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Abstract 

 
Detecting damages in railways is essential for ensuring the safety and reliability of 

train operations. This study introduces a methodology for detecting damage in railway 

tracks by employing an onboard monitoring system installed on a freight wagon. The 

methodology proposed here adopts a comprehensive approach involving data 

acquisition, feature extraction, data fusion, and outlier analysis. Initially, data is 

collected using the onboard monitoring system, capturing diverse responses from both 

the axle box and carbody during wagon operation. Subsequently, feature extraction is 

conducted on these acquired responses utilizing continuous wavelet transform 

techniques. Additionally, feature normalization via principal component analysis is 

applied to mitigate environmental and operational variations, enhancing sensitivity to 

damage detection. The Mahalanobis distance is then employed to merge features, 

yielding a damage index for each scenario. Finally, the fused features undergo 

classification using appropriate machine learning algorithms to distinguish between 

undamaged and damaged tracks. This methodology promises to enhance railway 

maintenance practices by offering an automated and dependable approach for 

detecting damages in railway tracks. 

Keywords: machine learning algorithms, onboard condition monitoring, railway 

maintenance, train track interaction, defect detection, continuous wavelet transform 
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1  Introduction 

Railway transportation serves as a backbone for global mobility and commerce, 

facilitating the movement of goods and passengers efficiently and reliably. Central to 

the seamless operation of railways is the integrity of the track infrastructure. However, 

continuous exposure to environmental factors, heavy loads, and dynamic stresses 

inevitably leads to wear, degradation, and potentially dangerous defects in the track 

structure [1]. Timely detection and mitigation of such damages are paramount for 

ensuring the safety, reliability, and cost-effectiveness of railway operations [2]. 

Traditional methods of track inspection primarily rely on manual visual inspections 

or periodic use of specialized equipment, which often prove to be time-consuming, 

labor-intensive, and susceptible to human error. In recent years, the advent of onboard 

monitoring systems integrated with advanced machine learning techniques has 

emerged as a promising solution to address these challenges [3]. By leveraging real-

time sensor data and sophisticated algorithms, these systems can autonomously detect, 

diagnose, and predict track anomalies with unprecedented accuracy and efficiency [4]. 

Previous researchers have employed advanced signal processing techniques to 

mitigate signal interference and diagnose faulty signal patterns indicative of defective 

rails [5-7]. While extensive investigation has focused on detecting infrastructure 

defects [8-11], with a particular emphasis on railways [12, 13], literature specifically 

addressing automatic track defect identification remains limited. Hence, the 

application of artificial intelligence (AI) techniques holds promise for early detection 

of track defects, thereby enhancing safety and reducing operational costs. 

Numerous researchers [14-17] have employed various machine learning 

algorithms to analyze data, establish learning frameworks, and make intelligent 

decisions. These algorithms include artificial neural networks (ANN) [18], 

convolutional neural networks (CNN) [19], and support vector machines (SVM) [20].  

This paper aims to present an application of an unsupervised machine learning 

approach to detect track defects of the rail. The detection methodology comprises four 

steps: (1) feature extraction from the acquired responses using the continuous wavelet 

transform method; (2) feature normalization; (3) data fusion; and (4) damage detection 

by performing an outlier analysis. 

 

 

 

2  Methodology for track damage detection 

Figure 1 illustrates the automatic rail defect detection process using an unsupervised 

learning approach consisting of 5 steps [21-24]: (i) data acquisition, (ii) features 

extraction from acquired responses using a continuous wavelet transform (CWT) 

model, (iii) feature normalization to remove the environmental and operational 

variations (EOVs) by applying a latent-variable method named principal component 

analysis (PCA), (iv) data fusion, through the implementation of a Mahalanobis 

distance, to merge the features from each sensor and enhance sensitivity to detect rail 

defects, and (v) unsupervised feature classification through outlier analyses. 
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Figure 1: The framework of the proposed methodology for online track damage 

detection. 

3  Train-Track dynamic interaction modelling  

An in-house software program called VSI-Vehicle-Structure Interaction Analysis is 

utilized for conducting numerical simulations of train-track dynamic interactions, 
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which have been validated and extensively documented in a prior publication [25-

27]. Within this model, the train is interconnected with the track via a 3D wheel-rail 

contact model employing Hertzian theory [28] to calculate normal contact forces and 

the USETAB routine [29] to compute tangential forces arising from rolling friction 

creep. MATLAB® [30] is employed to implement this numerical tool, importing 

structural matrices modeled in a finite element (FE) package for both the vehicle and 

the track. The track is represented within the computer software [31] using beam 

elements for the rails and sleepers, spring-dashpot elements to emulate the behavior 

of flexible layers such as ballast and fasteners, and mass point elements to account for 

the mass of the ballast. The train is also modeled in ANSYS® [31] utilizing a 

multibody formulation, employing spring-dashpot elements to replicate the flexibility 

of the primary and secondary suspension, rigid beams to account for rigid body 

movements, and mass point elements situated at the center of gravity of each body, 

including carbodies, bogies, and wheelsets, to simulate their mass and inertial effects. 

Detailed descriptions of both track and train models are available in the authors' 

previous publications [7, 32]. 

4  Simulation of baseline and damaged scenarios 

4.1. Description 

This study employs a virtual simulation to assess and validate the automatic rail defect 

detection method, both under normal conditions and in scenarios with damage. Two 

distinct types of isolated defects, designated as P1 and P5 (refer to Figure 2) are taken 

into account. The equations representing these defects (depicted in Figure 2) 

incorporate parameters such as k, determining the defect's wavelength; z, representing 

defect's vertical extent; and x, indicating its horizontal length. The investigation 

involves altering the amplitudes and wavelengths of these defects to observe their 

impact on acceleration. Specifically, amplitudes considered in this analysis are chosen 

based on predefined thresholds defined in accordance to the European Standard EN 

13848-5 [33]: alert limit (A=8 mm), intervention limit (A=10 mm), instant action limit 

(A=17 mm), and early detection (A=6 mm). Additionally, corresponding variations in 

wavelet for each amplitude are selected.  

  
P1: 𝑧 = 𝐴𝑒(1/2)(�̅�𝑥)

2
 P5: 𝑧 = 𝐴𝑒−�̅�|𝑥|cos(𝜋�̅�𝑥) 

(a) (b) 

Figure 2: Track defect geometry [34]. 

The acceleration of the vehicle is assessed across 7 sensors shown in Figure 3, 
including various scenarios, for both baseline (undamaged) and damaged conditions 
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to validate the proposed methodology. 4 sensors are installed in the axel box and 3 
sensors are installed in carbody. 
 

 

 
(a) 

 
(b) 

Figure 3: Onboard monitoring system and location of sensors installed on the 

vehicle 

 
Table 1 provides an overview of the 188 simulations conducted for undamaged 

scenarios, that aim at reproducing the vehicle's responses across different speeds and 
rail unevenness profiles. 
 
 

Table 1: Damaged and undamaged scenarios 

 Baseline Scenarios Damaged Scenarios 
 Healthy track Damage P1 Damage P5 

Irregularity profiles 10 1 

Speed 40-120 km/h 75 km/h 
Noise 5% 5% 

Wavelength 3-25 m 5-25 m 15-25 m 

Defect amplitude - 

± 6mm (acceptable) 
± 8mm (warning) 

± 10mm (intervention) 
± 17mm (safety risk) 

Total 188 40 24 



6 

 

5  Automatic track defect detection  

5.1 Feature extraction with CWT approach 

The initial phase of the automated damage detection methodology involves extracting 

damage-sensitive features from the dynamic signals. Across 188 baseline and 64 

damage scenarios, three-dimensional feature matrices measuring 252-by-432 are 

obtained for each of the 7 accelerometers (4 sensors installed in the axel box and 3 

sensors installed in carbody). Figure 4 shows 4 features out of 432 for all 252 

scenarios, focusing on the acceleration registered on the axle-box front left. In 

damaged scenarios, simulations 189 to 228 depict the passage of a vehicle through the 

track with an isolated defect referred to as P1, while simulations 229 to 252 depict the 

passage with an isolated defect named P5. 

 
Figure 4. Feature extraction: 4 features out of 432 for all 252 scenarios for the 

accelerations located on the axle-box front left. 

5.2 Feature normalization with PCA 

The normalization process of data is crucial for eliminating the influence of 

environmental and operational factors. Analysis of the CWT-PCA-based features 
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depicted in Figure 4 reveals the complexity of distinguishing defective scenarios from 

healthy ones. This complexity arises due to the influence of environmental and 

operational factors, resulting in subsequent changes in the features. Hence, to mitigate 

these effects and enhance damage sensitivity, it is imperative to appropriately model 

these features. Utilizing the latent-variable method PCA, feature normalization is 

executed. In this stage, a PCA-model-based approach is employed on the CWT-PCA-

based parameters, yielding a new 252×432 matrix of normalized features for each 

sensor. Figure 5 displays the modeled features for all baseline and damage scenarios 

for the accelerometer located on the axle-box front left. During the modeling process, 

the cumulative percentage of variance components exceeding 80% is disregarded, 

leading to the exclusion of 9 rows. These findings demonstrate the successful 

normalization of CWT-PCA-based parameters, effectively reducing operational 

effects while preserving sensitivity to damage. 

 

 

 

 

 
Figure 5. Feature normalization: 4 normalized features out of 432 for all 252 

scenarios for the accelerations located on the axle-box front left. 
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5.3 Data fusion 

In order to merge all 432 CWT-double-PCA-based parameters acquired for each 

sensor, the Mahalanobis distance (MD) method is employed. This approach facilitates 

the transformation of the 432 parameters into a single damage-sensitive feature for 

every sensor and train passage. Consequently, a vector of size 252×1 is generated for 

each of the 7 sensors as the output of this process. Figure 6 illustrates the Mahalanobis 

distance values across all 252 train passages, considering the responses from various 

accelerometers. The outcomes show notable sensitivity to damage, as evidenced by 

the disparity in MDs between the baseline simulations and the damage scenarios. 
 

 
Figure 6. Damage index (DI) for all 252 train passages evaluated by accelerometers 

located at: (a) axle-box front left, (b) car body middle. 

 

5.4 Statistical-based automatic track defect detection 

Figure 7 shows distinct damage behaviors across two intervals, designated as a 

baseline and damaged scenarios, as captured by accelerometers installed in both axle 

box and carbody. The results depicted in this figure show that the methodology is 

capable of detecting all damage scenarios accurately, without any false positives or 

false negatives. An inherent advantage of this approach is its requirement for only a 

single sensor, even one installed in the carbody, to effectively detect a defective wheel. 

Consequently, the proposed methodology offers the benefits of minimizing 

installation costs while enabling a more automated and simplified implementation 

process. These findings underscore the significant potential of this innovative 

application of data mining within the railway industry. 
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Figure 7. Automatic rail isolated defect detection considering the responses from 

accelerometers: (a) axle box front left, (b) car body middle. 

Conclusions and Contributions 
 

The objective of this paper is to develop an unsupervised methodology for detecting 

track defects automatically, particularly focusing on detecting isolated defects at their 

early stage. A significant advantage of this proposed methodology is its ability to 

detect such defects using just one sensor installed in the car body. This streamlined 

approach not only reduces the complexity and cost of the installation system but also 

facilitates a more automated implementation process. Future work will involve 

conducting field trials to further evaluate the effectiveness of the developed 

technology. Additionally, to refine the proposed methodology, it is crucial to develop 

an automatic indicator capable of distinguishing and categorizing track defects based 

on their severity. Such advancements will enhance the practicality and efficacy of the 

methodology in real-world railway operations. 

 

Acknowledgments 

 
This work was financially supported by: Base Funding - UIDB/04708/2020 with DOI 

10.54499/UIDB/04708/2020 (https://doi.org/10.54499/UIDB/04708/2020)  of the 

CONSTRUCT - Instituto de I&D em Estruturas e Construções - funded by national 

funds through the FCT/MCTES (PIDDAC). The first author acknowledges Grant no. 

2021.04272.CEECIND from the Stimulus of Scientific Employment, Individual 

https://doi.org/10.54499/UIDB/04708/2020


10 

 

Support (CEECIND) - 4rd Edition provided by “FCT – Fundação para a Ciência, 

DOI : 10.54499/2021.04272.CEECIND/CP1679/CT0003”.  

This work is a result of Agenda “SMART WAGONS – Development of Production 

Capacity in Portugal of Smart Wagons for Freight”, nr. C644940527-00000048, 

investment project nr. 27, financed by the Recovery and Resilience Plan (PRR) and 

by European Union -  NextGeneration EU 

 

 

 

References 

 
1. Mosleh, A., P.A. Montenegro, P. Costa, et al., An approach for wheel flat 

detection of railway train wheels using envelope spectrum analysis. Structure 

and Infrastructure Engineering, 2021. 17(12): p. 1710-1729  

2. Harris, D.K., R.H. Lutch, T.M. Ahlborn, et al., Optimization of a Prestressed 

Concrete Railroad Crosstie for Heavy-Haul Applications. Journal of 

Transportation Engineering, 2011. 137: p. 815-822. 

3. Traquinho, N., C. Vale, D. Ribeiro, et al., Damage Identification for Railway 

Tracks Using Onboard Monitoring Systems in In-Service Vehicles and Data 

Science. Machines 2023. 11(10): p. 981. 

4. Jorge, J., J. Magalhães, R. Silva, et al., Early identification of out-of-roundness 

damage wheels in railway freight vehicles using a wayside system and a 

stacked sparse autoencoder. Vehicle System Dynamics, 2024: p. 1-26. 

5. Jiang, H. and J. Lin, Fault diagnosis of wheel flat using empirical mode 

decomposition-Hilbert envelope spectrum. Mathematical Problems in 

Engineering, 2018. 2018: p. 1-16. 

6. Amini, A., M. Entezami, Z. Huang, et al., Wayside detection of faults in 

railway axle bearings using time spectral kurtosis analysis on high-frequency 

acoustic emission signals. Advances in Mechanical Engineering, 2016. 8(11). 

7. Mosleh, A., P. Montenegro, P. Costa, et al., Railway Vehicle Wheel Flat 

Detection with Multiple Records Using Spectral Kurtosis Analysis. Applied 

Sciences, 2021. 11(9): p. doi: 10.3390/app11094002. 

8. Defossez, F., C. Pislaru, C. Ulianov, et al., The sustainable freight railway: 

Designing the freight vehicle – track system for higher delivered tonnage with 

improved availability at reduced cost, wp4 - Track based monitoring and 

limits for imposed loads. 2015. p. 1-91. 

9. Yonas, L., A. Matthias, and R. Matti, Investigation of the Top-of-Rail Friction 

by Field Measurements on Swedish Iron Ore Line. International Journal of 

COMADEM, 2015. 18(2): p. 17-20. 

10. Mohammadi, M., A. Mosleh, M. Razzaghi, et al., Stochastic analysis of 

railway embankment with uncertain soil parameters using polynomial chaos 

expansion. Structure and Infrastructure Engineering, 2022(doi: 

10.1080/15732479.2022.2033277). 



11 

 

11. Mosleh, A., P. Costa, and R. Calçada, Development of a Low-Cost Trackside 

System for Weighing in Motion and Wheel Defects Detection. International 

Journal of Railway Research, 2020. 7(1): p. 1-9, doi:10.22068/IJRARE.7.1.1. 

12. Pintão, B., A. Mosleh, C. Vale, et al., Development and Validation of a Weigh-

in-Motion Methodology for Railway Tracks. Sensors, 2022. 22(5): p. 1976, 

doi: 10.3390/s22051976. 

13. Pimentel, R., D. Ribeiro, L. Matos, et al., Bridge Weigh-in-Motion system for 

the identification of train loads using fiber-optic technology. Structures, 2021. 

30: p. 1056-1070, doi: 10.1016/j.istruc.2021.01.070. 

14. Nenov, N., E. Dimitrov, V. Vasilev, et al., Sensor system of detecting defects 

in wheels of railway vehicles running at operational speed. Proc. 34th Int. 

Spring Seminar on Electron. Technol. (ISSE), 2011: p. 577–582. 

15. Atamuradov, V., K. Medjaher, F. Camci, et al., Railway Point Machine 

Prognostics Based on Feature Fusion and Health State Assessment. IEEE 

Transactions on Instrumentation and Measurement, 2019. 68(8): p. 2691 - 

2704. 

16. Gibert, X., V. Patel, and R. Chellappa, Deep Multitask Learning for Railway 

Track Inspection. IEEE Transactions on Intelligent Transportation Systems, 

2015. 18(1): p. 153 - 164. 

17. Do, L., H. Vu, B. Vo, et al., An effective spatial-temporal attention based 

neural network for traffic flow prediction. Transportation Research Part C: 

Emerging Technologies, 2019. 108: p. 12-28. 

18. Kostić, B. and M. Gül, Vibration-Based Damage Detection of Bridges under 

Varying Temperature Effects Using Time-Series Analysis and Artificial 

Neural Networks. Journal of Bridge Engineering, 2017. 22: p. 04017065. 

19. Ren, J.-J., W. Liu, W. Du, et al., Identification Method for Subgrade 

Settlement of Ballastless Track Based on Vehicle Vibration Signals and 

Machine Learning. Construction and Building Materials, 2023. 369: p. 

130573. 

20. Tsunashima, H., Condition Monitoring of Railway Tracks from Car-Body 

Vibration Using a Machine Learning Technique. Applied Acoustics, 2019. 9: 

p. 2734. 

21. Mosleh, A., A. Meixedo, D. Ribeiro, et al., Automatic clustering-based 

approach for train wheels condition monitoring. International Journal of Rail 

Transportation, 2022: p. 1-26. 

22. Mosleh, A., A. Meixedo, D. Ribeiro, et al., Early wheel flat detection: an 

automatic data-driven wavelet-based approach for railways. Vehicle System 

Dynamics, 2022: p. 1-30. 

23. Mosleh, A., M. Mohammadi, C. Vale, et al., Smart detection of wheel defects 

using artificial intelligence and wayside monitoring system. International 

Journal of Railway Research, 2023. 10(2): p. 9-18. 

24. Meixedo, A., J. Santos, D. Ribeiro, et al., Damage detection in railway bridges 

using traffic-induced dynamic responses. Engineering Structures, 2021. 238: 

p. 112189. 



12 

 

25. Montenegro, P.A., S.G.M. Neves, R. Calçada, et al., Wheel-rail contact 

formulation for analyzing the lateral train-structure dynamic interaction. 

Computers & Structures, 2015. 152: p. 200-214. 

26. Silva, R., A. Guedes, D. Ribeiro, et al., Early Identification of Unbalanced 

Freight Traffic Loads Based on Wayside Monitoring and Artificial 

Intelligence. Sensors, 2023. 23: p. 1544. 

27. Mohammadi, M., A. Mosleh, C. Vale, et al., An unsupervised learning 

approach for wayside train wheel flat detection. Sensors, 2023. 23(4): p. 1910. 

28. Hertz, H., Ueber die Berührung fester elastischer Körper [On the contact of 

elastic solids]. Journal für die reine und angewandte Mathematik, 1882. 92: p. 

156-171. 

29. Kalker, J.J. Book of tables for the Hertzian creep-force law. in 2nd Mini 

Conference on Contact Mechanics and Wear of Wheel/Rail Systems. 1996. 

Budapest, Hungary. 

30. MATLAB®. 2018, Natick, MA, USA: Release R2018a, The MathWorks Inc. 

31. ANSYS®. 2018, Canonsburg, PA, USA: Academic Research, Release 19.2,  

ANSYS Inc. 

32. Mosleh, A., P.A. Montenegro, P. Costa, et al., An approach for wheel flat 

detection of railway train wheels using envelope spectrum analysis. Structure 

and Infrastructure Engineering, 2020: p. 1-20, doi: 

10.1080/15732479.2020.1832536. 

33. EN 13848-5, European Committee for Standardization. 2015, Brussels: 

European Committee for Standardization (CEN). 

34. Vale, C., Influência da qualidade dos sistemas ferroviários no comportamento 

dinâmico e no planeamento da manutenção preventiva de vias de alta 

velocidade, in Civil Engineering Department. 2010, Porto University. 

 




