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Abstract: The condition of railway infrastructure, such as rails, ballasts and sleepers, should always
be monitored and analyzed to ensure ride safety and quality for both passengers and freight. It is
hard to assess the condition of railway infrastructure due to the existence of various components. The
existing condition assessment models are mostly limited to only assess track geometry conditions
and structural condition of the railway infrastructure. Therefore, the present research develops a
defect-based structural and geometrical condition model of railway infrastructure. The defects of
each component are identified and examined through literature and experts in the field. Two main
inputs are used to develop the model: (1) the relative weight of importance for components, defects
and their categories and (2) defects severities. To obtain the relative weights, the analytic network
process (ANP) technique is adopted. Fuzzy logic is used to unify all the different defect criteria and to
interpret the linguistic condition assessment grading scale to a numerical score. Hence, the technique
for order preference by similarity to ideal Solution (TOPSIS) is used to integrate both weights and
severities to determine the railway infrastructure condition. The developed model gives a detailed
condition of the railway infrastructure by representing a three-level condition state, for defect
categories, components and an overall railway infrastructure. The developed model is implemented
to five case studies from Ontario, Canada. The developed model is validated by comparing its
results with the real case studies results, which shows similar results, indicating the robustness of the
developed model. This model helps in minimizing the inaccuracy of railway condition assessment
through the application of severity, uncertainty mitigation and robust aggregation

Keywords: railway infrastructure; condition assessment; track system; analytical network process;
fuzzy logic; TOPSIS

1. Introduction

A solid infrastructure contributes to the improvement of economy and the develop-
ment of a civilization. As part of city infrastructure, railways play a pivotal role in the
transportation of both passenger and goods. In addition, railways are one of the most
economical modes of transportations due to their energy efficiency. Railway infrastructure
is a collection of different components from different types of materials such as rails, sleep-
ers (ties), ballast, insulated rail joints and rail connections such as tie plates and anchors.
Similar to any other infrastructure, railway infrastructure suffers from extensive deterio-
ration due to continuous loading, high train speeds, frequent weather changes, improper
maintenance, lack of inspection and uncertain condition judgments. These factors are
liable to defects, which can gradually propagate and cause major failures in the railway
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system—Ileading to safety concerns, delays and economic losses. According to the United
States Federal Railroad Administration Office of Safety Analysis, track defects are the
second major cause of accidents on railways in the US. The first major cause of railway
accidents is attributed to human error (FRA 2005). The poor management decisions about
rail accidents, caused by the lack of rail inspection, are significant and are not reported by
FRA, but only by the National Transportation Safety Board (NTSB). Fontul et al. [1] stated
that the railway infrastructure, mainly the ballasted tracks, require systematic maintenance
and a proper planning for track interventions. Furthermore, the railway lines have more
traffic and loads circulating on them. Hence, the increased traffic speeds on the railway
require restrictive safety measures during inspection and maintenance. Therefore, railway
infrastructure should be always monitored and maintained to avoid major problems [2].
Railway infrastructure maintenance is costly given that it is equipment-oriented. In addi-
tion, the continuous demand for higher speed trains and heavier axle loads and tonnage
makes it even more challenging to keep the tracks in good condition—calling for building
new practices [3].

Previous research works have been reviewed to have a better understanding of the
asset management of railway infrastructure. They included research works about condi-
tion assessment, maintenance planning, etc. The following research works summarize
the research done on condition assessment from structural point of view. Sadeghi and
Askarinejad [2] developed a quality index to assess the structural condition of the track
based on visual inspection. The tracks were divided into four components, i.e., rails,
ballasts, sleepers and fasteners. The weighted deduction density model was adopted
to develop the quality index for each component of the track. Thus, four indices were
developed, i.e., the rail quality index (RQI), the ballast quality index (BQI), the sleeper
quality index (SQI), the fastener quality index (FQI), and the overall condition in terms
of track quality index (TQI). In the developed weighted deduction density model, the
degree of deterioration was determined as a function of the density (amount) of distress,
its type and its severity level. After allocating these deduction values, the quality indices
were computed based on them. Appendix A illustrates the three severity levels (low,
moderate and high) and their description used in the indices, where low represents a
good track condition with minimum defects, moderate represents defects that may or
may not cause any operation restrictions or delays and high represents defects that cause
operating restrictions on the track, preventing train operation and causing safety concerns.
To organize the maintenance actions, the track line is divided into management sections,
which are further divided into segments to aid in the evaluation of structural conditions by
the visual inspection of selected segments [4]. The report developed by the US Army for
railway infrastructure condition assessment is a development of condition indices for low
volume railroad tracks. Appendix B illustrates the scale used in all the indices where the
scale ranges from 0 to 100 and is divided into seven condition categories from excellent
(85-100%) to failed level (0-10%). The excellent level is for the presence of very few defects,
when the track function is not impaired and no immediate work action is required, but
routine or preventive maintenance could be scheduled for accomplishment. The failed
level shows extreme deterioration in the entire track, when track is no longer functional and
major repair, complete restoration or total reconstruction is required. Several indices were
developed to describe the condition of each component in the railways infrastructure. The
Weighted Deduct-Density Model was utilized to develop the following indices: the Rail
and Joints Condition Index (RJCI), the Tie Condition Index (TCI), the Ballast and Subgrade
Condition Index (BSCI) and the aggregated condition index of the components indices.
The Track Structure Condition Index (TSCI) was developed using regression technique [5].

Here, the condition assessment is discussed from a geometrical point of view. Made-
jski and Grabczyk [6] developed the five-parameter defectiveness (W5s), a parameter to
assess the geometrical condition of the track. The parameter is a result of aggregation of the
five parameters, each representing one of the five geometrical defects, i.e., twist, horizontal
deviation, gauge, vertical alignment and the cross-level variation defectives. Each parame-
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ter is a ratio of the sum of the length when the acceptable limits for the defects are exceeded
over the total length of the section. The data used for the evaluation were gathered by
the geometry track measurements done by the manual equipment, microprocessor-based
portable instruments and geometry recording cars [6]. Indian Railway defined the as-
sessment of track geometrical condition by the Track Geometry Index (TGI) using the
standard deviation of the geometrical defects occurring [7]. Polish Railways highlighted
the frequency of track inspection using the geometry cars. It stated that the inspection
should take place at the minimum twice a year, where the frequency changes with the
degree of curvature. For example, curves with a radius less than 350 m should be inspected
minimum three times a year. In addition, Polish Railways developed a synthetic track
quality coefficient (J) to assess the geometry condition. The standard deviation is firstly
used as a basic measurement for the deferent geometry defects and the J-coefficient is a
result of the average value of the standard deviations of the defects [6].

The Swedish National Railway developed a quality index to define the geometry
condition of the track. The standard deviation of the left and right profiles of the track
and the geometry defects were used to assess these components. The condition was
defined by dividing the standard deviation of the existing condition over the allowable
value of the standard deviation based on track categories [8]. Sadeghi and Askarinejad [9]
developed a methodology to correlate between the tracks structural conditions and the
data obtained from the automated inspections, such as the track recording car used to
inspect the track geometry condition. The neural network was employed to explore
relationships between the geometry data and the track structural defects to develop a
model that predicts track structural conditions by using the geometry recording cars
without the need for visual inspection to be conducted to save both time and economic
losses [9]. Ferreira and Murray [10] highlighted the main causes of railway infrastructure
deterioration, i.e., dynamic loads, train speed, axle loads and environmental factors. Their
work also discusses maintenance decision support systems and maintenance optimization
techniques for railway infrastructure.

Wang et al. [11] presented a structural health monitoring approach that exploited the
use of active diffuse ultrasonic waves for monitoring the condition of railway turnout. A
damage index was proposed based on the level of de-correlation between pair of diffuse
ultrasonic waves signals and reads. The induced changes in the diffuse ultrasonic waves
from the train passage were used to evaluate the defects” growth. The captured readings
were sent to an online diagnosis system for analyzing the health condition status of in-
service railway tracks. Ni and Zhang [12] introduced a Bayesian learning-based model
for the online assessment of railway wheel conditions. The measured dynamic strain
responses were studied to a normalized cumulative density function that modeled the
patterns of healthy railway wheels. Sparse Bayesian learning was then implemented
to quantitatively analyze wheel conditions and uncertainties generated from noises and
random wheel interactions.

Krummenacher et al. [13] presented a machine learning-based model for the auto-
mated detection of wheel defects based on the vertical force measurements captured by an
installed sensor system. In the developed model, the time series of the vertical forces under
the wheel were analyzed using support vector machines and artificial neural networks to
determine if the wheels are defective or not. It was found that the developed model could
achieve prediction accuracies above 80% for the wheels with flat spots and non-roundness.
Yuan et al. [14] developed a deep convolutional neural network model for the detection of
rail surface defects. The developed model integrated MobileNetV2 and YOLOv3 networks
to classify and locate the defect images. Results demonstrated that the developed model
accomplished lower prediction error and more robust performance when compared against
the YOLOV3 network.

Lu et al. [15] created a machine vision-based model for the automated damage de-
tection in railway rail. The developed model integrated the saliency cues of damaged
areas and U-Net network to obtain the segmentation map. Data augmentation was carried



Sustainability 2021, 13, 7186

4 of 27

out to increase the size of the dataset, and it was projected that the developed model
achieved an overall accuracy and recall rate of 99.76% and 97.82%, respectively. Yang
et al. [16] introduced a deep convolutional neural network-based model for the detection
of defects in rail joints. The developed deep learning-based model encompassed the use of
ResNet and a fully convolutional neural network for time series classification. ResNet was
able to provide slightly better prediction performance than the fully convolutional neural
network models.

Other research works were reviewed. The following research work talks about another
component of the railway infrastructure, the overhead catenary system, to have a wider
vision of the condition assessment models developed for railway systems. Song et al. [17]
developed a spatial coupling model to study dynamic performance of pantograph-catenary
with vehicle-track excitation, to study the impact of the railway infrastructure condition on
the catenary system. The model showed that the condition of the catenary system decreases
with the degradation of the railway infrastructure. Gao et al. [18] mentioned the use of
the C6 system for the monitoring and detection of the pantograph-catenary in highspeed
railways. The C6 system can measure the dynamic and static geometry parameters and
the current collection and detect the defective working states of the components and the
operation condition of the pantograph-catenary. This is done through installing detection
equipment to provide a full and live detection. The working hours and installation positions
of the equipment are chosen based on detailed design. Meanwhile, a three-level hierarchy
is built to transmit and analyze the big data from the local administrations to the China
Railway Corp.

In the view of aforementioned studies, it can be found that most of the reported
models focused on the assessment of individual components or certain types of defects
and lacked a comprehensive assessment of railway components. For instance, several
models targeted track geometry condition, which is a small part of the various defects
and components of the railway infrastructure. This can lead to inefficient and inaccurate
maintenance budget assignment models due to their inability to reflect the actual condition
of railway component. It can be noticed also that most of the reviewed work did not
take into consideration the different speed levels or classes of the railway tracks. Most
of the previous studies lacked a maintenance prioritization model that supported project
and network-level decisions within the allocated budget requirements. These models are
essential for decision-makers to aid them in ranking multiple railway components across
different projects for maintenance according to their performance condition. Another
shortcoming that can be observed is overlooking the inherent uncertainties and unforeseen
conditions encountered during the inspection process. Failure to address these uncertainties
can lead to misleading and unreliable maintenance decision support systems [19,20].

In light of the foregoing, the main objective of this research is to create a comprehensive
railway assessment model that tackles uncertainty in the other models. The sub-objectives
can be summarized as follows:

Identify the condition assessment criteria of various railway components.

Analyze the factors that affect the railway infrastructure deterioration.

Develop a defect-based condition assessment model for railway infrastructure.
Build a condition grading scale for all the railway components.

Establish an automated platform for the developed railway infrastructure condition
assessment model.

SRR

2. Model Development

The methodology procedures of the developed model are depicted in Figure 1. The
first procedure of the developed model encompasses reviewing previous condition assess-
ment models and inspection models in addition to gathering experts” opinions in order
to understand the main defects that affect the performance condition of railways in terms
of their type and extent of severities. The output comprises a hierarchy of the defects and
their categories with respect to their respective railway components. It also involves the
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severity levels and the condition assessment grading scale of each of the railway’s defects.
In the present research study, railway infrastructure is divided into five main components,
which comprise the rails, sleepers (ties), ballasts, track geometry and insulated rail joints.
The defects in each component are classified into certain categories, which are created
based on the nature of the defects. An analytical network process is utilized to compute
the relative importance weighting vector of railway components, defect categories and
defects. These relative importance weights defects are obtained by delivering online and
hard copy surveys to experts and professionals in this area. In this context, a three-level
pairwise comparison is created to interpret the weights of railway components, defect
categories and defects. In the first level, the experts are asked to determine how important
railway component A is when compared against railway component B with respect to the
overall condition of the railway infrastructure. In the second level, the expert is asked to
determine how important defect category X is when compared against defect category
Y with respect to defect category Z. For the third level, the expert is asked to specify the
degree of importance of defect K when compared against defect L with respect to defect M.
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Figure 1. Flowchart of the proposed research methodology.
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In the second procedure, the developed model deploys fuzzy set theory to simulate
the uncertainties and unforeseen events encountered by inspectors on site. In infrastructure
asset management, a lot of multi-criteria decision-making techniques are used for optimal
decisions. The common uses of the decision-making techniques are to combine technical
information with experts” opinions. These techniques combine the data and weights of
several alternatives by aggregating the results of each to reach a single index that would
reflect the condition of the asset [21]. Thus, both the weights and the severities of the
developed model obtained from the previous procedures are aggregated using the TOPSIS
algorithm resulting in the desired performance condition index. The developed model is
finally implemented through an automated tool to facilitate its application by the users.
The developed automated platform comprises a separate module for each designated
speed level by the users.

In the third procedure, the developed model is validated through three-layer analysis.
In the first layer, two case studies are analyzed in depth based on the weights of defects,
their extent of severities and speed level of railway track. The second layer involves the
application of the developed model to a group of railway components in five case studies to
experiment with its use as a maintenance prioritization platform that supports both project
and network level decisions. The third layer involves carrying out a sensitivity analysis to
test the robustness of the developed model against the variations in the weights of railway
components and to identify the most influential railway components. This is carried out
through varying the weights of railway components and measuring their implications on
the overall condition index of railway infrastructure.

2.1. Components, Defect Categories and Defects

To discuss the railway infrastructure and provide a hierarchy to apply the models
mentioned beforehand, the model is divided into five main components: rails, sleepers
(ties), ballasts, track geometry and insulated rail joints—each with zero to three defect
categories. The railway infrastructure defect hierarchy consists of the five main components:
rails, sleepers, ballasts, track geometry and insulated rail joints, as well as their defect
categories and the corresponding defects of each. Several manuals and research papers are
reviewed, and professionals are consulted to define the main defects that occur in railway
infrastructures [22-28]. A summary of 33 defects has been carefully selected to build the
desired defect-based condition assessment model.

2.2. Defects” Weights

This research adopts the analytic network process to compute the relative importance
weights of the components, defect categories and defects as described in the following lines.
The analytic network process technique was developed by Saaty in 1996 as a development
of the analytic hierarchy process (AHP), also developed by Saaty in 1980 [29]. The AHP
is a multi-decision making technique that uses a pairwise comparison matrix to result
in ratio scales and therefore priorities based on the decision maker’s judgments [30,31]
which provides a hierarchical representation of complicated decision-making problems.
The Analytic Network Process is a generalization of AHP, accounting for interdependencies
and interactions between criteria and sub-criteria in which a hierarchical structure is not
a must.

In the analytical network process model, the goal is defined as the railway infras-
tructure in which its overall condition will be affected by the condition of defects and
components. After defining all the defects and the hierarchy, pairwise comparisons are
built in three directions in order to take the interdependencies between criteria into con-
sideration. The simulated interdependencies are between the sub-criteria with each other,
between the main criteria and each other and between the main criteria and the goal.

A questionnaire survey was developed to collect professionals” opinions regarding
the degree of importance for each component and its corresponding defects. Fourteen
surveys were collected to be considered in this research. Each questionnaire survey was
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analyzed individually to obtain the desired weights. After extracting all the weights from
the questionnaire surveys, an average value of the weights (W) is used in the aggregation
process representing the weights of the components, defect categories and defects. Due
to the large number of defects, “SUPER DECISIONS” software is employed to facilitate
the implementation of analytical network process to compute the weights of attributes. In
this regard, SUPER DECISIONS software is used to find the priority weighting vectors of
railway components, defect categories and defects. The inputs of the SUPER DECISIONS
software encompass the network of the defect-based model depicted in addition to the
pairwise comparisons carried out with regards to railway components, defect categories
and defects. Figure 2 shows the defects network built in “SUPER DECISIONS” software for
the survey analysis. The hierarchy gathers the components, defect categories and defects.
The entries of the pairwise comparison matrices are obtained from the questionnaires that
the experts are required to fill. The responses of each expert are imported individually
into the software and the associated weighting vectors are obtained. After extracting
all the weights from the questionnaires, an average value of the weights is used in the
aggregation process.

The core of the analytical network process is the supermatrix, which depicts the
influence and relationships between the elements in the network on other elements. The
analytical network process comprises progressive creation of three supermatrices as shown
in the following steps [32,33]. In the first step, the unweighted supermatrix is formed based
on computing the local priorities and Eigen vectors according to the entries of the pairwise
comparison matrices. The second step encompasses multiplying the values of the entries
of the weighted supermatrix by their respective clusters” weights. The limit supermatrix
is calculated by raising the weighted supermatrix to a higher power until it converges,
i.e., all entries of the columns corresponding to any node have the same value. The limit
supermatrix can be mathematically expressed using Equation (1):

X—00
where M; and My stand for the limit and weighted supermatrices, respectively, and p
denotes the higher power which the weighted supermatrix is raised to.

The consistency of the pairwise comparison matrices obtained from the experts’ judg-
ments need to be evaluated to ensure the reliability of the calculated importance weighting
vectors of railway defects and components. The consistency property is checked through
calculating the consistency index and then the consistency ratio to test the coherence of
experts’ feedback. The consistency index and consistency ratio can be calculated using
Equations (2) and (3), respectively (Saaty, 1990) [31]:

o Amax — 1
==t @
CI
CR= o )

where CI and CR refer to the consistency index and consistency ratio of pairwise compari-
son matrix. A,y stands for the maximum Eigenvalue of pairwise comparison matrix. n
indicates the size of the pairwise comparison matrix. RI indicates the random index, which
is the consistency index for a randomly generated reciprocal matrix, whereas its value
depends on the order of the judgment matrix. In this regard, if the consistency ratio is less
than 10%, then the pairwise comparison matrix passes the consistency ratio, and therefore,
the experts’ judgments are consistent, and the derived weights can be used in the condition
assessment model. Otherwise, entries of the designated pairwise comparison matrix need
to be revised. It is worth mentioning that the pairwise comparison judgments, which are
considered in deriving the importance of weighting vectors, are the ones which achieved a
consistency ratio less than 10%.
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2.3. Defects’ Severities

Defect severity is the second main input in the model development. Defect severity
is the degree of impact of a defect on a component or a system. Different sources have
been reviewed to define defect severities, some sources have been found online and others
have been recommended by experts. The main sources to define the severities and the
condition assessment grading scales are TMC 203 track inspection [25], TMC 224 Rail
Defects and testing manuals [26], which are developed by Railcorp in Australia. Table 1
shows the assessment scale that consists of six severity levels: from normal level, where
the track is safe with no maintenance required, to emergency 1 (E1) as the most severe
level with a maintenance plan required before the next train passage. The assessment scale
recommends both the appropriate inspection and action times for each severity level.

Table 1. Railway track defects’ severity levels (TMC 203).

Response Category Inspect and Verify Response Action
Emergency 1 (E1) Prior to passage of next train Prior to passage of next train
Emergency 2 (E2) Within 2 h or before the next train, whichever is the greater Within 24 h
Priority 1 (P1) Within 24 h Within 7 days
Priority 2 (P2) Within 7 days Within 28 days
Priority 3 (P3) Within 28 days Program for repair
Normal (N) Nil Routine inspection

The defect severities are divided into six levels of condition assessment scales based
on the defect’s impact on the railway infrastructure. Different defects have different levels
of impact, with some defects reaching emergency 1 severity level while other defects do not
reach that level. The defect severities change with the speed in which the higher the speed
of the track the more severe the defects are. The railway manuals define the six-speed levels
with which the tracks operate. The severities are collected and organized for different
defects and different speed levels.

2.4. Severities Quantification

After collecting all defect severities and defining all different measuring criteria for
different defects, this research uses the fuzzy logic technique to represent all defect criteria
and to translate the linguistic condition assessment grading scales into quantitative scores.
Fuzzy set theory was developed by Zadeh [34] as a mathematical representation to deal
with uncertainties that are not of statistical nature. The standard Fuzzy Synthetic Evaluation
that comprises both the fuzzification and the defuzzification is adopted to uniform all the
different defect criteria and to translate the linguistic grading scale into numerical values.
The developed severities quantification model is described in the following steps:

(1) Condition assessment grades (severity) are defined as fuzzy sets (subsets of the
universe of discourse). The universe of discourse is the input space that encompasses
all the possible values that each defect severity can take. In the developed model, the
universe of discourse ranges from 0 to 10.

(2) Defect severities are deduced from the Australian Manuals. Hence, the developed
model utilizes six condition categories to be compatible with the Australian standards.
The condition categories are normal priority 3, priority 2, priority 1, emergency 2 and
emergency 1.

(3) Severity quantification is done based on the analysis of the defect severities, whereas
fuzzy numbers are used to represent each linguistic term of the defects’ severities. In
this context, fuzzification is performed on the six levels of severity by defining them
into overlapping bins within a 0-10 grading scale. Each triangular fuzzy number
has to overlap with its neighboring fuzzy sets to reflect the concept of uncertainties
associated with the inspection process of railway components. It is advised in the
literature that an overlap that varies from 25% to 50% of the fuzzy set base can provide
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an appropriate measure of the impreciseness and vagueness, which is implemented
in the present research study [35,36].

(4) Triangular membership functions are used to depict the six severity levels across all
defects. In this regard, triangular membership function is selected due to its simplicity,
ease of calculation and it also able to simulate the uncertain environment of the used
data [37,38].

(5) Defuzzification is carried out to obtain a final score to be used in evaluating the
defects, defect categories and railway components. The developed model uses graded
mean integration approach to convert the fuzzy number to a crisp number [39,40].

Table 2 reports the grading scale and the final score of the six severity levels deduced
from the defuzzification of the fuzzy membership functions graded mean integration
approach. As shown in Table 2, the extents of severities of the defects are expressed in the
form of triangular fuzzy membership functions. These functions are defined using lower,
middle and upper values. For instance, the defining lower, middle and upper values of
“P1” fuzzy membership functions are 5, 6.5 and 8.5, respectively. The obtained defuzzified
score is 6.58. Similarly, the “P3” linguistic term is expressed in the form of a triangular
fuzzy number, such that its lower, middle and upper values are 0, 3 and 5, respectively. The
obtained severity values will be used alongside the computed weighting vectors are used
collectively to compute the condition of defects, defect categories and railway components
at all designated speed levels.

Table 2. Boundaries of the different severity levels and their final scores.

Severity Boundaries of Triangular Membership Function (Lower, Middle, Upper) Final Score
N ©,3) 1.5
P3 ©,3,5) 2.83
P2 (3,5,6.5) 491
P1 (5,65,85) 6.58
E2 (6.5,8.5,10) 8.41
El (8.5,10) 9.5

2.5. Defect-Based Condition Assessment

The model is developed by the fuzzy synthetic evaluation technique that includes
fuzzification, aggregation and defuzzification. After defining the two main input sets,
which are the weights and defects severities, the TOPSIS approach is adopted to aggregate
these two input sets to find the desired condition. The TOPSIS approach is applied to find
the condition using the following steps:

(1) The corresponding weights and severities for each defect are collected and organized.

(2) The first level of the condition is the defect condition, created as a result of integration
of the defect weight and its own severity. There will be 33 condition ratings related to
the 33 defects.

(3) The second step is repeated to determine each defect condition.

(4) The second level of condition is the defect category condition. It is a result of aggre-
gating all the defect condition ratings that are in the same category. In this level, the
weight of each defect is aggregated with its severity.

(5) The fourth step is repeated for all defect categories to find their corresponding condition.

(6) The component condition is a result of aggregation of each component’s defect
category condition. In this level, the weight of the defect category is blended by
its condition from the previous step.

(7) The final level of condition is the overall infrastructure condition. The infrastructure
condition is a result of aggregation of the component condition. In this level, the weights
of components are hybridized by their corresponding condition obtained beforehand.

The resulting condition would be used by project managers, engineers, decision
makers and practitioners to help in the decision-making processes for maintenance and
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rehabilitation programs. When the condition is computed as a percentage using the TOPSIS-
based model, it needs to be converted to a condition category. The boundaries of the rating
system are recorded in Table 3. As can be seen, if the condition of the ballast is 3.2, then it
lies in the “P1” condition category. In addition, it the condition of the rail is 5.6., therefore,
its condition category is P2, as shown in Table 3.

Table 3. Condition rating system of railway components.

Range of Condition Index Corresponding Condition Category
0-30% N
30-50% P3
50-65% P2
65-80% P1
80-95% E2
95-100% El

The developed model deploys TOPSIS algorithm to evaluate the condition of different
railway components and prioritization of intervention actions of railway components.
TOPSIS is a widely used multi-criteria decision making algorithm that employs the concept
of Euclidean distance to the positive ideal and negative solutions to determine the best
alternative. In this regard, the best alternative is the one that has the closest Euclidean
distance to the positive ideal solution and the farthest Euclidean distance to the negative
ideal solution. The basic computational procedures of TOPSIS are described in the following
lines [41,42].

The first step is the normalization of the performance scores in order to convert them
in dimensionless one. The normalized decision matrix is obtained using Equation (4):

LIZ‘]'
m_ 2.
\/ Li=1 271

where n;; and a;; denote the normalized performance score and the performance score of
the i-th alternative with respect to j-th design criteria.

The second step is the calculation of the weighted normalized decision matrix, which
is generated by multiplying the normalized decision matrix by their respective weights.
The weighted normalized decision matrix is defined using Equation (5):

)

1’11']' =

fij = nij x w; @)

where f;; indicates the weighted normalized performance score of the i-th alternative in
terms of the j-th criterion. w; is the weight of the j-th criterion.

The third step is identifying the positive and negative ideal solutions of the multi-
criteria decision making problem. The positive ideal solution (A™) and negative ideal
solution (A7) are the most preferable and least preferable alternatives, respectively. For the
cost design criterion, the decision maker seeks for the lowest value among the alternatives.
With regards to the beneficial design criterion, the decision maker is looking for the highest
performance score among the alternatives. The positive and negative ideal solutions can
be identified using Equations (6) and (7), respectively:

A" = {(max fij|j € J), (min fy|j € J),i=1,2,3,....... M}={A" ot ... nT} (6)

A™ = {(min fij|j € J), (max fij]j € J'),i=1,2,3,....... My={fi,fom i N} ?)
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Such that;

J={j=123.......... N|j associated with benefit criteria}
I'={j=123.......... N|j associated with cost criteria}

where M and N are the numbers of alternative and design attributes, respectively.

The fourth step is to compute the separation distance between the decision alternatives
and ideal alternatives. The positive ideal separation and negative ideal separation can be
defined using Equations (8) and (9), respectively:

®)

)

where D+; and D—; indicate the Euclidean distance of the i-th alternative to the positive
and negative ideal solutions, respectively.

The fifth stage is the condition assessment of each railway component according to
their relative closeness to the ideal solutions. The relative closeness coefficient of each
alternative can be mathematically expressed as follows:

* D~

c*.

"D +D (10

where ¢*; stands for the relative closeness of the i-th alternative.

2.6. Sensitivity Analysis

A sensitivity analysis is conducted to study the robustness of the developed model
against the changes in the weight values of the different railway components. Furthermore,
it enables us to determine the most influential railway components that affect the overall
performance condition of railway. In this regard, the developed model tests the relationship
between the weights of the components and the overall condition of the railway infrastruc-
ture. It also shows the degree to which any change in the inputs (weights) could affect the
potential output (overall condition of railway). The sensitivity analysis is performed by
varying the weights of railway components in five trials of 20% intervals one at a time, i.e.,
20%, 40%, 60%, 80% and 100%. Then, the respective changes in the condition are measured
and evaluated. This methodology is applied to the rails, ballasts, sleepers, geometry and
insulated rail joints.

Assume the original weight of rails is denoted as “w;” and the change in the weight
of the defect is denoted as “A”. Thus, the modified weight of rails is equal to w; + A. The
weights of other defects are computed using Equation (10) in order to ensure the summation
of the weights of railway components is equal to one. Equation (11) is as follows:

/
, 1—wy,
w, =
1 — wy

X Wo (11)

where @', and w,, refer to the modified and original weight of the main attribute, respec-
tively. w’, and w, denote the modified and original weight of other attributes, respectively.
The changes in the weights of railway components are evaluated based on the absolute
deviation in the condition index (ADCI). The ADCI can be mathematically expressed

using Equation (12):
ADCI = OCI, — OCl, (12)
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where OCI,; and OC], represent the modified and original overall condition of the railway
infrastructure. In this regard, OCI,, is generated as a result of the change in the weight of
the railway component at each scenario. OCI,;, and OC], are calculated using the TOPSIS
algorithm described in the previous section. It is worth mentioning that a highly sensitive
railway component is the one that induces high ADCI which implies a significant variation
in the original overall condition of railway infrastructure. In addition, it is worth noting a
decision support system is considered as a robust platform if it is slightly sensitive against
the explicit variations in the weights of railway components.

3. Data Collection

This research has adopted the analytic network process to find the components, defect
categories and defects” weights. This process has been specifically chosen to account for
the interdependency among sub-criteria (defects), criteria (defect categories and defects)
and within each category. A questionnaire has been developed and distributed both
in hard copy and online. The online questionnaire has been developed based on http:
/ /www.surveyexpression.com (accessed on 21 January 2021)—the website that allows the
user to build and distribute questionnaires. The site provides a detailed analysis of the
filled questionnaires. Both surveys consist of six parts with a total of 66 questions. The
general question is as follows: What is the relative importance of element (X) over an
element (Y) with respect to element (C)? The first part in the survey is a general pairwise
comparison of the components and defect categories with respect to the set goal. The
second part is a pairwise comparison of the rails defect categories and defects. The third
part is a pairwise comparison of the sleepers defect categories and defects. The fourth part
is a pairwise comparison of the ballast defect categories and defects. The fifth part is a
pairwise comparison of the track geometry defects. The final part is a pairwise comparison
of the insulated rail joints defects. Figure 3 shows a sample of the online survey with
part of the comparison between the railway components that the experts are asked to
fill. For instance, the expert is asked to determine how important rails when they are
compared against ballast with respect to the overall condition of the railway infrastructure.
In addition, they are asked to identify the degree of importance of rails when compared
against sleepers with respect to the overall condition of railway infrastructure. The experts
are also asked to specify the degree of importance of rails when compared against insulated
rail joints with respect to the overall condition of railway infrastructure. In this context,
the experts are asked to express their preference based on a 9-point scale. If the expert
selected a moderate preference of rails over ballast, this implies that rails are three times
as important as ballast. In addition, if the expert specified strong preference of rails over
insulated rail joints, thus, rails are five times as preferable as insulated rail joints.

Figure 4 depicts the pairwise comparisons conducted with respect to the defect cate-
gories of rails. As mentioned earlier, the rail defects are divided into three clusters, namely
surface defects, rail crack and internal defects and rail wear defects. For instance, in the
online questionnaire, the expert is asked to identify how important surface defects are
when compared against rail wear defects with respect to rail crack and internal defects.
The expert is also required to degree to determine the degree of importance of surface
defects when compared against rail cracks and internal defects with respect to rail wear
defects. Moreover, the expert is asked to specify how important rail wear defects are when
compared against rail crack and internal defects with respect to surface defects.

Table 4 shows the statistics based on the survey given to more than 50 experts, man-
agers and engineers in railway engineering and construction in Canada. Fifteen question-
naires are collected, one is neglected due to giving the same answer for all the questions
and the majority has been filled by engineers with varying years of experience in the field.
Figure 5 shows the distribution of respondents” number of years of experience, where
64% of the questionnaires are filled by engineers with more than 20 years of experience—
providing more reliable results. Fourteen percent (14%) of the questionnaires are from
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respondents with 6-10 years, 7% with 11-16 years and 15% with less than 5 years of
engineering experience.

. With Respect to (C)
(X) Rail Railway Infrastructure (Y) Ballast
Degree of Importance
7V 7V
(9)Absolute ‘St)rofg (5)Strong | (3)Moderate | (1)Equal | (3)Moderate | (5)Strong (s,t)ro?\g (9)Absolute
9:1 = 51 31 1 =3 1:5 17 19
- With Respect to (C)
(X) Rail Railway Infrastructure (Y) Sleepers
Degree of Importance
7V 7V
(9)Absolute | O tod | (s)Strong | (3Moderate | (1)Equal | (3Moderate | (5)Strong ) oo | (@)absolute
9:1 7=l 51 31 1 13 1:5 =7 19
(X) Rail With Respect to (C) (Y) Insulated rail
Railway Infrastructure joints
Degree of Importance
)V 7V
(9)Absolute | O oo | (s)Strong | (3Moderate | (1)Equal | (3Moderate | (5)Strong a oo | (@)absolute
9:1 =l 51 54 1 13 1:5 =7 19

Figure 3. Sample of the pairwise comparisons with respect to railway components.
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(X)
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(Y) Remarks

(57 Strong
{3 Moderate
(17 Equal
(3) Moderate
(57 Strong
(71 Yery Strong
{9y Absolute

{9y Absolute
(71 Wery Strong

Rail cracks and internal defects

Surface defects |

| T T 1T 1T 1 1T 1 1 Railweardefects |

Rail wear defects

Surface defects

Rail cracks and
internal defects

Surface Defects

Rail wear
defects

Rail cracks and
internal defects

Figure 4. Sample of the pairwise comparisons with respect to defects’ categories.

Table 4. Statistic of questionnaire survey.

Corresponding Numbers

Survey
Sent >50
Received 15
Discarded 1
Considered 14
Less than 5
years
15%

6-10 years
14%

More than 20
years
64%

11-15 Years
7%

16-20 Years
0%

B More than 20 years B 16-20 Years 1 11-15 Years
6-10 years Less than 5 years

Figure 5. Breakdown of years of experience of respondents.

To analyze the surveys, the responses are checked for the credibility of the ques-
tionnaires and for being used in the process of weight determination. The responses to
66 questions are reviewed and their corresponding statistics are provided. The questions
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are based on pairwise comparisons, as mentioned earlier and the comparisons are between
two components or two defect categories or defects. They have two sides: Whether element
X'is more important than element Y or whether element Y is more important than element
X. It is worthy to mention that 95% of the questions are one-sided. An average of 76% of
the responses to the same question are one sided, meaning that the answers to the same
question has the same point of view when it comes to which element is more important
than the other. Table 5 illustrates an example for the questions as well as their response
statistics. The example question compares the sleeper component (X) to the insulated
rail joint component (Y) with respect to ballasts (C). The results show that 85.8% of the
responses take the side of the sleepers, and the majority says that the ballast is more
important than the insulated rail joints.

Table 5. Sleepers to insulated rail joints comparison statistics.

Comparison Elements

(X) Sleepers With Respect to (C) Ballast (Y) Insulated Rail Joints

DOI Degree of Importance
DOI # 9 7 5 3 1 3 5 7 9
# Of Ques 1 1 6 3 1 0 1 1 0
% Of Ques 71%  71%  43% 21.5% 7.1% 0 7.1% 7.1% 0

4. Model Implementation

One of the main components in the model development is the implementation of the
model to real case studies with real data of inspections and final decisions. This is done to
check the model’s applicability and credibility. This is done in the five case studies from
Ontario, Canada. Two of them are analyzed in detail.

4.1. Weight Interpretation

Three levels of weights based on the three levels hierarchy are found. The first level is
component weights, the second is defect category weights and the third is defect weights.
Before deriving the weights of the three level hierarchy, the consistency ratio approach
is applied to each pairwise comparison matrix to ensure the coherence and reliability
of the derived weighting vectors. In this regard, it is found that the consistency ratios
across the different pairwise comparison matrices of the experts ranged from 1.2% to 5.4%
which is less than 10%. Thus, the obtained pairwise comparisons can be used as inputs
to compute the relative importance of weighting vectors of defects, defect categories and
railway components. Table 6 summarizes all the three level weights. It reports the weights
of railway components (W), weights of defect categories (W), local weights of defects
(W;) and global weights of defects (W;-global). The component weight analysis shows that
the sleepers have the highest weight (27%) followed by track geometry (26%), and then
ballasts (18%), rails (16%) and insulated rail joints (13%) with the lowest weight among the
components. The rail defect weights show that the rail internal defects have the highest
weight (41%). The surface defects have the second highest weighting of 35% and the wear
defects (24%) have the lowest weight. This result is reasonable as it matches the fact that
internal defects are a major cause of accidents. Moreover, in the internal defects category,
broken rails are given the highest weight (26%) and defective welds have the lowest weight
(8%). These results are logical since the broken rails are considered as one of the worst
types of defects as per the judgment and knowledge of the experts of railway industry.
For surface defects, all defects have almost equal weights. With regards to the rail wear
defects, curve wear has the highest relative importance weighting (53%). On the other
hand, tangent wear attained the lowest importance (14%). This is also a reasonable result
since the curve defects are more severe than the ones in the tangent areas.
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Table 6. Final weights of defects, defect categories and components.
Component Wy Defect Categories Ww; Defects W;  W; Global
Fish Scaling; Spalling 28% 1.57%
Rail Contact fatigue 21% 1.18%
Surface defects 35%
Rail Corrosion 24% 1.34%
Wheel Burns 26% 1.46%
Broken rail 26% 1.71%
Compound Fissure 15% 0.98%
i 16%
Rails 6% Rail cracks and 41 Defective Welds 8% 0.52%
internal defects Foot and Web separation 18% 1.18%
Head and Web separation 18% 1.18%
Rail cracks 15% 0.98%
Head Loss Max % 32% 1.23%
Rail wear 24% Curve Wear 53% 2.04%
Tangent Wear 14% 0.54%
Excess Ballast 21% 1.70%
Ballast Profile 45% —
Ballast deficiency 79% 6.40%
Ballast 18%
Fouling 62% 6.14%
Drainage 55%
Vegetation Growth 38% 3.76%
Cl}lst?frs (;f C(;Ifsecutlve 509 8.85%
Sleepers 63 neffective Sleepers
Condition Defects Consecutive Missing Sleepers 34% 5.78%
Spacing 13% 2.21%
Sleepers (Ties) 27% Loose or Ineffective Fish Bolts 21% 2.10%
Severely worn sleeper pads 45% 4.50%
Sleepers 379, —
Components Defects ° Squeez.ed ‘?“t' missing or 20% 2.00%
failed insulators
Swage Fastenings at Fish-Plated Joint ~ 14% 1.40%
Gauge 27% 7.02%
Horizontal alignment 15% 3.90%
Geometry 26% Geometry 100% Top Vertical alignment 11% 2.86%
Twist 32% 8.32%
Cross-level variation 16% 4.16%
Loss or failure of insulation material ~ 20% 2.60%
Joint Gap Movement 45% 5.85%
Insulated Rail Joint % Insulated Rail Joint %
nsulated Rail Joints 18% nsulated Rail Joints 100% Ineffective Drainage around Joint 21% 2.73%
Railhead flow across joint Rail 14% 1.82%

Ballast weight extraction shows that the drainage defects outweigh the ballast profile
defects with a weight of 55%, compared against a weight 45%, which is not of a great
difference. In the drainage defects, the fouling defect of 62% has a higher weight than the
vegetation growth, showing that the fine materials are more effective than the vegetation
in terms of blocking the drainage feature of the ballast. The analysis shows that the ballast
deficiency of 79% outweighs the ballast excess of 21% in the ballast profile defects. The
sleeper condition defects are given a relatively higher weight, i.e., 63%, than the sleeper
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component defects, i.e., 37%. In the sleeper condition defects, the category of consecutive
ineffective sleepers has the highest relative importance followed by consecutive missing
sleepers and finally spacing. The importance weights of consecutive ineffective sleepers,
consecutive missing sleepers and spacing are 52%, 34% and 13%, respectively. For the
sleeper component defects, it can be inferred that severely worn sleeper pads had greater
relative importance, showing that the pads are the most important part in the connection
between the rails and the sleepers. On the other hand, swage fastenings at fish-plated joints
are the least important type of defects. In this context, severely worn sleeper pads and
swage fastenings at fish-plated joints obtained relative importance weightings of 45% and
14%, respectively.

With respect to the track geometry defects, twist defects yielded the highest weighting
followed by gauge defects and then cross-level variation. On the other hand, top vertical
alignment had the least relative importance. In this context, the weights of twist defects,
gauge defects, horizontal alignment defects and vertical alignment defects are 32%, 27%,
16% and 11%, respectively. With regards to insulated rail joints, it is found that joint gap
movement obtained the highest relative importance. It is also revealed that failure of insula-
tion material and ineffective drainage around joints have nearly the same importance while
railhead flow across joint rail has the least weight. In this context, the joint gap movement,
ineffective drainage around joints, failure of insulation material and railhead flow across
joint rail have relative importance weights of 45%, 21%, 20% and 14%, respectively.

The final global weights of the defects are obtained by multiplying their local weights
by their respective defects’ categories weight by their corresponding component’s weight.
For example, the final global weight of broken rail is equal to 0.16 x 0.41 x 0.26 which
is equal to 1.71%. Moreover, the final global weight of severely worn sleeper pads can
be computed through 0.27 x 0.37 x 0.45, which is equivalent to 4.5%. Based on the final
global weights, and by modeling the importance of defects, defect categories and railway
components, it can be deduced that clusters of consecutive ineffective sleepers have the
final global weight followed by twist defects in track geometry, while defective welds in
the rails are the least important defect. In this context, the final global weights of clusters
of consecutive ineffective sleepers, twist defects and defective welds are 8.85%, 8.32% and
0.52%, respectively.

4.2. Condition Assessment

This section describes the implementation of the developed condition assessment
model to two case studies in detail.

4.2.1. Case Study 1

The first case is a 65 km track located in Ontario, Canada. It is a class 1 track with
the operation speed of 20 km/h. The input data format is an Excel file summarizing the
experts’” inspection sheets (visual inspection). These site inspection reports are used to
extract the extent of severities to be used as an input to feed the developed defect-based
condition assessment model. The tie rehabilitation programs are planned by the experts
since the ties and ballasts are in bad condition. The data is fed into the developed model
for each milepost and the conditions of the defect category, the component and the overall
condition of the railway infrastructure are found. The detailed condition assessment
models of rails, ballasts, sleepers, track geometry and insulated rail joints are described in
Figures 5-7. These figures provide a synthesis analysis for the condition of the different
defects’ categories of railway components. As shown in Figure 6, rails did not experience
deterioration such that the condition ratings of surface defects, rail cracks and internal
defects, and rail wear are 10%, which correspond to the “Normal “condition category. With
regards to ballasts (see Figure 7), drainage defects were in a more severe condition than
the ballast profile defects. In this regard, the condition ratings of the drainage and ballast
profile defects were 43.25% and 10%, respectively. This implies that drainage defects and
the ballast profile defects lie in “Priority 3” and “Normal” condition categories.
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Rail Wear Curve Wear N
Tangent Wear

Figure 6. Synthesized condition assessment of rails in case study 1.

Excess Ballast

Ballast Profile

Ballast defecincy

Fouli
Drainage o
Vegitation Growth

Sleepers (Ties)

Sleepers Condition Defects

Sleepers Componant Defects

Clusters of Consecutive Ineffective
Sleepe
Consecutive Missing Sleepe
Spacing

Loose or Ineffective Fish Bolts
Severely worn sleeper pads
Squeezed out missing or failed insulators
Swage Fastenings at Fish-Plated Joint

Figure 7. Synthesized condition assessment of the ballast and sleepers in case study 1.

As shown in Figure 8, the sleepers’ condition defects were in a more deteriorated
condition state than sleepers’ component defects. In this context, the performance condition
ratings of the sleepers’ condition defects and the sleepers” components defects were 69.61%
and 10%, respectively. This indicated that sleepers’ condition defects and sleepers’ compo-
nent defects lie in the condition categories of “Priority 1” and “Normal”, respectively. In
Figure 8, it can be observed that track geometry and insulated rail joints did not experience
degradation in their performance condition across the different defects, whereas their
condition ratings were found to be 10%. Figure 9 depicts the obtained condition ratings for
the main railway components where the overall condition is 28.47% that corresponds to
Normal, indicating no need for a repair program. As the model gives a detailed condition
describing the state of components and their defect categories, the analysis shows that
both the ballast and the sleepers are in Priority 3 condition and require maintenance, as
shown in Figure 6. In addition, it can be interpreted that the conditions of rail, geometry
and insulated rail joints lie in the Normal category. Both the decision by the experts and
the output of the model give the same results.
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Figure 9. Condition assessment of railway components in case study 1.

4.2.2. Case Study 2

The case is a track of 25 km, located in Ontario, Canada, a class 5 track with an
operation speed of 150 km/h, considered in the sixth speed category. The data format is the
same as in the first case. The experts’ inspection sheets (visual inspection) are summarized.
The decision provided by the experts states that no maintenance is needed because the
track is in good condition. The data is imported into the developed model for each milepost
and the conditions of the defect categories component and the overall condition are found.
A thorough analysis of the condition status of the rails, ballasts, sleepers, track geometry
and insulated rail joints can be found in Figures 10-13. As shown in Figure 9, the conditions
of the different defect categories lie in the “Normal” status, which signifies that the rails
did not encounter significant deterioration. In this regard, the condition ratings of surface
defects, rail cracks and internal defects and rail wear were 10%. In the ballast, the condition
categories of ballast profile and drainage defects were found to be in the “Normal” state
(see Figure 10).

As shown in Figure 11, sleepers condition defects were in a more deteriorated per-
formance state than sleepers component defects. The condition ratings of the sleepers’
condition defects and the sleepers’ components defects were equal to 33.58% and 10%,
respectively. This denoted that the sleepers’ condition defects and sleepers’ components
defects lied in the condition categories of “Priority 3” and “Normal”, respectively. Figure 12
illustrated that track geometry and insulated rail joints were not subjected to any signifi-
cant deterioration, whereas their condition ratings were calculated to be 10%. Figure 13
shows that the overall condition is 17.64%, which indicates the Normal category and thus
no intervention actions need to be taken. The component conditions show that all the
components are in a normal condition level. Both the decision and the condition give the
same results.
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Figure 10. Synthesized condition assessment of rails in case study 2.
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Figure 11. Synthesized condition assessment of the ballast and sleepers in case study 2.
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Figure 12. Synthesized condition assessment of track geometry and insulated rail joints in case study 2.
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Figure 13. Condition assessment of railway components in case study 2.

4.2 .3. Prioritization of Intervention Actions

One of the useful applications of the developed model is its use for prioritizing
different railway components for maintenance based on the obtained condition indices.
Table 7 presents the condition indices of railway components and the overall railway
condition index for the five case studies. It is worth mentioning that more deteriorated
railway components require urgent repair. The condition of ballasts (2) is the respective
performance condition of the second case study and the condition of insulated rail joints
(4) is the respective performance condition of the fourth case study. As shown in Table 7,
the condition of the rail, ballast, geometry and insulated rail joints of the fifth case study
are worse than others, thus they should be repaired first. Furthermore, it can be concluded
that the condition of sleepers of the first case study is more deteriorated than other case
studies thus it needs to be maintained early. It can be also observed that the rails, track
geometry and insulated rail joints in the first, fourth and fifth case studies alongside
ballasts in the second case study experience lower levels of deterioration. In this regard,
the performance condition ratings of sleepers in the first, second, third, fourth and fifth
case studies are 49.87%, 28.37%, 27.89%, 29.28% and 29.78%, respectively. It was also
found that the condition ratings of ballasts in the first, second, third, fourth and fifth case
studies are 31.07%, 10%, 34.51%, 35.57% and 49.16%, respectively. It can be also concluded
that the overall condition of railway infrastructure may be misleading, and hence railway
maintenance prioritization at both the project and network levels can serve as a better
approach for sorting intervention actions.

Table 7. Maintenance prioritization of railway components.

Railway

Railway

Railway Railway Railway

Component Condition Component Condition Component Condition Component Condition Component Condition
Rail (1) 10% Ballast (1) 31.07% Sleepers (1) 49.87% Geometry (1) 10% I“]?(‘)‘ilig?f)aﬂ 10%
Rail 2) 10% Ballast (3) 10% Sleepers (2) 28.37% Geometry (2) 10% I“]?(‘jilﬁ::‘(i;)aﬂ 10%
Rail (3) 21.29% Ballast (3) 34.51% Sleepers (3) 27.89% Geometry (3) 39.61% I“]?(l)‘ilg::?;)aﬂ 27.9%
Rail (4) 27.32% Ballast (4) 35.57% Sleepers (4) 29.28% Geometry (4) 39.12% I“]?(‘jil;‘::?;)aﬂ 42.39%
Rail (5) 30.43% Ballast (5) 49.16% Sleepers (5) 29.78% Geometry (5) 58.32% I“]?gilral:sc(lsgaﬂ 49.75%

4.3. Sensitivity Analysis Results

As described earlier, a sensitivity analysis is carried out to find the most significant
railway components and study the robustness of the developed maintenance decision
support system. The weights of defects are altered by 20%, 40%, 60%, 80% and 100%, such
that the weights of the remainder of railway components and their implications are obtained
using Equations (10) and (11), respectively. Figure 14 demonstrates the implications of
the different weight scenarios on the overall condition of the railway infrastructure. The
implications are measured in the form of absolute deviation in the condition index. For
instance, a 60% change in the weight of the rails generates an ADCI of 3.18%. In addition,
it can be observed that a change of 80% in the weight of the sleepers induces an ADCI of
12.87%. With regards to geometry, a 40% variation in its weight creates an ADCI of 4.77%.
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Figure 14. Sensitivity analysis of case study 1.

Based on the five weight change scenarios in each railway component, results show
that the average values of the ADCI of the rail, ballast, sleepers, geometry and insulated
rail joints are 3.26%, 0.66%, 9.76%, 6.96% and 1.97%, respectively. This implies that the
change in the weights of sleepers and geometry have the highest influence on the overall
railway condition while the ballast has the least influence. It was also found that across
the different scenarios of the rail, ballast, geometry and insulated rail joints, the overall
condition of the railway remains in the Normal category. The overall condition of the
railway enters the Priority 3 category in the different weight change scenarios of sleepers.

Figure 15 describes the results of the sensitivity analysis applied to the second case
study. As depicted in Figure 15, a modification of 100% in the weights of sleepers generates
an ADCI of 8.17%. It can be also noticed that 80% change in the importance of the weighting
of geometry induces an ADCI of 4.16%. It can be also observed that 60% changes in
the weights of the ballast and insulated rail joints produce ADCIs of 1.76% and 0.84%,
respectively. As a result of the five weight change scenarios, the average values of the ADCI
of the rail, ballast, sleepers, geometry and insulated rail joints are 1.46%, 1.77%, 5.46%,
3.11% and 0.88%, respectively. Hence, the change in the weights of sleepers has the highest
effect on the overall condition followed by geometry. Ballast and rail have nearly the same
influence on the overall condition while joints have a slight implication on the overall
condition of railway infrastructure. It can be also concluded that the overall condition
of the railway infrastructure remains in the normal category across the different weight
changes of the rail, ballast, sleepers, geometry and insulated rail joints. In view of the
above, it can be inferred that the developed model exhibits robust performance despite the
explicit changes in the importance weights of different railway components.
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Figure 15. Sensitivity analysis of case study 2.

In view of the above, the main contributions of the present research study lie in the
following:

1. Developing a fuzzy defect-based model that could reflect the actual performance
condition of the different railway components.

2. Establishing a condition assessment model that that covers six different speed levels
of the railway system.

3.  Creating a maintenance prioritization model that integrates both project and network-
level decisions.

4. Designing an automated platform to facilitate the implementation of the developed
condition assessment model by the users.

5. Conclusions

Railway infrastructure is vulnerable to severe deterioration agents such as frequent
and extreme weather changes, continuous loading, high train speeds, lack of inspection and
improper maintenance. Furthermore, available maintenance budgets are being trimmed.
As such, this research develops a new model for railway infrastructure condition assess-
ment, using fuzzy-based evaluation. To build this model, the infrastructure of the railway
is divided into five main components: rails, sleepers (ties), ballasts, track geometry and
insulated rail joints. Then, defects concerning each of the abovementioned components are
categorized based on the nature of defects. Moreover, online and hard copy questionnaires
are developed for experts’ opinions to define the relative importance weight of the com-
ponents, defects categories and defects. Based on the fourteen collected surveys, an ANP
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model has been created using SuperDecisions software to find the weights. Furthermore,
defect severities have been gathered through Australian manuals. Accordingly, fuzzy
membership functions are developed to uniform the different defect measuring criteria
and to define the linguistic severity levels with numerical values. The outputs of the fuzzy
membership functions are used along with the ANP weights as input in the developed
TOPSIS model to aggregate the severities and the weights and to find the condition for the
defect categories, the components and the overall aggregated condition, which is translated
to a condition category to be used by decision-makers for rehabilitation purposes. The
developed model was validated through a group of case studies in Ontario, Canada.

Results showed that the overall condition of the railway of the first and second case
studies were 28.74% and 17.64%, respectively. This implied a normal condition category and
no intervention actions were needed. Furthermore, the developed condition assessment
model was successfully applied for the sake of prioritizing intervention actions of railway
components. The conducted the weights sensitivity analysis showed that sleepers and
geometry had the highest influence on the overall condition while the weight of insulated
rail joints exhibited the least influence. The sensitivity analysis also showed that the
change of the component weights does not have a considerable influence on the overall
condition for the case studies utilized in this research, which exemplifies the robustness of
the developed condition assessment model. This model helps in minimizing the inaccuracy
of railway condition assessment through the application of severity, uncertainty mitigation
and robust aggregation. The developed model is able to incorporate a wide set of defects
and components that covers all aspects of the railway infrastructure. It increases the
safety of railway track by minimizing the human errors associated with assessing the
track condition. It also benefits asset managers by providing detailed condition of railway
components, defects and defect categories alongside the overall condition to be used or
maintenance, rehabilitation and budget allocation purposes.
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Table A1l. Severity Levels Description [4].

Severity Level

Description

Low

Distresses that do not affect train operation

Moderate

Distresses that may or may not cause an operating restriction on the track

High

Distresses that cause operating restrictions on the track and may prevent train operation
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Appendix B
Table A2. Condition Assessment Scale [5].

Category Index Condition Description
Very few defects. Track function is not impaired. No immediate work action is required, but

Excellent 100-85 . . . .
routine or preventive maintenance could be scheduled for completion.
Minor deterioration. Track function is not impaired. No immediate work action is required.

Very Good 70-85 . . . .
However, routine or preventive maintenance could be scheduled for completion.
Good 55_70 Moderate deterioration. Track function may be somewhat impaired. Routine maintenance or
minor repair may be required.
Fair 40-55 Significant deterioration. Track function is impaired, but not seriously. Routine maintenance or

minor repair is required.

Severe deterioration over a small percentage of the track. Less severe deterioration may be
Poor 25-40 present in other portions of the track. Track function is seriously impaired. Major repair
is required.

Critical deterioration has occurred over a large percentage or portion of the track. Less severe
Very Poor 10-25 deterioration may be present in other portions of the track. Track is barely functional. Major
repair or less than total reconstruction is required.

Extreme deterioration has occurred throughout nearly all or the entire track. Track is no longer

Failed 0-10 functional. Major repair, complete restoration or total reconstruction is required.
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