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ABSTRACT 
 
There are many methods and instruments developed for the monitoring of the functional condition of the rails of 
railway track systems. However, the nondestructive evaluation of railway ballast is still relying on visual 
inspection. It must be pointed out that visual inspection is only effective to observe ballast damage on the 
surface. For ballast damage under the sleeper, they are impossible to be detected by visual inspection. The main 
function of the ballast is to support the sleeper and keep it in position. If the ballast is damaged, the stiffness that 
can be provided in supporting the sleeper will be reduced. As a result, the vibration characteristics of the 
rail-sleeper-ballast system will be altered. Therefore, it is possible to detect the damage of ballast under the 
sleeper based on the measured vibration responses of the in-situ sleeper. This paper focuses on the modeling of 
the rail-sleeper-ballast system and the training of Artificial Neuron Networks (ANN) to learn the relationships 
between the ballast stiffness distribution under the sleeper and the corresponding vibration characteristics. The 
ANN is trained by data generated from computer simulation, and the trained ANN is used to “estimate” the 
ballast stiffness distribution utilizing the measured vibration characteristics of the sleeper. In order to study the 
feasibility of the proposed method, a segment of a full-scale ballasted track was built and tested under laboratory 
conditions. The experimental case study results are very encouraging showing that it is possible to apply the 
proposed method for check the “health” status of ballast under a sleeper.  
 
KEYWORDS 
 
Structural damage detection, modal identification, stiffness distribution, railway ballast, concrete sleeper, 
artificial neuron networks. 
 
INTRODUCTION 
 
The ballasted track is the most popular trackform in railway system. Rails are installed on sleepers, which are 
embedded in a ballast layer. Ballast retains the sleepers in their required position and distributes the wheel load 
from rail to the subgrade. It plays an important role in the railway safety. After years of service, the ballast will 
be degraded. In this paper, ballast damage is defined as the reduction in stiffness of the ballast in support the 
sleeper. The damaged ballast may cause track settlement, track buckle or track twist, and the consequences can 
be very serious, such as derailment. For example, a Canadian Pacific Railway train was derailed on 5 February 
2003, due to damaged ballast (TSB 2003) and a Canadian National freight train was derailed on 4 July 2005, 
due to track buckle (TSB 2005). Many non-model based track bed evaluation methods were developed for the 
monitoring of ballast. For example; Track Geometry/Overhead Line Inspection Vehicle, Ground Penetrating 
Radar, Falling Weight Deflectometer, Multichannel Analysis of Surface Waves and Continuous Surface Wave 
System. However, all of these methods focus on the “average” stiffness of a ballast layer, but not the distribution 
of ballast stiffness within a layer. Therefore, they may not be suitable for the purpose of ballast damage 
detection. The evaluation of railway ballast is still relying heavily on visual inspection. It must be pointed out 
that visual inspection is only effective to observe ballast damage on the surface. Ballast damage under the 
sleeper is impossible to be detected by visual inspection. The stiffness provided by the ballast in supporting a 
sleeper depends on the size and packing level of the ballast (Kaewunruen and Remennikov 2007). The changes 
in this stiffness will induce changes in the vibration characteristics of the in-situ sleeper. As a result, it is 
possible to detect the damage of ballast under the sleeper based on the measured vibration responses of the 
in-situ sleeper. One of the key factors controlling the success of the model-based ballast damage detection 
method is a representative numerical model to capture the dynamic behavior of the rail-sleeper-ballast system. 
Grassie (1995) studied the dynamic characteristics of 12 types of sleepers under free-free conditions through 

mailto:pwmsmtw@mtr.com.hk


 

 2 

computer simulation and experiments. Zhai et al. (2004) proposed the modelling of the dynamic behaviour of 
the ballast under the sleeper as a cone of vibrating mass. Kaewunren and Remennikov (2007) carried out the 
study on the free vibrations of voided concrete sleepers in railway track system. Dahlberg (2008) modeled the 
rail-sleeper-ballast system as a vibrating Timoshenko beam on an elastic foundation. Lam et al. (2009) 
developed the rail-sleeper-ballast model based on the Euler beam on elastic foundation without considering the 
damping effect. Lam and Wong (2012) carried out a robust numerical study on the comparison between 
Timoshenko beam model and Euler beam model, it is found that the natural frequencies calculated from these 
two models have big difference in higher modes (e.g., the natural frequency differences for the fourth and fifth 
mode are 5.33% and 11.66%, respectively). According to the literature review, the rail-sleeper-ballast system in 
this study is modeled as a Timoshenko beam on an elastic foundation. In the area of structural damage detection, 
many model-based methods have been developed and verified using numerical and experimental case studies 
(e.g., Lam 1998; Lam and Ng 2008). Apart from the idea of minimizing the discrepancy between the measured 
and model-predicted modal parameters, many techniques extract information from the measurement through 
pattern matching (Lam and Ng 2008a) and artificial neural networks (Yuen and Lam 2006). This paper put 
forward for the first time the use of ANN for the purpose of ballast damage detection following a model-based 
approach. The modal parameters of the rail-sleeper-ballast system are considered as ANN input and the 
corresponding ballast distributions are the ANN output. The target-input training pairs can be generated through 
a comprehensive computer simulation. After training, the ballast distribution can be obtained by fitting the 
measured modal parameters of the in-situ sleeper to the ANN input. To verify the proposed ballast damage 
detection method, a full-scale ballasted track was built in an indoor test panel, for which environmental factors 
such as temperature and humidity can be well controlled. Impact hammer tests on the intact rail-sleeper-ballast 
system were carried out in the test panel. Ballast damage was then simulated by replacing part of the normal 
sized ballast (~65mm) by ballast with small sizes (i.e., ~15mm), and impact hammer tests were performed again. 
The measured natural frequencies and mode shapes of the intact and damaged systems were employed to 
separately test the trained ANN. The experimental case study results are very encouraging showing that it is 
possible to apply the proposed method for the purpose of ballast damage detection. A detail discussion on the 
difficulties to be overcome before this approach can be put in real application is given in the concluding 
remarks. 
 
MODELING OF THE RAIL-SLEEPER-BALLAST SYSTEM 
 
In this study, the ballasted track is modeled as a Timoshenko beam on an elastic foundation. The Timoshenko 
beam formulation is preferred as the shear effect of the concrete sleeper should not be neglected based on the 
analysis from the literature (Lam and Wong 2012). The formulations of the element stiffness matrix, k, and mass 
matrix, m, of a Timoshenko beam on an elastic foundation can be expressed as (Kien, 2007), 
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where l, E, I, A, ρ denote the length of element, the modulus of elasticity, the second moment of inertia of cross 
section, the cross section area, and the mass density of concrete sleeper, respectively. The shear modulus in Eq. 
1 can be expressed as G = E/(2(1 + ν)), where ν is Poisson ratio; and ψ is the correction factor of cross section of 
the element, for rectangular cross section in this case, ψ = 10(1 + ν)/(12 + 11ν). 
 
APPLICATION OF ANN IN THE BALLAST DAMAGE DETECTION 
 
A single-hidden-layer feed forward ANN as shown in Figure 1 was employed in this study. The linear function 
(purelin) and sigmoid function (tansig) are employed as activation function for neurons at the output and hidden, 
respectively, layers. The modal parameters, such as the natural frequencies ωi and mode shape φi, for i = 1, …, 
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Nm, where Nm is the total number of modes to be considered in damage detection, are ANN inputs. Consider the 
number of measured degrees of freedom (DOFs) is No, the number of input nodes of the ANN is (No + 1) Nm. 
For the purpose of ballast damage detection, the area under the sleeper is divided into six equal “regions” along 
the sleeper (as shown in Figure 2. A dimensionless factor θi, for i = 1, …, 6, is used to scale the ballast stiffness 
at the six regions, respectively, from the nominal value of 2.0 × 107 N/m2 The six scaling factors can be 
employed to quantify the ballast distribution under the concrete sleeper, and they are considered as the ANN 
output in this study.  
 

 
Figure 1. The architectural of the single-hidden-layer feedforward ANN 

 

 
Figure 2. Dividing the ballast under the sleeper into six regions for ballast damage detection 

 
The ANN was trained by modal parameters calculated by the computer model under different ballast stiffness 
distributions (i.e., different values of the scaling factors θi). For each region, four different levels of damage are 
considered in generating the input-target training pairs. They are undamaged case, 30%, 60%, and 90% 
reduction in stiffness corresponding to θi values of 1, 0.7, 0.4 and 0.1, respectively. Therefore, a total of 4096 (= 
46) sets of input-target training pairs are employed. 
 
It is clear that the capability of an ANN in fitting the data depends very much on the number of neurons at the 
hidden layer. The more the neurons at the hidden layer, the more powerful an ANN will be, and the easier the 
training data can be fitted. However, an ANN with large number of hidden neurons may not necessary provide 
“good” prediction after training. This is because the ANN may be too powerful that allows frustration of ANN 
outputs in between the data points considered in the training process. Therefore, it is believed that the “optimal” 
number of hidden neurons should be the smallest one that allows the ANN to fit the training data with the 
pre-defined accuracy. In this study, the number of neurons at the hidden layer is designed by trial-and-error. A 
large number will be tried first to ensure the pre-defined accuracy (or tolerance) can be achieved. Then, the 
number of hidden neurons will be reduced and ANN will be re-trained. This iteration will be repeated until the 
tolerance cannot be achieved in the training process, and the simplest ANN that can achieve the tolerance will be 
adopted. In this study, 95 neurons are employed at the hidden layer after a series of trial and error. 
 
Since the order of magnitudes of natural frequencies and mode shapes are different (all mode shapes were 
normalized to unity in this study). The training data must be “scaled” before fitting to the ANN to avoid 
numerical problem. In this study, the most popular “maximum-minimum” scaling method is adopted. 
Furthermore, the Levenberg-Marquardt (LM) training method was employed in this study for ANN training. To 
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ensure the accuracy of the trained ANN, a comprehensive numerical case study was carried out and reported in 
the next section. 
 
Numerical Case Study 
 
Five damage cases were considered in the numerical case study, and they are summarized in Table 1. Instead of 
using the natural frequencies and mode shapes from solving the eigenvalue problem of the finite element model, 
the time domain responses of the in-situ sleeper were calculated by finite element method. 5% white noise was 
added to the calculated time-domain responses to simulate the effect of measurement noise. MODE-ID (Beck 
1978) was then employed to identify the modal parameters based on the noisy data. This set of “measured” 
modal parameters was employed as the ANN input to verify the proposed method. 
 
Table 2 summarized the ANN-identified ballast stiffness at different regions. For the undamaged case, all scaling 
factors are very close to unity showing that there is no damage under the sleeper. Consider damage case 1, the 
identified ballast stiffness at regions 1 and 2 are 0.1041 and 0.1946, respectively. Other stiffness values are very 
close to unity showing that the ballast under regions 1 and 2 are damaged with reductions in stiffness of about 
90% and 80%, respectively. This result matches with the simulated damage. The results for other damage cases 
are very similar, and it can be concluded that the proposed ANN-based ballast damage detection method is 
performing well in the computer simulation. Next, the proposed method was verified using measured vibration 
data from a segment of full scale ballasted track under laboratory conditions. 
 

Table 1． Summary of damage cases considered in the numerical case study (ballast stiffness at different 
regions) 

Damage Case Region 1 Region 2 Region 3 Region 4 Region 5 Region 6 
1 0.1 0.2 1.0 1.0 1.0 1.0 
2 0.2 0.3 0.4 1.0 1.0 1.0 
3 0.4 0.5 0.6 0.7 1.0 1.0 
4 1.0 1.0 0.7 0.8 1.0 1.0 
5 1.0 0.6 0.7 0.8 1.0 1.0 

 
Table 2: ANN-identified ballast stiffness at different regions (numerical case study). 

Case Region 1 Region 2 Region 3 Region 4 Region 5 Region 6 
Undamaged Case 1.0012 1.0002 0.9997 1.0002 1.0031 0.9997 
Damage Case 1 0.1041 0.1946  1.0024  1.0005  1.0009  0.9974  
Damage Case 2 0.1997  0.3009  0.3990  0.9979  1.0000  0.9998  
Damage Case 3 0.4009  0.4999  0.5995 0.7002  0.9998  1.0000  
Damage Case 4 1.0000   1.0001  0.7003  0.8002  1.0010  0.9997  
Damage Case 5 1.0000   0.5995  0.7011  0.7996 0.9997  1.0004  

 
Experimental Case Study  
 
To verify the proposed ballast damage detection method, a segment of ballasted track following MTR materials 
and workmanship specification for track work (MTR 2009) was built in the basement of a factory building in 
Hong Kong as shown in Figure 3. Two rails were installed on the eight pre-stressed concrete sleepers with 
“Pandrol” shoulders and clips. The eight concrete sleepers were embedded in a 0.35m thickness of ballast and 
the ballast was placed on a concrete ground. The ballast is divided into 6 regions as shown in Figure 2. The size 
of normal (undamaged) ballast is 50 – 65 mm. The temperature and humidity of the test panel were kept 
constant at 26°C and 70% respectively. Four damage cases (i.e., A to D) were simulated by replacing the normal 
ballast at some regions with the 5 mm fouled ballast as shown in Table 3.  
 
In the experiment, eleven accelerometers were fixed on the sleeper by wax to measure the vertical vibration of 
the in-situ sleeper as shown in Figure 4. During the measurement, the concrete sleeper was excited by an impact 
hammer at each of the eleven sensor locations one by one. For each impulse, 20 seconds of data was measured, 
and the signal was transferred to the analog-to-digital (A/D) card through connecting cables. The digitized 
signals were stored in the hard disk of a notebook computer through the USB interface. The application 
LabView was employed to control the A/D card. As a rule of thumb, the sampling frequency should not be 
smaller than five times the highest frequency of interest. The highest mode of interest in this study is the 5th 
mode, and the corresponding natural frequency is about 800Hz from finite element analysis. Therefore, a 
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sampling frequency of 6400 Hz, which is high enough to measure the first five modes of the in-situ sleeper, was 
adopted.  
 
By using MODE-ID (Beck 1978), the natural frequencies and mode shapes of the first five modes in all cases 
were identified and summarized in Table 4 and Figure 1, respectively. Considering the measured mode shapes of 
the undamaged system (Figure 5(a)), the first two modes can be treated as “rigid” body modes as there is very 
little sleeper bending, while modes 3, 4 and 5 are very clear bending modes of the sleeper. The damage induced 
reductions in natural frequencies for the four damage cases are calculated and summarized in Table 4. 
Considering all damage cases, it is found that the change in natural frequency for mode 1 is always large 
showing the mode 1 is sensitive to the damage in all cases. For mode 2, it is sensitive to the damage except for 
damage case 1. For mode 3, it is in general not sensitive to the damage except for damage case 1. Finally, both 
modes 4 and 5 are not sensitive to ballast damage. This observation shows that modes 1 and 2 are the most 
important for the purpose of ballast damage detection. Furthermore, the sensitivities of different modes to ballast 
damage at different regions are different implying that the damage induced changes in natural frequencies can 
be used as a pattern for ballast damage detection. By comparing sub-figures in Figure 5, the damage induced 
changes in mode shapes for modes 3, 4 and 5 are very small. However, the mode shape changes for modes 1 and 
2 are observable. However, it is very difficult if not impossible to locate the ballast damage or quantify the 
damage extent by looking at the changes in mode shape alone. 
 

 
Figure 3. The full scale indoor test panel for the experimental verification of the proposed method 

 
Table 3. The damage cases considered in the experimental case study (size of ballast at different regions) 

Case Region 1 Region 2 Region 3 Region 4 Region 5 Region 6 
Undamaged Case 50mm 50mm 50mm 50mm 50mm 50mm 
Damage Case A 50mm 50mm 5mm 5mm 50mm 50mm 
Damage Case B 50mm 50mm 50mm 50mm 5mm 5mm 
Damage Case C 5mm 5mm 50mm 50mm 50mm 50mm 
Damage Case D 5mm 5mm 5mm 50mm 50mm 50mm 

 

 
Figure 4. The eleven measured DOFs in the experimental case study 
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(a) Undamaged case 
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(b) Damage case A 
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(c) Damage case B 
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(d) Damage case C 
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(e) Damage case D 

Figure 5. The measured modal parameters for: (a) Undamaged case; (b) Damage case A; (c) Damage case B; (d) 
Damage case C; and (e) Damage case D 

 
Table 4. Measured natural frequencies in different cases and the percentage change with respect to the 

undamaged case 
Case Mode 1 Mode 2 Mode 3 Mode 4 Mode 5 

Undamaged case 72.86 81.42 188.24 418.37 767.49 
Damage case A 66.27 

(-9.04) 
80.42 

(-1.23) 
175.98 
(-6.51) 

417.26 
(-0.27) 

765.04 
(-0.32) 

Damage case B 65.48 
(-10.13) 

74.29 
(-8.76) 

188.07 
(-0.09) 

418.20 
(-0.04) 

767.2 
(-0.04) 

Damage case C 58.99  
(-19.03) 

72.29 
(-11.21) 

184.53 
(-1.97) 

418.00 
(-0.09) 

760.04 
(-0.97) 

Damage case D 43.46 
(-40.35) 

62.4 
(-23.36) 

152.15 
(-19.17) 

411.71 
(-1.59) 

763.64 
(-0.50) 

 
The trained ANN was used to “estimate” the ballast stiffness distribution by fitting the measured modal 
parameters to the ANN input. The ANN-identified ballast stiffness distributions in all cases were summarized in 
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Table 5.  
 
In the undamaged case, it is expected that the values of the ballast stiffness factors should be equal to or very 
close to unity. However, only the stiffness at regions 1 and 4 are very close to unity. The stiffness value at region 
2 is about 1.8 (80% larger than the expected value), while the values at regions 3 and 6 are near 1.3 (almost 30% 
larger than the expected value). This may be due to the fact that the ballast distribution is uneven even in the 
undamaged status. It must be pointed out that the value of ballast stiffness depends on the workmanship in 
constructing the track system. 
 
Considering damage case A, the ballast stiffness is around unity for all regions except for regions 3 and 4, for 
which the stiffness values are much smaller than unity showing that the ballast at regions 3 and 4 is damaged. As 
shown in Table 3, regions 3 and 4 are the damage locations. The ballast damage detection results for other 
damage cases (i.e., B, C and D) are all very positive. It can be concluded that the proposed ANN ballast damage 
detection method successfully detect the ballast damage. 
 

Table 5. ANN-identified ballast stiffness at different regions (experimental case study) 
Case Region 1 Region 2 Region 3 Region 4 Region 5 Region 6 

Undamaged Case 0.9346 1.7983 1.2865 1.0194 0.8958 1.28 
Damage Case A 0.8504 1.8316 0.0539 0.0692 2.1341 0.6907 
Damage Case B 0.8325 1.7662 0.9507 1.6006 0.108 0.5018 
Damage Case C 0.2997 0.3441 1.0317 0.7856 1.6054 0.6628 
Damage Case D 0.0951 0.2289 0.0689 1.6996 1.5517 1.0735 
 

CONCLUDING REMARKS 
 
An ANN-based ballast damage detection method is proposed for the first time in this conference paper. Modal 
parameters are considered as ANN input, while ballast distribution is treated as ANN output. Computer 
simulation is employed to generate target-input training pairs. The measured modal parameters from the in-situ 
sleeper are fitted to the input of the trained ANN, the ballast distribution at different regions can then be 
obtained from the ANN output. The proposed method was verified using both numerical and experimental case 
studies. The results are very positive. 
 
Even the verification examples are very encouraging, there are some difficulties that need to be solved before 
the proposed method can put in real application. First, the ballast properties (including its stiffness) are 
relatively uncertain. Probability theory is the most logical solution to address this uncertainty. Therefore, instead 
of calculating the stiffness distribution, the probability density function (PDF) of the ballast stiffness should be 
calculated. This can be done by applying the Bayesian statistical system identification framework (Katafygiotis 
et al. 1998). It is noted that when the uncertainty is high, the problem may fall into the category of 
“unidentifiable” (Katafygiotis and Lam 2002). In this situation, additional measurements should be obtained for 
the purpose of ballast damage detection. Further research must be carried out to explicitly address the problem 
of uncertainty and the possible non-uniqueness problem of the inverse problem. 
 
In real situation, the variation in ballast stiffness is “continuous” along the sleeper but not piecewise constant. 
Also, the concrete sleeper is embedded into the ballast. The class of models should consider the frictional force 
between the sleeper’s vertical surfaces and the surrounding ballast. Further study must be carried out to modify 
the modeling method (or the class of models) of the rail-sleeper-ballast system. 
 
In this study, it is assumed that there is no damage on the concrete sleeper. However, the sleeper may be 
damaged (e.g., flexible cracks at the bottom of the sleeper; shear cracks at 45°; and longitudinal cracks due to 
the corrosion of pre-stressed tendon). Damage to the sleeper will also alter the modal parameters of the system 
(Lam and Wong 2011), which will introduce additional complexity to the ballast damage detection problem. The 
problem of crack detection in the concrete sleeper must be addressed before the proposed ballast damage 
detection method can be applied in real situations. Crack detection in beams and plates is an important research 
topic, and many methods have been developed that utilize the measured modal parameters (Lam et al. 2007; 
Lam and Yin 2010), guided waves (Ng et al. 2009), and spatial wavelet transform (Lam and Yin 2011). The 
extension of existing crack detection methods for applying in detecting cracks on sleepers is necessary. 
 
It must be pointed out that a series of full-scale test on in-situ sleepers were carried out to consider the 
environmental effects (including temperature and humidity) in the measured modal parameters. However, those 
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results are not included in this paper owing to the space limitation. According to the experiments (not reported in 
this paper), the changes in the modal parameters due to the environmental factors can be larger than those 
caused by ballast damage. For example, ballast will absorb considerable amount of moisture, which thus 
increase its mass and alter the natural frequencies during damp weather. There is a close correlation between 
temperature and changes in vibration response (Sohn 1998). Further research on the modal identification based 
on vibration measurement with the consideration of temperature and humidity effects is highly recommended. 
 
It is noted that when an inspector wants to test an in-situ sleeper during visual inspection, the set of 
“undamaged” vibration data is not available. One possible way to overcome this problem of missing reference is 
to develop a comprehensive database of modal parameters for “undamaged” ballasted tracks with different 
configurations (e.g., different types of rails, ballast and track geometry) and different environmental conditions 
(e.g., variations in temperature and humidity). Then, the modal parameters from the database can be employed 
as a reference for the purpose of ballast damage detection. The development of such a database, together with a 
method for quantifying the uncertainties associated with the measured modal parameters is necessary in the 
further study. This database can also help to generate more comprehensive training data for ANN to better 
estimate the ballast stiffness distribution utilizing the measured vibration characteristics of the sleeper.  
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