 3*l  to the right of the wheel right 

◌▪ ● fixed at a distance 3*l  to the left of the wheel left 
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Using the moving origin, the boundary and matching conditions are hence as follow: 

 

ὰὭά
ᴼ
ύ π     (10) 

ὰὭά
ᴼ
ύ ᴂ π    (11) 

ὰὭά
ᴼ
ύ
ᴼ

π              (12) 

ὰὭά
ᴼ
ύ ᴂ π            (13) 

 

ύ ςὰ ύ π  (14) 

ύ ᴂςὰ ύ ᴂπ (15) 

ύ ᴂᴂςὰ ύ ᴂᴂπ (16) 

ύ ᴂᴂᴂςὰ ύ ᴂᴂᴂπ (17) 

 

ύ π ύ π  (18) 

ύ ᴂπ  ύ ᴂπ  (19) 

ύ ᴂᴂπ  ύ ᴂᴂπ  (20) 

ύ π ύ
ᶻ

 (21) 

ύ ὰ ύ π   (22) 

ύ ὰᴂ  ύ ᴂ(0)                 (23) 

ύ ὰᴂᴂ ύ ᴂᴂ(0)   (24) 

 

ύ ὰ   ύ π  (25) 

 

ύ ὰ ύ π   (26 ) 

ύ ὰᴂ  ύ ᴂ(0)  (27)       

ύ ὰᴂᴂ ύ ᴂᴂ(0)   (28)       

ύ ὰᴂᴂᴂ   ύ ᴂᴂᴂπ  (29)       

 

ύ ςὰ ύ π   (30)       

ύ ᴂςὰ ύ ᴂπ  (31)       

ύ ᴂᴂςὰ ύ ᴂᴂπ  (32)       

ύ ᴂᴂᴂςὰ ύ ᴂᴂᴂπ)       (33)                 

Assuming the wheel is located above Tie 3, as illustrated in Figure 57b, the deflection, 

slope, bending moment, and shear force equations are defined for each interval. 
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Figure 57b: Model with equivalent stiffness under each crosstie 

 

Thusȟύ ὼ , as defined by Equation (9), is the deflection in the defined range under Tie i 

such that i goes from 1 to 5 10 (see Figure 57b). 

From the defined boundary conditions in Equations (10), (11), (12), and (13), The 

following coefficient values were determined C13 = C14 = C53 = C54 = 0. 

For the rest of the coefficients, using the boundary and matching conditions results in a 

series of algebraic equations that allow for the determination of the solution coefficients, 

and the corresponding track behavior as a function of these local stiffnesses values (which 

as noted, are a function of the tie conditions). 

 

 

 
10 W3L(x) represents the deflection on the defined range to the left of the wheel while 

W3R(x) represents the deflection on the defined range to the right of the wheel. 
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Therefore, applying the boundary conditions between Tie i and Tie i+1  (i goes from 1 to 

4)  as well as under the wheel (under Tie 3) represented by Equations (14)  to (33)  results 

in the matrix represented by Table 21. Solving the algebraic equations in Table 21 lead to 

finding the values of C11,C12 C21,C22, C23, C24, C3L1,C3L 2, C3L 3, C3L 4, C3R1,C3R2, C3R3, C3R4, 

C41,C42, C43, C44, C51,C52.

Thus:  

¶ ύ ὼ  is the deflection in the defined range under Tie 1  

ύ ὼ ὅ Ὡ  ὧέί‍ὼ ὅ Ὡ  ίὭὲ‍ὼ ὅ Ὡ  ὧέί‍ὼ

ὅ Ὡ  ίὭὲ‍ὼ              (34) 

¶ ύ ὼ  is the deflection in the defined range under Tie 2   

ύ ὼ ὅ Ὡ  ὧέί‍ὼ ὅ Ὡ  ίὭὲ‍ὼ ὅ Ὡ  ὧέί‍ὼ

ὅ Ὡ  ίὭὲ‍ὼ             (35) 

¶ ύ ὼ is the deflection in the range defined by the left side under Tie 3  

ύ ὼ ὅ Ὡ  ὧέί‍ὼ ὅ Ὡ  ίὭὲ‍ὼ ὅ Ὡ  ὧέί‍ὼ

ὅ Ὡ  ίὭὲ‍ὼ           (36) 

¶ ύ ὼ  is the deflection in the range defined by the right side under Tie 3 

ύ ὼ ὅ Ὡ  ὧέί‍ὼ ὅ Ὡ  ίὭὲ‍ὼ ὅ Ὡ  ὧέί‍ὼ

ὅ Ὡ  ίὭὲ‍ὼ           (37) 

¶ ύ ὼ  is the deflection in the defined range under Tie 4   

ύ ὼ ὅ Ὡ  ὧέί‍ὼ ὅ Ὡ  ίὭὲ‍ὼ ὅ Ὡ  ὧέί‍ὼ

ὅ Ὡ  ίὭὲ‍ὼ             (38) 
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¶ ύ ὼ  is the deflection in the defined range under Tie 5   

ύ ὼ ὅ Ὡ  ὧέί‍ὼ ὅ Ὡ  ίὭὲ‍ὼ ὅ Ὡ  ὧέί‍ὼ

ὅ Ὡ  ίὭὲ‍ὼ            (39) 

 

From the defined boundary conditions: 

¶ ÌÉÍ
ᴼ
ύ π, 

¶ ÌÉÍ
ᴼ
ύᴂ πȟ 

¶ ÌÉÍ
ᴼ
ύ
ᴼ

πȟ 

¶ ÌÉÍ
ᴼ
ύᴂ πȟ 

The following coefficient values were determined C13 = C14 = C53 = C54 = 0. 

 

For the rest of the coefficients, applying the boundary and matching conditions results in a 

series of algebraic equations (shown below) that enable the determination of the solution 

coefficients, and the corresponding track behavior as a function of these local stiffnesses 

values (which as noted are a function of the tie conditions). 

Thus, the boundary conditions between Tie 1 and  Tie 2 are as follows: 

 

ὅ Ὡ  ὧέίςὰ‍ ὅ Ὡ  ίὭὲςὰ ‍ ὅ Ὡ  ὧέίςὰ‍

ὅ Ὡ  ίὭὲςὰ ‍  ὅ   π                       (40)  
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ὅ ‍Ὡ ίὭὲςὰ‍ ὧέίςὰ‍  ὅ ‍Ὡ ίὭὲςὰ‍

 ὧέίςὰ‍   ὅ  ‍Ὡ ίὭὲςὰ‍  ὧέίςὰ‍     ὅ  ‍Ὡ ίὭὲςὰ‍

ὧέίςὰ‍  ὅ ‍  ὅ ‍ π                (41) 

 

ὅ ‍Ὡ ίὭὲςὰ‍  ὅ ‍Ὡ ὧέίςὰ‍   ὅ ‍Ὡ ίὭὲςὰ‍  

ὅ ‍Ὡ ὧέίςὰ‍  ὅ ‍ π            (42) 

 

ὅ ‍Ὡ ὧέίςὰ‍  ίὭὲςὰ‍  ὅ ‍Ὡ ίὭὲςὰ‍

 ὧέίςὰ‍ ὅ ‍Ὡ ίὭὲςὰ‍  ὧέίςὰ‍  ὅ ‍Ὡ ίὭὲςὰ‍

 ὧέίςὰ‍ ὅ ‍  ὅ ‍ π              (43) 

 

The boundary conditions between Tie 2 and Tie 3 are as follows: 

 

ὅ Ὡ  ὧέί‍ὰ ὅ Ὡ  ίὭὲ‍ὰ ὅ Ὡ  ὧέί‍ὰ

ὅ Ὡ  ίὭὲ‍ὰ ὅ ὅ  0           (44) 

 

ὅ ‍Ὡ ίὭὲ‍ὰ ὧέί‍ὰ  ὅ ‍Ὡ ίὭὲ‍ὰ

 ὧέί‍ὰ   ὅ  ‍Ὡ ίὭὲ‍ὰ  ὧέί‍ὰ    ὅ  ‍Ὡ ίὭὲ‍ὰ

ὧέί‍ὰ  ὅ ‍  ὅ ‍   ὅ  ‍   ὅ  ‍ π                (45) 

 

ὅ ‍Ὡ ίὭὲ‍ὰ  ὅ ‍Ὡ ὧέί‍ὰ   ὅ ‍Ὡ ίὭὲ‍ὰ

ὅ ‍Ὡ ὧέί‍ὰ  ὅ ‍ ὅ ‍ π                (46) 

 

ὅ ‍Ὡ ὧέί‍ὰ  ίὭὲ‍ὰ   ὅ ‍Ὡ ίὭὲ‍ὰ  ὧέί‍ὰ

 ὅ ‍Ὡ ίὭὲ‍ὰ  ὧέί‍ὰ  ὅ ‍Ὡ ίὭὲ‍ὰ

 ὧέί‍ὰ   ὅ ‍  ὅ ‍ ὅ ‍  ὅ ‍  π             (47)  
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The boundary conditions at Tie 3 are as follows:  

ὅ ὅ ὅ ὅ π          (48) 

                

ὅ ‍  ὅ ‍   ὅ ‍  ὅ  ‍ ὅ ‍

 ὅ ‍   ὅ  ‍  ὅ  ‍ π       (49) 

 

 ὅ ‍ ὅ ‍ ὅ ‍   ὅ ‍  π     (50) 

         

 ὅ ‍   ὅ ‍  ὅ ‍  ὅ ‍   ὅ ‍   ὅ ‍

 ὅ ‍  ὅ ‍  
ᶻ

                                  (51) 

 

 

The boundary conditions between Tie 3 and  Tie 4 are as follows: 

ὅ Ὡ  ὧέί‍ὰ ὅ Ὡ  ίὭὲ‍ὰ ὅ Ὡ  ὧέί‍ὰ 

ὅ Ὡ  ίὭὲ‍ὰ ὅ ὅ  π        (52) 

 

ὅ ‍Ὡ ίὭὲ‍ὰ ὧέί‍ὰ  ὅ ‍Ὡ ίὭὲ‍ὰ

 ὧέί‍ὰ   ὅ  ‍Ὡ ίὭὲ‍ὰ  ὧέί‍ὰ    ὅ  ‍Ὡ ίὭὲ‍ὰ

ὧέί‍ὰ   ὅ ‍  ὅ ‍   ὅ  ‍  ὅ  ‍   π     (53) 

 

ὅ ‍Ὡ ίὭὲ‍ὰ ὅ ‍Ὡ ὧέί‍ὰ   ὅ ‍Ὡ ίὭὲ‍ὰ 

ὅ ‍Ὡ ὧέί‍ὰ  ὅ ‍  ὅ ‍  π          (54) 

 

ὅ ‍Ὡ ὧέί‍ὰ  ίὭὲ‍ὰ   ὅ ‍Ὡ ίὭὲ‍ὰ  ὧέί‍ὰ

 ὅ ‍Ὡ ίὭὲ‍ὰ  ὧέί‍ὰ  ὅ ‍Ὡ ίὭὲ‍ὰ

 ὧέί‍ὰ  ὅ ‍  ὅ ‍ ὅ ‍  ὅ ‍   π       (55) 

 

The boundary conditions between Tie 4 and Tie 5 are as follows: 
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ὅ Ὡ  ὧέίςὰ‍ ὅ Ὡ  ίὭὲςὰ‍ ὅ Ὡ  ὧέίςὰ‍ 

ὅ Ὡ  ίὭὲςὰ‍ ὅ π                   (56) 

 

ὅ ‍Ὡ ίὭὲςὰ‍ ὧέίςὰ‍  ὅ ‍Ὡ ίὭὲςὰ‍

 ὧέίςὰ‍   ὅ  ‍Ὡ ίὭὲςὰ‍  ὧέίςὰ‍    ὅ  ‍Ὡ ίὭὲςὰ‍

ὧέίςὰ‍  ὅ ‍  ὅ ‍  π            (57) 

 

 ὅ ‍Ὡ ίὭὲςὰ‍ ὅ ‍Ὡ ὧέίςὰ‍   ὅ ‍Ὡ ίὭὲςὰ‍ 

ὅ ‍Ὡ ὧέίςὰ‍  ὅ ‍  π         (58)  

          

 

ὅ ‍Ὡ ὧέίςὰ‍  ίὭὲςὰ‍  ὅ ‍Ὡ ίὭὲςὰ‍

 ὧέίςὰ‍ ὅ ‍Ὡ ίὭὲςὰ‍  ὧέίςὰ‍  ὅ ‍Ὡ ίὭὲςὰ‍

 ὧέίςὰ‍ ὅ ‍  ὅ ‍   π          (59) 

 

5.2.2  Solution 

The coefficients matrix represented in Table 21 expresses a system of  linear equations 

(Equations (14) to (33)) that can be solved simultaneously 11. Once they are solved, the 

solution is obtained for the values of C11,C12 C21,C22, C23, C24, C3L1,C3L 2, C3L 3, C3L 4, 

C3R1,C3R2, C3R3, C3R4, C41,C42, C43, C44, C51,C52 . The latter, in turn, can be used to find the 

 

 
11 A mathematical tool such as MATLAB  or Maple can be used to solve the system of 

linear equations. 
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track deflection using Equation (9), and thus determine the bearing force on crossties using 

Equation (8). This may then be used to evaluate how the local stiffness influences the track 

behavior and the wheel load distribution. 

 

It is important to note that this analysis is  quasi-static, i.e., it treats the dynamic load as a 

quasi-static load using the AREMA dynamic load equation as defined in the American 

Railway Engineering and Maintenance-of-Way Association (AREMA) Manual for 

Railway Engineering12 [45]. Thus, the load and track values presented in Table 20  were 

set for this analysis as follow: 

 

Table 20: Load and track values 

I (rail section: 100 RE) 49 in4 

E             30,000,000.00  lb/in² 

Tie to tie distance: a 20 in 

Dynamic Wheel Load  46,500 lb 

 

Notes:  

 

 
12 The AREMA Dynamic Wheel Load Model computes the dynamic wheel load (ὖ  

using the following formula: ὖ ὖᶻρ , where ὖ is the static wheel load( 

30,000 lb ) and V is the train speed (60 mph) and D is the wheel diameter (36 in). 
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¶ For different dynamic load values, the percent load distribution will be the same for 

the same track support modulus. 

¶ For different rail sections, with different Moment of Inertia (I) values, the percent 

of load carried by each tie can change.  

¶ Damping was not considered in this analysis. Alternate  analyses could be used  that 

include the effect of damping, such as a higher order dynamic simulation models  

or finite element models, as discussed previously. 

  



  

 

 

1
6

1 

Table 21: Coefficients Matrix
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Using the algebraic equations that resulted from the beam on elastic foundation with the 

set of values above, the coefficients Cij (i=1, 2, 3L, 3R, 4, 5, and j=1 to j=4) were computed, leading 

to a load distribution as a function of ki (i=1 to i=5).  

Several sets of results are presented in Figure 58a, representing a symmetric stiffness 

distribution with respect to the middle tie and Figure 58b, representing a nonsymmetrical 

stiffness distribution with respect to the middle tie. These results represent examples of tie 

load distribution using different values of k1 through k5.  

Note, the orange bars represent the traditional condition in which the track stiffness is 

homogenous and constant under all the ties, i.e., all ties are in a similar (relatively good) 

condition. The results (other bars) represent different combinations of local stiffnesses 

under each tie. The effect of poor tie condition (corresponding to a k value of 1000 lb/in/in) 

in shifting load to an adjacent good tie, can be clearly seen. 

 

 

Figure 58a: Load Distribution using different local stiffness values (symmetric cases) 
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From Figure 58a, it can be seen that the percent of load carried by Tie 3 (the middle tie) 

can increase from 28.7% up to 51% as the adjacent ties degrade and their equivalent local 

track stiffness decreases. This increase of 77.8% of the percent of load carried by Tie 3 

affects the degradation rate and can expedite the failure of that tie. 

 

 

Figure 58b: Load Distribution using different local stiffness values (nonsymmetric cases) 

 

Likewise, the asymmetrical cases in Figure 58b show an increase of load carried by Tie 3 

from 28.7%  (when all adjacent  ties are in good condition) up to 45.1% as the adjacent ties 

degrade and their equivalent local track stiffness decreases. This increase of 58.2% of the 

percent of load carried by Tie 3 affects its degradation rate and can expedite its failure. 

Similarly, the percent of load carried by Tie 2 can increase from 22.4 % to 31.2% 

depending on the condition of Tie 2 as well as the other ties (1,3,4,5). Note, other 
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combinations of tie condition/local stiffness can further increase the load carried by 

individual ties.  

The usage of different local track stiffness in this study allows for the representation of the 

different tie conditions and their transfer of loads to adjacent ties. By representing ties in 

different condition with different stiffness values, thus representing differing abilities to 

carry the load, it is possible to  more accurately represent the distribution of a  wheel load  

when adjacent crossties are in different conditions. This is different from the classical 

analyses in which the track stiffness is considered homogenous within a group of adjacent 

ties, omitting the effect of a tieôs condition on the overall wheel load distribution. Thus, as 

noted previously, a tie in poor condition will transfer some of the load back to its adjacent 

ties making them bear an extra load, and hence, contributing to their faster degradation. 

As can be seen in these examples, as adjacent ties (ties 1, 2, 4, and 5) deteriorate resulting 

in a reduction in the local track stiffness, the center tie (tie 3) carries more load than what 

it would under uniform tie condition (and uniform support condition). 

This is valid for any of the five adjacent ties: the change of a tieôs condition does not only 

affect the tie per se, but also impacts the distribution of load around it. Thus, there exists 

an interrelation between the five adjacent ties. The interchange of load between the ties as 

a function of their condition is a complex dynamism that is addressed in this chapter. It can 

serve as a steppingstone to determine a tieôs degradation rate based on the change of percent 

load it carries, as well as to predict the remaining average lifespan of a tie for efficient 

maintenance operations. 
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The next step in this analysis approach is  to determine if this interaction can be modeled 

in a simpler and more easily useable way. To achieve this, a set of machine learning models 

(nonlinear regressions) were applied to determine the change of percent of the carried load 

for each of the five ties and are presented in the next section. 

 

5.3  Development of a Model for Load Distribution as a Function of Local Track 

Stiffnesses 

In order to develop a more simplified model to determine the effects of changing adjacent 

stiffness on a particular crosstie, a nonlinear regression model was developed. To generate 

an adequate dataset, different local stiffness scenarios were created. As in the analyses 

presented above, five adjacent ties were considered where Tie 3 is considered to be directly 

under the applied load. The stiffness data for each of the 5 ties was randomly generated 

following a uniform distribution and using values between k = 500 lb/in/in and k = 5000 

lb/in/in; an expected range of track stiffness as determined from test data and literature 

search.15,026 scenarios were produced, and the percent of load carried by each tie was 

computed using the BOEF model solved using the matrix in Table 21.  

An example of several such different scenarios and their equivalent computed distribution 

of load is illustrated in Table 22. 
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Table 22: Example of generated stiffness and equivalent load distribution 

Stiffness  Percent of Load Carried 

k1 k2 k3 k4 k5 Tie 1 Tie 2 Tie 3 Tie 4 Tie 5 

4000 4000 4000 4000 4000 12.0% 22.4% 28.7% 22.4% 12.0% 

5000 5000 5000 5000 5000 11.6% 23.0% 30.4% 23.0% 11.6% 

1542 3063 4285 983 2834 7.5% 23.5% 40.3% 7.8% 13.8% 

3802 4864 2054 4796 1484 12.1% 29.6% 16.6% 32.3% 6.3% 

1619 4841 908 2944 2056 7.9% 39.4% 9.4% 25.7% 11.3% 

1498 4491 2220 2143 1259 7.1% 35.6% 22.9% 19.7% 8.1% 

2776 2195 4504 853 4025 12.2% 16.2% 41.1% 6.3% 17.3% 

1024 2707 3963 2324 3063 5.8% 21.9% 36.7% 16.9% 12.7% 

4945 3247 4362 3609 4866 14.5% 18.1% 31.2% 19.9% 14.0% 

1349 4979 4742 4769 4341 4.8% 27.5% 31.5% 23.6% 10.9% 

é é é é é é é é é é 

812 4204 4945 3065 4296 3.6% 26.8% 36.8% 17.3% 12.8% 

2498 3025 3967 4939 3725 9.7% 19.1% 29.8% 27.5% 10.7% 

 

 

The generated dataset was then randomly divided into a training set (80% of the data 

points) and a testing set (20% of the data points: about 3,000 data points). The training set 

was used to build the model, while the testing set was only for  the model validation. The 

objective of this analysis was to develop  a simplified and accurate model that determines 

the relationship between local stiffness and load distribution based on the results from the 

Beam on Elastic Foundation analysis. Using the generated data and their equivalent load 

distribution (based on the results from the Beam on Elastic Foundation model formulation), 
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the model was built as follows: 

 

ὒ  ὪὯȟὯȟὯȟὯȟὯ         (60) 

Where : 

¶ Li: is the percent of load carried by Tie i, such that i goes from 1 to 5 

¶ fi: is the function to be determined by the model, 

¶ k1,k2,k3,k4,k5:local stiffness under Tie 1, Tie 2, Tie 3, Tie 4, and Tie 5 respectively. 

 

Noting the non-linear (exponential) nature of the BOEF analysis and the nonlinear 

relationship between different values of local stiffness values, a non-linear (logarithmic) 

model was introduced as follows: 
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В ᶻ

                (61) 

 

where: ὥ  are the regression coefficients and ὦis the regression intercept (function fi).  

 

The functions f1, f2, f3, f4, and f5 and the corresponding values of coefficients aij and bi 

were determined and are summarized in Table 23. 
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Table 23: Summary of coefficients aij and bi 

aij  

bi i           j 1 2 3 4 5 

1 -38.35 17.56 12.55 4.64 0.28 2.88 

2 9.01 -45.13 12.51 6.27 1.98 4.95 

3 4.18 8.64 -45.51 8.58 4.18 5.74 

4 1.98 6.38 12.42 -45.25 8.98 4.96 

5 0.41 4.79 12.52 17.3 -38.57 2.91 

 

 

From Table 23, it can be observed that there is symmetry in the coefficients. For example, 

for L3 (i=3): a31= a35, and a32  a34 which indicates that ties located within a similar distance 

on each side are given a similar weight. That is consistent with the tiesô behavior on track. 

 

The functions f1, f2, f3, f4, and f5 can be summarized as follows: 
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ὒ ὪὯȟὯȟὯȟὯȟὯ
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To measure the modelsô goodness of fit, the coefficients of determination (R2 ), the Mean 

Squared Error (MSE), Mean Absolute Error (MAE),  and the a20 index, and the variance 

account for (VAF) values for each of f1, f2, f3, f4, and f5 (for the testing set) were computed 

and are summarized in Table 24: 

 

Table 24: Models Summary 

  f1 f2 f3 f4 f5 

R2 0.962 0.981 0.988 0.981 0.959 

MSE 0.795 1.120 0.993 1.112 0.814 

MAE  0.584 0.707 0.694 0.703 0.593 

a20 index 0.993 0.999 0.999 0.997 0.992 

VAF (%)  95.523 97.964 98.880 98.107 95.603 

 

 

Table 24 shows that the five different regression models have values of R2  between 0.959 

and 0.988, VAF results between 95.523%, and 98.880%,  MSE values between 0.79 and 

1.12, and MAE values between 0.58 and 0.70. Note that the output of each model is percent 

of wheel load.  
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As can be seen in Table 24, the a20 index is between 0.992 and 0.999 for all the models, 

indicating a ñgoodò prediction of the percent of load carried by each tie with a deviation 

lower than 20% from the BOEF values.  

In addition, scatter plots of the model predictions as compared to the calculated values from 

the BOEF model for each of f1, f2, f3, f4, and f5 are presented in Figure 59. 

 

 

Figure 59: Model Predictions against BOEF values for L1, L2, L3, L4, and L5 

 

Figure 59  indicates that the predictions are close to the calculated values from the BOEF 

model and scatter plots follow a clearly linear trend. While there are clearly some errors, 

the models appear accurate and relatively easy to apply. 

Table 24 and Figure 59 demonstrate that the models f1, f2, f3, f4, and f5  can be used to 

determine the distribution of wheel load as a function of local track stiffnesses. 
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5.3.1  Sensitivity of the Percent of Load Carried to the Condition of the Adjacent 

Ties  

 

A sensitivity analysis was performed in order to illustrate an example of load transfer 

between adjacent ties as a function of their conditions. The value of k1, k5, and k3were fixed 

to (k1=k3=k5 ) 5000 lb/in/in representing a tie in good condition while the values of k2, k4 

(k2=k4) were gradually decreased from 5000 lb/in/in to 1500 lb/in/ representing tie 

degradation. Then, f1, f2, f3, f4, and f5 were applied to compute the percent of load carried by 

all 5 ties. The results are summarized in Figure 60.  

 

 

Figure 60: Sensitivity of Load Carried by Ties 
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Figure 60  shows the percent of load carried  by Tie 3 sensitivity to the adjacent stiffnesses 

(i.e., adjacent ties condition). As Tie 2 and Tie 4 degrade (stiffness values k2=k4 decrease), 

the unsupported load by Tie 2 and Tie 4 is picked up by Tie 3, Tie 1, and Tie 5. For a value 

of k2=k4 =  1500 lb/in/in the percent of load carried by the middle tie increases from 30% 

to about 42% and the that carried by Tie 1 and Tie 3 increases from 12% to about 18.5 % 

while Tie 2 and Tie 4 (in failed conditions) carry only about 11% of the load. 

 

5.4 Summary and Conclusions 

The objective of this chapter was to assess the effect of crosstie condition on the overall 

load distribution over a group of adjacent ties. Crosstie condition contributes to the 

distribution of wheel loads and the effect of their condition on this load distribution is an 

area of concern, particularly as it affects the relative life of the ties in track. When adjacent 

crossties have different conditions (due to their different degradation rates and maintenance 

operations), the load distribution  becomes imbalanced and therefore some of the adjacent 

ties can bear more load than normally expected, which accelerates their degradation. 

Using local support stiffness as a representation of crosstie condition and a corresponding 

application of Beam on Elastic Foundation (BOEF) theory, the study presented in this 

chapter demonstrates the impact of crosstie condition on the wheel load distribution. 

First, the BOEF model of track was applied incorporating different local stiffnesses under 

each crosstie. It is noted that while local track stiffness is a representation of different 

parameters, in the one focused on here-in, the tie condition has been found to be a crucial 
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factor in defining this local track stiffness. Thus, the more degraded the tie, the lower the 

track stiffness. Then, the common boundary conditions between the stiffness ranges were 

defined resulting in a series of simultaneous equations. The latter were solved to find the 

coefficients and then compute the percent of load as a function of local track stiffness.  

The results present the crosstie load distribution directly;  when any of a group of adjacent 

ties (five in this study)  degrade, reducing the local track stiffness, the load distribution 

around it is impacted. For instance, supposing that a center tie in good condition is 

surrounded by four deteriorated ties, the center tie bears more load than expected, as it 

picks up the unsupported load from the adjacent ties.  

As tie conditions change and vary, the transmission of load between nearby ties becomes 

more significant. Through the change in local track stiffness that reflects a tie's condition, 

the results allow for the determination of load distribution of any combination of tie 

condition scenarios. 

Because of the complexity associated with this localized BOEF model, a simplified and 

easier to apply model was then developed. Using more than 15,000 different adjacent tie 

stiffness scenarios with different local tie stiffnesses (i.e., different tie and support 

conditions), a non-linear regression model was developed. This model was used to 

determine the load Li on Tie i as a function of the local stiffnesses ὯȟὯȟὯȟὯȟÁÎÄ Ὧ,  

following the format of: 

ὒ ὪὯȟὯȟὯȟὯȟὯ  Ὡ
В ᶻ
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 The coefficients were determined for each of the 5 tie clusters and tested with an R2 of 

between 0.96 and 0.98 for each of the functions  Ὢ ȟὪȟὪȟὪȟὥὲὨ Ὢ. This R2, the 

associated MSE, and a20 index values (between 0.992 and 0.999) suggest that this 

simplified model is a good estimation of the more accurate BOEF load distribution. Thus, 

the results of this chapter can be used quantify the effect of nonhomogeneous local stiffness 

(due to the different crosstie conditions) on  wheel load distribution without having to 

define boundary conditions or perform the more complex BOEF analysis as discussed in 

this chapter. 

The findings of this chapter allow for the  modeling of the transfer of load between adjacent 

ties based on their condition. This important mechanism has many practical applications,  

as it can serve as a basis for tie life analysis, analysis of the distribution of load between 

the tie and the ballast, and other  railroad track load distribution (and degradation) modeling 

involving crosstie condition. Since the load addition due to failing adjacent ties accelerate 

a tieôs degradation, the results can be used to more accurately estimate the degradation rate 

of a tie as well as the remaining tie life ( as a function of different life impacting parameters 

such as weather, tonnage, curvatureé). 
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USING MACHINE LEARNING TO QUANTIFY THE UNBALANCE LOAD 

DISTRIBUTIONôS EFFECT ON WOOD CROSSTIESô DEGRADATION  

 

This chapter applies a combination of machine learning tools, and railroad engineering 

analysis to analyze the degradation behavior of ties on a track based on the adjacent support 

condition. Specifically, this chapter uses the automated tie inspection data as an input to 

the Beam on Elastic Foundation (BOEF) theory to quantify the unbalanced load 

distributionôs effect on crosstiesô degradation. The focus is on the application of 

unsupervised machine learning in addition to leveraging interpretable machine learning 

techniques to determine how the adjacent ties impact a center tie. 

6.1 Introduction  

When the different  parameters affecting the tie life are constants on a track, the condition 

of adjacent ties, and any associated extra load a tie has to support comes into  play in 

determining the crossties lifespan [39] [86]. The change in tie condition affects the load 

transfer between neighboring ties. As ties degrade over time, the load transfer is also 

affected. The chapterôs objective is to quantify this mechanism using machine learning and 

actual tie inspection data. As explained in the previous chapter, the BOEF model of track 

Chapter 6 
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was used to determine and quantify this imbalance of load distribution based on the tie 

condition data collected by automated inspection cars. Unsupervised and supervised 

machine learning algorithms were then applied to determine the impact of adjacent ties 

condition on the prediction of a future tieôs condition. The quantification of the unbalanced 

load distributionôs effect on the degradation rate was done by leveraging interpretable 

machine learning tools. 

6.1.1 Tie Condition and Load Transfer  

As stated in Chapter 5, the relationship between the distribution of an applied wheel load 

and local track stiffnesses (which is a representation of the tiesô condition) is defined using 

the Beam on Elastic Foundation (BOEF) model of track. Thus, by using BOEF, the 

percentage of the wheel load carried by each tie, in a five-tie cluster, was determined based 

on their condition (as assigned by the automated inspection vehicle). 

6.1.2 Analysis Steps 

As the tie inspection data was clean and prepared for different analyses, the new generation 

Beam-On-Elastic-Foundation (BOEF) track model with variable stiffness was applied to 

determine the percent of load distribution around each group  of 5 adjacent ties. Then, the 

Principal Component (PC) was applied, to finally use the resulting dataset as an input to 

the K-means Clustering. Finally, the feature importance analysis was applied to each 

resulting cluster. The steps are simplified and shown in Figure 61.
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Figure 61: Overall Analysis Steps 

 

As a considerable portion of this analysis, unsupervised machine learning tools were 

applied to the data set in two main different steps. The first step consisted of dimensional 

reduction using Principal Component Analysis. This is represented in Figure 62, where for 

each crosstie, the percentage of load carried (as a result of the calculated load distribution) 

in each of the first three inspection years was used to compute the First Principal 

component (PC).   

 

 

Figure 62: Steps for Principal Component Analysis 

Data: condition of ties (from automated inspections)

BEOF: using tie condition to determine load distribution 
(over 3 years)

PC Analysis to simplify the dataset based on the load 
distribution (over 3 years)

K-means Clustering: to group data based on the 5 principal 
components (PC representing 5 adjacent ties)

Feature Importance Analysis
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As a second step, using five features representing the first principal components of the 

five adjacent ties, K-means algorithm was applied as shown in Figure 63 to cluster the 

dataset into 3 different clusters: Cluster 0, Cluster 1, and Cluster 2. 

 

 

 

Figure 63: K-means Steps 

 

Finally, the feature importance analysis was performed on each of the three resulting 

clusters to determine the importance of each of the five variables (Tie 1 PC, Tie 2 PC, Tie 

3 PC, Tie 4 PC, Tie 5 PC) on the prediction of the future tie condition as well as its 

degradation rate as shown in Figure 64. 
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Figure 64: PCA Steps 

6.2 Application of PCA  

As stated in Chapter 2, PCA is a linear transformation, and works better with linearly 

correlated datasets. When there is no tie replacement (which applies to the refined and 

preprocessed dataset used in this analysis), in Chapter 3 (EDA), the condition of a tie at a 

particular year showed a significant positive linear relationship with its condition in the 

subsequent year. 

Because the aim is to quantify the unbalanced load distributionôs effect on the degradation, 

the tie condition dataset will be used to apply the Beam on Elastic Foundation model to 

determine the percentage of load carried by each tie as a function of its condition. Figure 

65 below is a screenshot of the dataset used to generate the correlations matrices before 

(upper) and after (lower) applying the Beam on Elastic Foundation model. 
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Figure 65: Example of the dataset before and after applying the Beam on Elastic 

Foundation 

 

 

After applying the new generation Beam on Elastic Foundation developed in Chapter 5, to 

computed the load distribution as a function of tie condition (Figure 65), The Pearson 

correlation coefficient was used to build the correlation matrix illustrated in Figure 66. 

In the figure and the dataset example in Figure 65, 8L n_Y: represents the percent of load 

carried by Tie n in year Y such that n goes from 1 to 5 (a group of 5 adjacent ties) and the 

years Y depicts the 3 first years of inspection: 2016 (year 1), 2017 (year 2), and 2019 (year 

3). For example, L3_2017 is the  load carried by  tie 3 in 2017 (or year 2). 
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Figure 66: Correlation plot of percent of load carried 

 

Figure 66 represents a correlation plot of tie conditions over 3 years for groups of five 

adjacent ties. After applying the Beam on Elastic Foundation, the linear correlation is still 

kept. It can be noticed from the correlation plot that each the percentage of load  has a high 

positive correlation with the percentage of load carried by the same tie  in the subsequent 

year. Note that in Figure 66, for variable (representing the percent of load carried by the 

tie) there is a negative correlation with the percent of load carried by the adjacent ties, and 

that is a result of the BOEF. 

 Hence, the load carried in year 1, year 2, and year 3 for each tie can be used as an input 

the PCA. In other words, because the Principal Component Analysis (PCA) works better 
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with linearly correlated datasets, the highly correlated variables will be used to generate a 

principal component that will be used for further analysis. 

The ultimate goal  behind the use of PCA is not only to reduce the dimension of the dataset 

from 15 dimensions to 5 as illustrated in Figure 67, but also doing it in a way that captures 

the change in load in 3 years of data and use if for future analysis. 

 

 

 

Figure 67: Dimensional Reduction using Principal Component Analysis (PCA) 

 

Figure 67 shows the resulting structure after the application of PCA. To the left, there are 

15 variables representing the percent of load carried by each of the 5 adjacent ties within 

three years. After the application of PCA, the new dataset consists of 5 variables; each 

representing the first principal component  (PC) combining the 3 years of load distribution 

as follows:  

Note that the principal component loadings represent the elements of the eigenvector. 
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0# 4ÉÅ ρ  Ã  z,ρͅςπρφͅÃ Ã ,zρͅςπρχͅÃ  Ã  z,ρͅςπρῳÃ 
0# 4ÉÅ ς  Ã  z,ςͅςπρφͅÃ Ã ,zςͅςπρχͅÃ  Ã  z,ςͅςπρῳÃ 
0# 4ÉÅ σ  Ã  z,σͅςπρφͅÃ Ã ,zσͅςπρχͅÃ  Ã  z,σͅςπρῳÃ 
0# 4ÉÅ τ  Ã  z,τͅςπρφͅÃ Ã ,zτͅςπρχͅÃ  Ã  z,τͅςπρῳÃ 
0# 4ÉÅ υ  Ã  z,υͅςπρφͅÃ Ã ,zυͅςπρχͅÃ  Ã  z,υͅςπρῳÃ 

 

Where: ÃȟÃ ȟÃ,é., ÃȟÃȟÃ  are principal component loadings or weights 

(correlation coefficient between original variables and the principal component), and 

,ρͅςπρφͅÃ, ,ρͅςπρχͅÃ, ,ρͅςπρῳÃ, ,ςͅςπρφͅÃ,é, ,υͅςπρχͅÃȟ,υͅςπρῳÃ  are the mean 

centered variables L1_2016, L1_2017, L1_2019, L2_2016,é, L5_2017, L5_2019. 

The first PC represents the change  percent of load carried by a tie within the 3 studied 

years as illustrated in Figure 68. 

 

 

 

 

 

Figure 68: Representation of load distribution for each with the equivalent first Principal 

Components 

 

Figure 68 illustrate the five adjacent ties under the wheel as well as what each first principal 

component represents.  

PC Tie 1 = Change in percent of load carried by Tie 1 between year 1 and year 3  

PC Tie 2 = Change in percent of load carried by Tie 2 between year 1 and year 3 

PC Tie 3 = Change in percent of load carried by Tie 3 between year 1 and year 3 

PC Tie 4 = Change in percent of load carried by Tie 4 between year 1 and year 3 

PC Tie 5 = Change in percent of load carried by Tie 5 between year 1 and year 3 
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6.3 Results 

After applying the PCA following the steps explained in Chapter 2, the dimensionality of 

the dataset was reduced from 15 to 5. The principal component loadings or weights for 

each variable and each of the three principal components is summarized in Figure 69. 

 

 

Figure 69: PCA Loadings 

 

Note that the squared loadings within the PCs always sums to 1. The loadings summarized 

in Figure 69 allowed for the projection onto the new coordinate system. PCA  assumes that 

the high-variance dimensions are more important, so it is important to determine the 

variance explained by each PC for each of the five ties ( as illustrated in Figure 68).  Table 
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25 below summarizes the ratio of explained variance for the three principal components 

for each of Tie 1, Tie 2, Tie 3, Tie 4, and Tie 5 datasets. 

 

Table 25: Explained Variance Ratio 

 
PC1 PC2 PC3 

Tie 1 89.19% 7.66% 3.16% 

Tie 2 89.00% 7.82% 3.17% 

Tie 3 88.88% 7.95% 3.17% 

Tie 4 88.22% 9.00% 2.78% 

Tie 5 88.40% 8.96% 2.64% 

 

From Table 25, between 88% and 90% of the variance was explained by the first principal 

component for all of the five ties. This proportion of the variance is significant and allows 

to represent the variables in a meaningful way. In other words, the first PC is a key 

representation of the change of load distribution over the three-year period. Therefore, the 

first principal component will be used hereinafter for further steps of this study. Following 

the steps explained in Figure 63, K means clustering will be applied on the resulting first 

principal components. 

6.4 K-means Clustering 

6.4.1 Optimal Number of Cluster Using the Elbow Method 

To apply K-means, the initial optimal number of clusters had to be determined. To do so, 

the Elbow method was used because of its simplicity, and effectiveness. It can also be a 

way to evaluate the clustering performance in general [217]. The Elbow method consists 
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of running K-means over different values of K (number of clusters) to determine algorithm 

to determine the optimal number of K with regards to the distortion [217]. It utilizes a 

distortion score which is the Sum of Square Error (SSE) as an indicator of the clustering 

performance, such that the elbow along the distortion graph represents the optimal number 

of clusters K [218]. 

After choosing a range value of K (in this  study K=1, to K=9), K-means clustering was 

applied for each K value distinctively and the final distortion score was computed. In fact, 

for each value of K, an average distortion score for all clusters was computed. Note that 

the distortion score is the sum of square distances from each point to its assigned centroid. 

Figure 70 summarizes the results of this iteration. 

 

 

Figure 70: Distortion Score for different K values - the Elbow method 

 

In Figure 70, the x-axis represents different K values such that K goes from 1 to 9, while 

the y-axis represents their equivalent distortion score (in blue). The optimal number of 

clusters, represented by the Elbow point in the graph in Figure 70  is 3. Hence, the dataset 

will be clustered into 3 different clusters using K-means.  
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6.4.2 K-means Resulting Clusters 

After determining the optimal number of clusters (K=3), K-means was applied to the  

dataset composed of principal components following the steps represented in the flowchart 

in Figure 63. To better visualize the results, a scatter plot of Tie 2 PC vs Tie 3 PC was 

plotted in is presented in Figure 71. 

 

 

Figure 71: K-means Clustering Results-Scatter plot of Tie 2 PC vs Tie 3 PC 

 

The scatterplot in Figure 71 enables to visualize the results of the K-means clustering with 

three distinct, clear, and well-defined clusters. The algorithm's effectiveness in identifying 

similar data points within each cluster is evident, as the boundaries stand out.  

Interpreting the meaning of clusters is a fundamental step to leverage the interpretable 

machine learning framework. The clustering was performed on a dimensionally-reduced 
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(5 variables) dataset resulting from the PCA in which each of the five variables represents 

the change in percent of load carried by a tie between year 1 and year 3 (Figure 68).  In 

fact, the datapoints are clustered based on the change in load distribution over five adjacent 

ties within the three studied years. In simpler terms, the three clusters correspond to distinct 

categories of support conditions. Identifying each clusterôs characteristics would allow us 

to understand its distinctive behaviors and patterns. To achieve that, analytical tools were 

used to analyze and compare the three clusters and the results are presented and 

summarized in the following section. 

6.4.3 Clusters Analysis 

Upon completing the K-means analysis, the data was grouped into separate clusters, each 

with its own unique characteristics. Taking a closer look at how data points are distributed 

within each cluster provides valuable insights into the behavior of each cluster.  

For each of these three clusters, the change in the center tie (Tie 3 which is directly under 

the wheel) condition between year 1 and year 4 is computed. Noting that the higher the tie 

condition, the more deteriorated the tie is; the change in tie condition is computed as the 

difference between year 4 and year 1 of the center tie. Figure 72 shows histograms of 

change in tie conditions for ties belonging to each of the three cluster. Note, Figure 72a 

represents the actual count and Figure 72b represents the relative percentage.   
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Figure 72a: Histogram (Count) of change in tie condition for each cluster 

 

 

Figure 72b: Histogram (relative percentage) of change in tie condition for each cluster 
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By looking at the distributions in Figure 72b, there is a higher percentage of ties having a 

severe change in tie condition in Cluster 2 (high degradation rate), followed by Cluster 1 

with a medium change in tie condition (degradation rate), and finally Cluster 0 with  lowest 

change in tie condition.   

To determine the importance of each of the load distribution around the five adjacent ties 

in predicting the future tie condition (year 4), the featuresô importance scores were 

computed for the five adjacent ties principal components and are presented in the next 

section. 

6.5 Feature Importance Analysis  

After analyzing the three clusters and determining which clusters have higher degradation 

rates, ascertaining the importance of features in forecasting degradation rates and future tie 

conditions is the next step. This evaluation will be conducted independently for each 

cluster, within the framework of interpretable machine learning as illustrated in Figure 64 

and explained in Chapter 2. The aim is to understand which features exert the most 

important influence on predicting future tie conditions for each specific cluster (i.e., based 

on support condition . This analysis will enhance the understanding of the driving factors 

behind future tie conditions forecasts as well as mechanical degradation behaviors. 

The feature importance analysis was applied using the XGBoost algorithm [219] [220] to 

all three different clusters separately using the five resulting features from the PCA: Tie 1 

PC, Tie 2 PC, Tie 3 PC, Tie 4 PC, Tie 5 PC.   
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The feature importance was conducted with respect to the prediction of the center tie (Tie 

3, see Figure 68)ô s future condition (which also represents implicitly the degradation rate). 

The results are summarized and presented in  Figure 73.  

In Figure 73, the x-axis represents the feature importance score in predicting the central tie 

condition (or degradation rate) while the y-axis represents the five features (resulting from 

the PCA). 

 

 

Figure 73: Feature Importance in predicting future tie condition 
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Figure 73 shows that for Cluster 0 (lowest degradation rate), all of the five adjacent ties 

contribute to the prediction in a balanced way. For Cluster 1, the center tie contributes to 

about 55% in the prediction, followed by ties 2, and 4, and finally ties 1 and 3. For Cluster  

2, (highest degradation rate) the center tie is the major contributor to the prediction (over 

70%) while the rest of the ties contribute by less than 10%. 

It can be concluded that the percent of load carried by the four adjacent ties in addition to 

the center tie all contribute to the prediction of a future tieôs condition in different ways: 

for ties with higher degradation rates, the load carried by center tie seems to be the major 

factor in its future condition, while for ties with lower degradation rates, all of the adjacent 

ties are equally important to determine the future condition of the center tie.  This suggests 

that when a tie is in good or marginal condition, the additional load it has to carry because 

of a failed adjacent tie has a significant effect on its rate of degradation. However, as the 

tie begins to fail, the influence of failed adjacent ties become less critical. 

 

6.6 Summary and Conclusions 

Using tie inspection data in addition to unsupervised (PCA and K-Means analysis) and 

supervised interpretable (feature importance in prediction) machine learning, the effect of 

unbalanced load distribution on the prediction of a future tie condition was quantified. The 

steps of the study can be summarized as follows:  
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Several observation and conclusions can be drawn from the from the studies and empirical 

findings regarding tie degradation within the different clusters:  

 

¶ Cluster-Dependent Contribution to Prediction: 

 The analysis reveals patterns in the predictive factors for tie degradation within the three 

distinct clusters confirming that the K-means lead to a good clustering. Notably, for Cluster 

0, characterized by the lowest degradation rate, a balance among all five adjacent ties 

significantly influences prediction outcomes. However, for Cluster 1, the central tie has a 

dominant contribution to the predictive model, followed by Tie 2 and Tie 4 (which are 

directly adjacent, see Figure 68), and then by Tie 1 and Tie 3. On the other hand, Cluster 

The features importance in determining the tie condition in the 4th year was 
computed for each cluster 

Low degradation rate: the load carried by 
the five adjacent ties contributes to the 
prediction

High degradation rate, the load carried 
by the center tie is the major contributor 
to the prediction

Using the resulting PCs (five adjacent ties), K-means algorithm was applied to 
cluster the dataset into 3 different clusters.

Percentage of load carried in each of the first inspection years was used to compute 
the First Principal Component (PC). 

The BOEF was used to compute the load distribution as a function of tie condition
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2, associated with the highest degradation rate, shows a different pattern, wherein the 

central tie is the primary driver for predictions while the remaining ties have more modest 

contributions.  

These results not only align with the mechanical degradation: the more load carried, the 

faster the degradation, but also confirm that the adjacent tie conditions impact the 

degradation rate of a center tie as demonstrated in the static study in Chapter 4. 

 

¶ The Impact of load distribution over time:  

The use of PCA enabled the capture of the change of load distribution over the study period, 

i.e., the dynamic load transfer that occurred as a function of tie condition. In other words, 

instead of considering a static load distribution (Chapter 4), the change in tie condition and 

change in load distribution over time (3 years study period) was considered in the analysis 

by leveraging the unsupervised machine learning tools through PCA. The study showed 

that load distribution over time among a group of adjacent ties (which also represents the 

load transfer between adjacent ties), due to the change of their respective conditions, is a 

critical factor for predicting the degradation rate and future condition of the center tie. This 

dynamic load transfer impacts tie degradation in different ways. When ties show a severe 

degradation rate, the load carried by the central tie predominantly dictates its future 

condition. This implies that the adjacent ties are not carrying their assigned portions of load 

due to their deteriorated conditions, making the center tie carry an additional portion of 

load. However, when ties show milder degradation rates, the load carried by the adjacent 

ties also impact the center tieôs future condition. This suggests that the adjacent ties are 
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effectively carrying their assigned portions of load (or a large part of it) due to their 

relatively good conditions. As a result, the central tie is spared from bearing any additional 

load which result in a fair and mild degradation rate. 

 

¶ The change of adjacent ties impact over time:  

From the analysis, it can be inferred that the impact of adjacent ties not only depends on 

the tieôs condition per se, but also changes over time: 

o When a tie is in relatively good condition, having degraded adjacent ties can  

have a strong impact on its degradation. A well-functioning tie experiences 

a faster degradation rate when it has to bear the extra load that the failed 

adjacent ties can no longer support. This is because the additional load 

placed on it due to the failure of its neighboring ties leads to increased stress 

and wear. 

o As the tie itself begins to fail, the failed adjacent ties have less of an effect 

on its degradation. This could be due to the fact that once a tie is failing, its 

ability to support load is compromised. Therefore, it can no longer carry the 

additional load transferred from the adjacent ties. In fact, the tie may 

transfer its own assigned portion of load to its adjacent ties which slows 

down its degradation. 

o This phenomenon suggests an S-shaped graph degradation trend:  the 

degradation rate tends to be fast in early tie life, and slows down as the tie 

degrades over time. 
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In conclusion, the chapter findings revealed tie degradation trends with respect to how 

adjacent ties affect this process and how their role changes as ties go through various levels 

of deterioration. These insights not only serve as a strong confirmation of the mathematical 

formulation of this thesis, and serve as a basis for further analysis,  but also can have 

practical uses in planning smart maintenance strategies. 
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MATHEMATICAL FORMULATION  

 

Chapter 7 presents a mathematical formulation that was developed, within the theory-

guided-machine learning framework, to model the behavior of ties as a function of time. A  

theory guided machine learning model architecture was developed accordingly and is 

presented in addition to a simplistic model  to illustrate the flow of data though the network. 

The presented  formulation is considered a basis for building the theory guided neural 

networks presented in this thesis.  

7.1 Mathematical Formulation  

To take into account the dynamic change of tie condition over time and how this change 

affects the degradation rates of adjacent ties (and vice versa) using both data, a 

mathematical formulation was developed. The aim behind the  formulation  is to depict 

how changes in ties condition over time affect the degradation rates of nearby ties and 

incorporate it with data to present the tie degradation behavior. A summary of the 

Mathematical formulation is presented in this section. 

Chapter 7 
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7.1.1 Variables Used 

Table 26 summarizes the variables used to model the tie degradation process while Figure 

57 illustrates the 5 ties (tie i-2, tie i-1, tie i, tie i+1, tie i+2)  used in this model. 

 

Table 26: Variables used and their descriptions 

 

7.1.2 Tie Condition and Local Stiffness 

Following up on the common boundary conditions described in Chapter 5, the constructed 

model should take into consideration the different parameters that influence the local 

stiffnesses: k1, k2, k3, k4, and k5. Track stiffness is a lump parameter that is the result of 

combination of stiffnesses of the different elements of the track under the rail including tie 

condition. To determine the relationship between track stiffness and tie condition as given 

by the automated inspection cars, the tie stiffness needs to be accounted for.  

The local stiffness (as represented in Figure 57) is a function of the tie condition score 

among other parameters. The more deteriorated a tie is, the lower its stiffness:  

X i,j  condition of Tie i at time j 

ȹt  time interval between j and j+1 (1 year in this study) 

k i,j  stiffnesses under Tie i at time j  

Ἐἱȟἲ percent of load carried by Tie i at time j (as defined by the Beam on Elastic 

Foundation) 

Ἲἱȟἲ  mechanical degradation rate of Tie i  at time j 

▄ἱȟἲ environmental degradation rate of Tie i at time j 

▀ἱȟἲ  degradation rate of Tie i at time j 
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ki,j = f1(X i,j)  

where  Xi,j is the tie condition score of Tie i at time j, and ki,j is a function of Xi,j  (in 

addition to other parameters including soil, ballast...) 

7.1.3 Degradation Factors 

A tieôs degradation is due to several factors [221]. To model the degradation rate (Äȟ), 

these factors have been classified into two main components:  

¶ The environmental component Åȟ, which  is a function of different parameters 

among which the weather exposure, moisture content, grains, wood density [222]. 

¶ The mechanical component Òȟ that is due to the stresses imposed by the loading 

on the tie [223]. 

 As such:  Äȟ ÆÅȟ ȟÒȟ    

7.1.3.1 Environmental Degradation Rate Ἥἱȟἲ 

The environmental degradation rate   Åȟ  is assumed to be constant over the studied period 

of time. The assumption is used because: 

¶ the environmental impact for the study time period is small and can be assumed to 

be constant for this time period. 

¶ the tie condition data was collected from the same track  similar weather 

conditions).  

¶ the scope of this research focuses on the impact of adjacent ties on the 

mechanical degradation of a tie. 
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Hereinafter, the degradation rate is:  

Äȟ  Òȟ  

7.1.3.2 Mechanical Degradation Rate Ἲἱȟἲ 

The percent of load carried by a tie is a function of the stiffness and hence, is a function of 

the tie condition in addition to that of its adjacent ones. Li,j represents the percent of load 

carried by tie i at time j as defined by the beam on elastic foundation such that: 

,ȟ ÆË ȟȟË ȟȟËȟȟË ȟȟË ȟ  

Where f2 represents the load distribution following the Beam on Elastic Foundation for 

different ki,j values. 

,ȟ Æ Æ8 ȟ ȟÆ8 ȟ ȟÆ8ȟ ȟÆ8 ȟ  ȟÆ8 ȟ  

 

The mechanical degradation rate for tie i at time j is a function of the mechanical 

degradation rate of tie i at time j-1 as well as the change of load between j and j-1: 

Òȟ Æ  Òȟ ȟ,ȟ   ,ȟ  

Òȟ

Æ Òȟ ȟÆ Æ8 ȟȟÆ8 ȟȟÆ8ȟȟÆ8 ȟ ȟÆ8 ȟ

Æ Æ8 ȟ ȟÆ8 ȟἲ ȟÆ8ȟἲ ȟÆ8 ȟἲ  ȟÆ8 ȟἲ  

 

Note that the change in degradation rate: 
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o is negative when the percent of load carried decreases between j-1 and j: 

,ȟ ,ȟ  

o is positive when the percent of load carried increases between j-1 and j:  

,ȟ ,ȟ  

o is 0 when the percent of load carried is constant over the period j-1 to j: 

,ȟ ,ȟ . 

 

7.1.4 Tie Condition Over Time 

For a small-time interval (ȹt = 1 year), the tie condition Score 8ȟ can be assumed to be a 

linear function of the degradation rate, i.e., the tie condition function at time j for Tie i is:   

   8ȟ 8ȟ Òȟ ɝzÔ  

In general:         8ȟ 8ȟ В Òȟ ɝzÔ 

 

As such, following up on formulation and the assumptions that the tie condition is linear 

as a function of the degradation rate, and that the degradation rate is assumed to be constant 

in ɝÔ=1 year. An illustration (not to scale) of the assumed degradation behavior is presented 

in Figure 74 where the top plot is the tie condition over time and the bottom one represents 

the degradation rate over time. 
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Figure 74: Illustration of degradation behavior 

 

Figure 74 illustrates the degradation assumptions: slow initial degradation (the tie is in 

good condition), followed by a steep degradation rate increase in the mid tie life, and then 

a gradual decrease in the degradation rate. 

A summary of the mathematical formulation of the problem is presented in Table 27.
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Table 27: Mathematical Formulation Summary  

Variable Definition  Expression Assumptions 

X i,j  tie condition 

score of Tie i at 

time j 

8ȟ 8ȟ Òȟ ɝzÔ For each small-time interval 

ȹt, the tie condition is linear 

ȹt  time interval  ȹtj= tj+1-tj = tj-tj-1   ȹtj = ȹt = constant = 1 year 

k i,j 

stiffnesses under 

Tie i at time j as a 

function of the tie 

condition 

ki,j = Æ(X i,j) 
Local stiffness is affected by 

tie condition 

Ἐἱȟἲ 

percent of load 

carried by Tie i at 

time j as defined 

by the beam on 

elastic foundation 

,ȟ Æ Æ8 ȟ ȟÆ8 ȟ ȟÆ8ȟ ȟÆ8 ȟ  ȟÆ8 ȟ  The percent of load carried 

by a tie is a function of the 

stiffness: 

=>  the percent of load is a 

function of the tie condition 

and that of the adjacent ties. 

Ἲἱȟἲ 
mechanical 

degradation rate 

of Tie i 

Òȟ

Æ Òȟ ȟÆ Æ8 ȟȟÆ8 ȟȟÆ8ȟȟÆ8 ȟ ȟÆ8 ȟ

Æ Æ8 ȟ ȟÆ8 ȟἲ ȟÆ8ȟἲ ȟÆ8 ȟἲ  ȟÆ8 ȟἲ  

The mechanical degradation 

rate for tie i at time j is a 

function of the mechanical 

degradation rate of tie i at 

time j-1 and the change of 

load between j and j-1 

▄ἱȟἲ 
environmental 

degradation rate 

of Tie i  at time j 

Åȟ is disregarded in constant 

Åȟ  is disregarded in this 

analysis 

 

▀ἱȟἲ 
degradation rate 

of Tie i at time j 

Äȟ ÆÅȟ ȟÒȟ  

Äȟ  Òȟ 
 

The degradation rate of has 2 

components: Òȟ,  Åȟ 

For each small-time interval 

ȹt, the degradation rate is 

constant. 
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7.2 Suggested Theory Guided Machine Learning Model 

As stated in Chapter 2, there are diverse ways in which theory guided machine learning 

could be applied. For this research project, the proposed framework would be incorporating 

theory into the model architecture. The latter would be constructed in a way that represents 

the complexities of the crosstie degradation process. The developed mathematical 

formulation can be considered as a basis for the theory guided machine learning model. In 

other words, the overall model will be representative of the real-world crosstie degradation 

through its architecture and will be descriptive of the mathematical model presented in the 

previous section.  

The modelôs  input  consists of 3 years of adjacent tie condition data and the output 

(prediction) is the condition of the center tie in the fourth year. Figure 75 is a representative 

flow chart of the model developed architecture.  

The architecture is composed of sequential machine learning models such that the input of 

one model is the output of the previous one. The idea behind the proposed architecture is 

to use railroad engineering theory following the mathematical model developed and 

presented in this chapter to structure the sequence of models and make the entire machine 

learning composed model representative of the degradation process. 

First of all, the conditions of adjacent ties in 3 consecutive years are inputted as illustrated 

in Figure 75. Then, using the tie condition, the local track stiffness is defined (ML1)  and 

utilized to determine the load distribution for each of the three years using the beam on 

elastic foundation (BOEF) model of track using the results from  Chapter 5, which consist 
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of a sophisticated model to determine load distribution as a function of local track 

stiffnesses.  

After that, the change of load distribution within two  consecutive years is then used to 

determine the mechanical degradation rate (ML2), because, as explained earlier, the 

degradation rate is a function of the change of percentage of load for one year to the next 

(see Figure 75). Then finally, the output of ML2 is the input of ML3 that will help 

determine the degradation behavior, and the tie condition at year 4 (see Figure 75). 

 

 

Note: along with the developed architecture, a óback analysis,ô i.e., going on the opposite 

direction of the arrows represented in the flow chart represented in Figure 75 was attempted 

to óback calculateô  the relationship between local track stiffness and tie condition as an 

alternative method for ML1 (or f1). The steps taken in this process, along with a suggested 

model, are presented in Appendix E. 
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Figure 75: Flow Chart describing the model 




































































































































































































































































