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Abstract
Track geometry bear huge static and dynamic forces that accelerate degradation process. As a result,
railway track should be inspected regularly to detect geometry faults and to plan maintenance actions
in advanced. An inspection plan that minimizes track maintenance cost is highly desirable by
infrastructure managers. This paper proposes constructing an integrated model to identify the
optimum track geometry inspection interval. To this end, it develops a long term prediction model
combining degradation, shock event, and tamping recovery models. It applies the Wiener process to
model track geometry degradation, simulates shock event times using an exponential distribution, and
uses a probabilistic model to model recovery after tamping. With the proposed integrated model and
simulation, it is possible to identify the optimum track geometry inspection frequencies that minimize
total track maintenance costs.
Keywords: Degradation, inspection, Track geometry, maintenance cost, optimization, recovery
model, shock model, simulation, tamping, Wiener process
1. Introduction
Railway track degrades with age and usage, losing its functionality over time. Inspection and
maintenance tasks are intended to detect geometry faults, to control the degradation process, and to
protect against unacceptable consequences. In order to define an effective inspection interval,
constructing a long term prediction model for track geometry condition is essential. To create such a
model, degradation, shock event, and recovery models can be constructed and combined. Since
inspection has a profound impact on total cost, it is necessary to identify the cost effective inspection
interval as one of several alternatives to minimize total track maintenance cost.
This paper proposes an integrated model to identify the cost effective track geometry inspection
interval. To model track geometry degradation, it suggests applying the Wiener process to each track
section. In addition, it simulates shock event times using an exponential distribution. Finally, to model
tamping recovery values, it takes a probabilistic approach by considering the effect of track geometry
condition before tamping on the recovery value of tamping. The parameters of the respective models
are estimated using data collected by the measurement wagon STRIX/IMV200. The paper develops a
cost model to compute the total cost of the inspection strategy, considering the costs associated with
tamping intervention, inspection, and penalties, and tests the model using a case study from the
Swedish railway system.
The rest of this paper is organized as follows. Information on the railway line used as a case study is
provided in Section 2. Section 3 describes the application of the Wiener process for track geometry
degradation modeling. The proposed approach to modeling the shock events is explained in Section
4, and the suggested recovery after tamping model is presented in Section 5. Integration of the
degradation, shock event, and recovery models for long term prediction of the track geometry
condition of each track section is explained in Section 6. The total costs of various inspection
scenarios are compared in Section 7. Finally, Section 8 provides a conclusion.

2. Line information and data collection
The Main Western Line in Sweden (Västra Stambanan) is the main railway line between Stockholm and
Gothenburg. The maximum speed of trains on the Main Western Line is around 200 km/h. Line 414
between Järna and Katrineholm Central Station is used as the case study. The relevant data on the line
were collected from 2007 to 2015 by Optram, a system used since 2007 by Banverket (the former
Swedish Rail Administration) and Trafikverket (Swedish Transport Administration) to study
measurements of the track and overhead lines [1]. Numerous environmental and structural factors affect
track geometry condition, and various different geometry degradation behaviors can be observed along
the track length. To acquire a better understanding of track geometry condition over the track length,
line section 414 was divided into 200-meter track sections. The study uses the measurement data
gathered by measurement wagon STRIX/IMV200.
3. Degradation model
Modeling track geometry degradation can take either a stochastic or a deterministic approach. Readers
are referred to Soleimanmeigouni et al. [2] for further study on different track geometry degradation
models. To accurately model track geometry degradation, uncertainty must be considered in the
degradation modeling process. The present study uses the Wiener process to model track geometry
degradation because of its ability to capture uncertainty.
The Wiener process has been widely applied to degradation modeling in various fields, e.g. bearings,
laser generators and milling machines [3]. A stationary Wiener process is particularly well suited to
model the evolution of a degradation mechanism characterized by a linear increase over time with
random noise. Such a process has continuous sample paths and independent, stationary and normally
distributed increments [4]. A Wiener process-based model is characterized by a drift parameter
representing the expected degradation rate and a Brownian motion term to consider the non-monotonic
behavior. According to Kahle et al. [5], the formula for the Wiener process can be expressed as:
𝑍𝑍(𝑡𝑡) = 𝑧𝑧0 + 𝜇𝜇𝜇𝜇 + 𝜎𝜎𝜎𝜎(𝑡𝑡)

(1)
where 𝑍𝑍(𝑡𝑡) is the degradation measure described by the model, 𝑧𝑧0 is the initial degradation, 𝜇𝜇 is the drift
coefficient, 𝜎𝜎 is the diffusion coefficient, and 𝑊𝑊(𝑡𝑡) is the standard Brownian motion representing the
stochastic dynamics of the degradation process [4]. Time in the model can be represented as:
𝑡𝑡 = 𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙ℎ × 𝑛𝑛
where 𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙ℎ is the time step length and 𝑛𝑛 is the number of steps.

(2)

The Wiener process is associated with the concept of Brownian motion. Hence, it can be represented
by the following formulation:
𝑍𝑍(𝑡𝑡) = 𝑧𝑧0 + 𝑁𝑁�𝜇𝜇𝜇𝜇, 𝜎𝜎√𝑡𝑡�
(3)
The expected value of the Wiener process with the drift coefficient 𝜇𝜇 is 𝐸𝐸�𝑍𝑍(𝑡𝑡)� = 𝜇𝜇𝜇𝜇, and the variance is
𝑉𝑉𝑉𝑉𝑉𝑉(𝑍𝑍(𝑡𝑡)) = 𝜎𝜎 2 𝑡𝑡.

Using the measurement data obtained by measurement wagon STRIX/IMV200, the drift coefficient and
diffusion coefficients are determined using the method of maximum likelihood estimation (MLE) for each
track section. For the Wiener process time step, a period of two weeks is selected to simulate the
degradation behavior of each track section. In this study, the standard deviation of longitudinal level
(SDL) is considered to represent track condition, as vertical defects grow slightly more rapidly than
horizontal ones [6]. It should be noted that, it is assumed that traffic will be constant during the time
horizon of the study. In order to consider the effect of the change in traffic in degradation model, the
track geometry degradation should be modeled as a function of passing tonnage instead of time.
4. Shock model
Track geometry can be expressed by a degradation relevant stochastic model, in which the system fails
whenever its degradation level exceeds a specific threshold. In addition to the normal process of
degradation, the condition of the track geometry may be subject to shock events causing sudden
increments in degradation model parameters [7]. This study assumes shock events are independent
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and identically distributed (i.i.d). It also assumes the occurrence rate of shock events remains constant
and only one shock may occur for a track section in the time horizon of the study. Therefore, there is no
need to consider inter arrival time between shock events. An exponential distribution is therefore applied
to estimate the time to shock events and expressed as:
(4)
𝑓𝑓(𝑡𝑡𝑠𝑠 ) = 𝜃𝜃𝑒𝑒 −𝜃𝜃𝑡𝑡𝑠𝑠 , 𝑡𝑡 ∈ [0, ∞)
where 𝜃𝜃 is the occurrence rate of shock events, and 𝑡𝑡𝑠𝑠 is the time of the shock event. To estimate the 𝜃𝜃,
the MLE method is applied. It should be noted that for a significant number of sections a sudden
increment in degradation level between two inspection intervals are observed. Thus estimating the
occurrence rate of shock events is possible. For several track sections, there is no shock event in the
time horizon of this study; therefore, right censored data are involved in the estimation process. For a
right censored section, the only known fact is that the 𝑡𝑡𝑠𝑠 is greater than the time horizon of the study.
Hence, the maximum likelihood function for unknown parameter 𝜃𝜃 is as follows:
𝑟𝑟

𝑟𝑟+𝑚𝑚

𝑖𝑖=1

𝑗𝑗=𝑟𝑟+1

𝐿𝐿(𝜃𝜃) = � 𝑓𝑓(𝑡𝑡𝑠𝑠 𝑖𝑖 ) � 1 − 𝐹𝐹(𝑡𝑡𝑠𝑠 𝑖𝑖 )
𝑟𝑟

𝐿𝐿(𝜃𝜃) = � 𝜃𝜃𝑒𝑒
𝑖𝑖=1

−𝜃𝜃𝑡𝑡𝑠𝑠 𝑖𝑖

𝑟𝑟+𝑚𝑚

� 𝑒𝑒 −𝜃𝜃𝑡𝑡𝑠𝑠

𝑗𝑗=𝑟𝑟+1

(5)

𝑖𝑖

(6)

where 𝐿𝐿(𝜃𝜃) is the likelihood function, 𝑓𝑓(𝑡𝑡𝑠𝑠 𝑖𝑖 ) is the probability density function (pdf) of 𝑡𝑡𝑠𝑠 for section
number 𝑖𝑖, 𝐹𝐹(𝑡𝑡𝑠𝑠 𝑖𝑖 ) is the cumulative distribution function (cdf) of 𝑡𝑡𝑠𝑠 for section number 𝑖𝑖, 𝑟𝑟 is the number of
sections without censored data, and 𝑚𝑚 is the number of sections with censored data. To find the MLE
estimation, the likelihood function should be maximized with respect to the unknown parameter 𝜃𝜃. For
� as 0.0414
the case study, using the collected data, we estimate the occurrence rate of shock events 𝜃𝜃
per year. Therefore, we use the exponential distribution with the above-mentioned rate to simulate the
time to shock event for each track section. Estimating the values of sudden increments in degradation
level is the next step. As it mentioned before the shocks are occurred for a number of track sections and
enough data is available for finding the distribution of the shock event values. In this regard, different
distributions are fitted on the shock event values. The Anderson-Darling test is used as the goodnessof-fit criterion. As shown in Table 1, the lognormal distribution has the smallest Anderson-Darling
values. Since for three-parameter lognormal distribution there is no established method for calculating
the p-value, firstly the corresponding p-value for lognormal distribution should be examined and then the
likelihood ratio test (LRT) p-value for three-parameter lognormal distribution should be examined. Since
the LRT p-value for three-parameter lognormal is small we can conclude that three parameter lognormal
is significantly better than two parameter lognormal. The three parameter lognormal distribution for
value of sudden increment has the following pdf:
(ln(v𝑠𝑠 − 𝜏𝜏) − µ)2
�
(7)
2σ2
(v𝑠𝑠 − τ)σ√2π
where v𝑠𝑠 is the value of a sudden increment in degradation level, µ is the location parameter, σ is the
scale parameter,and 𝜏𝜏 is the threshold parameter . For the fitted distribution, the estimated location,
scale, and threshold parameters are -1.8, 0.53, and 0.07 respectively. Therefore, the three-parameter
lognormal distribution is used to simulate random values for sudden changes in degradation level.
f(V𝑠𝑠 ) =

1

exp �−

Table 1. Results for the distribution fitted to shock values
Normal
Gamma
Weibull
Exponential
Lognormal
3 parameter lognormal

Anderson-Darling
3.34
1.2
2.73
19.71
0.608
0.412

P-value
<0.005
<0.005
<0.01
<0.003
0.11
*
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5. Tamping recovery model
Tamping is one of the major activities carried out by infrastructure maintenance managers to remedy
track geometry failures. Although tamping will improve the track geometry condition, it cannot restore
the geometry condition to an as-good-as-new state. This study assumes the recovery after tamping for
longitudinal level is a random variable with a specific distribution. Therefore, it requires a distribution that
can be fitted on the recovery values. After the distribution is selected, the parameters of the distribution
should be considered as a function of the track geometry condition before tamping. The AndersonDarling test serves as the goodness-of-fit criterion. As shown in Table 2, the three-parameter Weibull
distribution has the smallest Anderson-Darling values and a greater P-value than 0.05. Therefore, the
three-parameter Weibull distribution is the best choice to represent the data. The three-parameter
Weibull distribution for the recovery value of the longitudinal level has the following pdf:
𝛽𝛽

𝛽𝛽 𝑅𝑅 − 𝛾𝛾 𝛽𝛽−1 �−�𝑅𝑅−𝛾𝛾
𝛼𝛼 � �
(8)
𝑓𝑓(𝑅𝑅) = �
�
𝑒𝑒
𝛼𝛼
𝛼𝛼
where 𝑅𝑅 is the recovery value for the SDL, 𝛽𝛽 is the shape parameter, 𝛼𝛼 is the scale parameter, and 𝛾𝛾 is
the location parameter. The mean and variance of the distribution can be represented as follows:
1
𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀(𝑅𝑅) = 𝛾𝛾 + 𝛼𝛼Γ(1 + )
𝛽𝛽

(9)
2

2
1
𝑉𝑉𝑉𝑉𝑉𝑉(𝑅𝑅) = 𝛼𝛼 2 �𝛤𝛤 �1 + � − �𝛤𝛤 �1 + �� �
𝛽𝛽
𝛽𝛽

(10)

where Γ represents the gamma function. For the fitted distribution, the estimated location, shape and
scale parameters are -0.029, 2.566 and 0.603, respectively. In this regard, to model the recovery after
tamping for the longitudinal level and cope with the uncertainty of the recovery after tamping for different
track geometry conditions before tamping, the study assumes the recovery after tamping follows the
three-parameter Weibull distribution, and the parameters of the distribution are a function of the track
geometry condition before the tamping intervention.
Table 2. Results for the distribution fitted to recovery values after tamping for SDL

Normal
2-Parameter Weibull
2-Parameter Gamma
Logistic
3-Parameter Weibull

AndersonDarling
0.414
0.245
1.413
0.689
0.177

Pvalue
0.332
>0.250
<0.005
0.043
>0.500

As the mean and variance of the recovery of the longitudinal level are directly proportional to the scale
and location parameters and inversely proportional to the shape parameter, the scale, shape and
location parameters are assumed to be a function of the SDL before tamping and are expressed as:
𝛼𝛼 = 𝑎𝑎𝑎𝑎 + 𝑏𝑏
1
𝛽𝛽 =
𝑐𝑐𝑐𝑐 + 𝑑𝑑
𝛾𝛾 = 𝑒𝑒𝑒𝑒 + 𝑓𝑓

(11)
(12)
(13)

where 𝜌𝜌 is the SDL before tamping, and a, b, c, d, e, and f are the model coefficients. The method of
maximum likelihood estimation (MLE) is applied to estimate the value of these coefficients. The
estimated parameters are 𝑎𝑎
� = 0.896, 𝑏𝑏� = 0.091, 𝑐𝑐� = 0, 𝑑𝑑� = 0.088, 𝑒𝑒� = −0.28, 𝑓𝑓� = −0.22.
6. Long term prediction model

By combining degradation, shock event, and recovery models, we can predict the long-term behavior of
the track geometry for each track section. By considering different thresholds, this prediction can be
used to compare different inspection strategies and select the one that will give the lowest cost. Two
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main threshold levels are considered in this study. When degradation reaches the first threshold, 𝜏𝜏1 ,
corrective maintenance should be performed on the track section and a penalty cost is incurred. Once
degradation passes the second threshold, 𝜏𝜏2 , a larger penalty cost is incurred. In this study, tamping
interventions are considered corrective maintenance actions. To estimate the time for the degradation
level to reach the first and second thresholds, the Wiener process and shock model should be applied
simultaneously. By involving the recovery model in the prediction model and by considering equations
14,15,16,17, expressed below, the long term behavior of track geometry condition of each track section
can be simulated.
𝑥𝑥�𝑡𝑡1 = 𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙ℎ × 1� = 𝑧𝑧�𝑡𝑡1 = 𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙ℎ × 1�

∀ 1 < 𝑛𝑛 ≤ 𝑁𝑁
𝑥𝑥�𝑡𝑡𝑛𝑛+1 = 𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙ℎ × (𝑛𝑛 + 1)� = 𝑥𝑥�𝑡𝑡𝑛𝑛 = 𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙ℎ × 𝑛𝑛� + 𝜇𝜇𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙ℎ + 𝜎𝜎𝜎𝜎(𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑙𝑙𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒ℎ ) + 𝑣𝑣𝑠𝑠𝑖𝑖 − 𝑅𝑅

𝑠𝑠. 𝑡𝑡:

𝐼𝐼𝐼𝐼 𝑡𝑡𝑠𝑠𝑖𝑖 > 𝑡𝑡𝑛𝑛 𝑎𝑎𝑎𝑎𝑎𝑎 𝑡𝑡𝑠𝑠𝑖𝑖 < 𝑡𝑡𝑛𝑛+1
𝑣𝑣𝑠𝑠𝑖𝑖 = �
𝑂𝑂𝑂𝑂ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒
𝑇𝑇
𝑎𝑎𝑎𝑎𝑎𝑎 𝑛𝑛 ≤ 𝑁𝑁
𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙ℎ
𝐼𝐼𝐼𝐼 𝑥𝑥(𝑡𝑡𝑛𝑛 ) > 𝜏𝜏1
𝑅𝑅 = �𝐼𝐼𝐼𝐼 𝑥𝑥(𝑡𝑡𝑛𝑛 ) < 𝜏𝜏1
∀ 𝑛𝑛 =

𝑖𝑖𝑖𝑖 𝑎𝑎 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑡𝑡ℎ𝑒𝑒 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑖𝑖𝑖𝑖 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 4
0

𝑖𝑖𝑖𝑖 𝑎𝑎 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 𝑡𝑡ℎ𝑒𝑒 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑖𝑖𝑖𝑖 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 5
0

(14)
(15)

(16)

(17)

where 𝑥𝑥(𝑡𝑡) is the standard deviation of longitudinal level at time 𝑡𝑡 , 𝑛𝑛 is the step number, 𝑁𝑁 is the
maximum number of time steps, 𝑡𝑡𝑛𝑛 is time at step number 𝑛𝑛, 𝑡𝑡𝑠𝑠𝑖𝑖 is the time of the 𝑖𝑖𝑡𝑡ℎ shock, and 𝑣𝑣𝑠𝑠𝑖𝑖 is the
value of the sudden increment of the 𝑖𝑖𝑡𝑡ℎ shock. In addition, 𝜇𝜇 , 𝜎𝜎, and 𝑊𝑊(𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙ℎ ) are the defined
parameters as per equation 1. Figure 1 shows the simulated long term behavior of an arbitrary selected
track section from line 414. Note that the simulation was performed for all 111 track sections in the case
study.

Figure 1. Simulation of long term behavior of track geometry for a 200 meter track section
7. Evaluation of the most cost effective inspection interval
This section compares four scenarios to find the inspection strategy that result in the lowest cost. The
inspection intervals for scenario one, two, three, and four are 6, 12, 24, and 48 weeks, respectively. It is
assumed 𝜏𝜏1 and 𝜏𝜏2 are 1.8 mm and 2.3 mm respectively for SDL. To find the best inspection scenario
among all available choices, the cost function must be defined. The tamping cost, inspection cost,
penalty cost for exceeding 𝜏𝜏1 , and penalty cost for exceeding 𝜏𝜏2 are all considered in the cost function.
The cost function, therefore, is defined as:
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 = (𝑁𝑁𝐼𝐼 . 𝐶𝐶𝐼𝐼 ) + (𝐸𝐸(NT ) . CT ) + (𝐸𝐸(𝑇𝑇𝜏𝜏1 ). 𝐶𝐶𝜏𝜏1 ) + (𝐸𝐸(𝑇𝑇𝜏𝜏2 ). 𝐶𝐶𝜏𝜏2 )

(18)
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where 𝑁𝑁𝐼𝐼 is number of inspections, NT is number of tamping interventions, 𝑇𝑇𝜏𝜏1 is total duration over 𝜏𝜏1
(days), 𝑇𝑇𝜏𝜏2 is total duration over 𝜏𝜏2 , 𝐶𝐶𝐼𝐼 is inspection cost per 200 meters × total number of sections, CT is
tamping intervention cost per 200 meters, 𝐶𝐶𝜏𝜏1 is penalty cost for exceeding 𝜏𝜏1 per day, 𝐶𝐶𝜏𝜏2 is penalty
cost for exceeding 𝜏𝜏2 per day. Based on the study by Arastehkhouy et al. [8], the costs of inspection and
corrective tamping are 240 SEK and 5000 SEK respectively for each 200-meter section. The study
assumes the penalty costs for exceeding IL and IAL are 200 SEK and 15,000 SEK per day,
respectively. The time horizon of this study is assumed to be 7.5 years.
Table 3 shows the simulation results for the four inspection scenarios for a time horizon of 7.5 years.
Table 3. Simulation results of four inspection scenarios
Expected total time duration over 𝜏𝜏1 (days)
Expected total time duration over 𝜏𝜏2 (days)
Expected number of tamping interventions in
time horizon
Number of inspections in time horizon

Scenario 1
540
0
128

Scenario 2
960
0
125

Scenario 3
1,576
10
117

Scenario 4
2,798
90
113

64

32

16
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As it can be seen in Table 3, when 64 inspection is performed on the track, 128 tamping interventions
are conducted. It does not mean that in each inspection cycle two tamping is conducted. In fact, it
means that 128 tamping interventions are performed on individual track sections on the time horizon of
the study. When more inspections are performed on the track, for some sections more tamping would
be conducted to prevent exceeding the 𝜏𝜏2 threshold. In fact, since by a shorter interval the tamping
may conducted in a lower degradation level, the probability of exceeding the 𝜏𝜏2 threshold will
decrease. Table 4 shows the total cost incurred by different inspection scenarios. Inspecting the track
every 24 weeks clearly results in the lowest total cost. In scenario 1, the inspection interval is too small
and leads to high inspection and tamping costs. When the inspection interval is increased from 12
weeks to 24 weeks, the total time duration over 𝜏𝜏2 is also increased, thereby incurring a significant
penalty cost. However, because there are fewer inspections and tamping interventions (see Table 4),
the total cost of the third scenario is lower. When the inspection interval is increased to 48 weeks the
total time duration over 𝜏𝜏1 and 𝜏𝜏2 increases dramatically, generating a huge penalty cost. Hence,
inspection scenario 4 is not cost ineffective.
Table 4. Total cost (SEK) of inspection scenarios 𝐶𝐶𝜏𝜏1 = 200 𝑎𝑎𝑎𝑎𝑎𝑎 𝐶𝐶𝜏𝜏2 = 15000

Inspection scenario
Total cost

6 weeks
3,077,600

12 weeks
2,286,800

24 weeks
2,057,600

48 weeks
3,250,800

To identify how changes in 𝐶𝐶𝜏𝜏1 and 𝐶𝐶𝜏𝜏2 affect the total cost, a sensitivity analysis is performed; the
results appear in Table 5. The total cost of the four inspection scenario is computed for four different
combination of 𝐶𝐶𝜏𝜏1 and 𝐶𝐶𝜏𝜏2 .Following table 5, by increase the 𝐶𝐶𝜏𝜏1 to 1000 SEK performing inspection at
every 12 weeks will yields the lowest total cost. When 𝐶𝐶𝜏𝜏1 is high, it is desirable to reduce the total time
duration over 𝜏𝜏1 by performing inspections at shorter intervals. A reduction in 𝐶𝐶𝜏𝜏2 to 5,000 SEK reduces
the share of total time duration over 𝜏𝜏2 in the total cost. In this case, as the table shows, the total cost of
inspection scenario 4 is significantly low compare to other three combination of 𝐶𝐶𝜏𝜏1 and 𝐶𝐶𝜏𝜏2 . Finally, an
increase in 𝐶𝐶𝜏𝜏2 to 50,000 SEK may incur a huge penalty cost by exceeding 𝜏𝜏2 . Therefore, the fourth
scenario has a significantly higher total cost than other alternatives. In this situation, performing
inspections every 12 weeks result in the lowest total cost. In order to have a more comprehensive
sensitivity analysis, the effect of changes in model inputs such as parameters of degradation, shock,
and recovery models on total cost also can be considered. A change in these parameters may cause a
different track geometry behavior. As a result, it will affect the parameters of cost model. However, this
analysis is considered as a challenge for the further works.
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Table 5. Variation of total cost (SEK) of the inspection scenarios for different combination of 𝐶𝐶𝜏𝜏1 and 𝐶𝐶𝜏𝜏2
Cost values

𝐶𝐶𝜏𝜏1 = 100 𝑎𝑎𝑎𝑎𝑎𝑎 𝐶𝐶𝜏𝜏2 = 15,000
𝐶𝐶𝜏𝜏1 = 1,000 𝑎𝑎𝑎𝑎𝑎𝑎 𝐶𝐶𝜏𝜏2 = 15,000
𝐶𝐶𝜏𝜏1 = 200 𝑎𝑎𝑎𝑎𝑎𝑎 𝐶𝐶𝜏𝜏2 = 5,000
𝐶𝐶𝜏𝜏1 = 200 𝑎𝑎𝑎𝑎𝑎𝑎 𝐶𝐶𝜏𝜏2 = 50,000

6 weeks
3,023,600
3,509,600
3,077,600
3,077,600

Inspection scenario
12 weeks
24 weeks
2,190,800
1,900,000
3,054,800
3,318,400
2,286,800
1,957,600
2,286,800
2,407,600

48 weeks
2,971,000
5,489,200
2,350,800
6,400,800

8. Conclusion

This paper proposes using an integrated model to identify a cost-effective track geometry inspection
interval. The proposed model contains three sub models: degradation, shock event, and tamping
recovery. First, to model track geometry, it applies a degradation Wiener process. The Wiener process
is able to capture the uncertainty of track geometry degradation. Second, it uses an exponential
distribution to simulate shock event times. If the degradation and shock models are integrated, it is
possible to estimate the time to reach the maintenance thresholds. Third, to estimate tamping recovery
values, the paper suggests a probabilistic approach, as with this approach, it is possible to predict the
long term track geometry condition of each track section. The final integrated model facilitates
estimation of total time duration over first and second thresholds, along with the number of inspections
and tamping activities in the time horizon of the study. The model allows the comparison of different
scenarios for track geometry inspections to find the one with lowest total cost. The case study indicates
the simulated track geometry condition using the integrated model follows a pattern similar to the real
track geometry condition. The results of the case study clearly show the proposed methodology properly
identifies optimal cost-based inspection intervals. The same methodology can be used to identify
optimal inspection intervals to suit different objectives.
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