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ABSTRACT 

 

Rail transportation is a sustainable mode of transportation and is a key enabler 

of the socio-economic development of modern society through passenger and freight 

services. Growth in overall transport demand has led to railways experiencing higher 

demand on operational capacity, service quality, and safety. However, an increase in 

traffic and load can lead to an increase in degradation of the components and thus 

cause a reduction in the infrastructure quality. Such degradation leads to failures of 

components, consequently resulting in a higher frequency of interventions for 

maintenance and renewal activities. The downtime arising from such maintenance and 

renewal of networks is a significant contributor to the delays incurred to the 

passengers. A plausible solution to attain higher operational capacity and quality of 

service with the existing infrastructure and minimise delays due to failure would be 

to inspect the track and its components frequently using in-service trains, operating in 

regular traffic.  

One of the crucial components in rail tracks is the rail fastening system, which 

acts as a mean to fix the rails onto the sleeper, upholding the track stability and track 

gauge.  Failures of fasteners can increase wheel flange wear, reduce the safety of train 

operations, and may lead to derailment due to gauge widening or wheel climb. In 

Sweden, the inspection of track fasteners is mainly carried out either manually by 

trained inspectors or by using measurement cars. Manual inspections are slow, cost-

intensive, labour-intensive, pose safety issues for maintenance personal involved, and 

are prone to human errors. Inspections based on measurement cars are cost intensive 

and requires track possession and thus cannot be utilised frequently without 

compromising the operational capacity. Further, the adverse weather condition, 

especially in the north of Sweden for the majority of the year, limit regular fastener 

inspection that depends on such traditional inspection methods. The research 

presented in this thesis has aimed to find an automated method for fastener inspection 

that can be carried out using vehicle-mounted measuring equipment operating in 

regular traffic.  

Firstly, a study was carried out to determine the effectiveness of automated 

visual-based solutions for fastener state detection. An anomaly detection model 

combining image processing techniques and deep learning algorithms was developed 

to detect the fastener state from rail images captured during the vision-based 

inspection. The model had a high capability of detecting the fastener state from the rail 

images. However, the model had difficulties detecting the fastener when there were 

instances of occlusions of fasteners due to the presence of snow and ballast stones and 

when the image brightness was low. In Sweden, specifically the northern part of it, the 

fastening systems are covered under snow for up to six months and thus can inhibit 

regular fastener inspections that rely on such automated visual inspection methods.  
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To overcome the challenges associated with automated visual inspection systems 

for fastener state detection, an alternative inspection method using a differential eddy 

current measurement system was investigated. Controlled field measurements were 

carried out along a heavy haul railway line in the north of Sweden to determine the 

effectiveness of the proposed measurement system. An anomaly detection model 

based on a supervised machine learning algorithm was developed to detect the 

fastener state from the controlled eddy current measurements. Further, to test the 

effectiveness of the eddy current sensor during real-time measurements, the proposed 

sensor system was mounted on an in-service freight train, and measurements were 

carried out along the iron ore line of Sweden. An anomaly detection model using 

unsupervised machine learning algorithms was developed to facilitate fastener state 

detection and detect other anomalies from the real-time measurement data. 

Keywords: Rail fastening system; clamps; visual inspection; differential eddy current 

sensor; machine learning; anomaly detection.  
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CHAPTER 1 

INTRODUCTION 

1.1  Background 

Rail transport has emanated as a significant mode of transportation, forming a 

major contributing factor in the economic growth and social development of modern 

society through mobilisation and transportation of people and commodities. In recent 

years, there has been a significant increase in rail freight and passenger traffic in 

European countries. A further increase in railway transport is anticipated as passenger 

and cargo shift from air and road to rail due to, heavy congestions of road and sky, 

rising energy costs, and demands to reduce carbon emissions (Christer S 2014). To 

reduce the carbon emission arising from the transport sector, the European 

Commission (European Commission 2011) aims to shift 30% of road freight over 300 

Km to rail or waterborne transport by 2030 and more than 50% by 2050. Such a scenario 

suggests a significant increase in train activity and the rail freight ton-kilometres is 

anticipated to rise 3.6 times than of the present (Schmitt et al. 2016). In Sweden, the use 

of rail transport has significantly increased over the last 26 years, with a 12% increase 

in freight traffic and passenger-kilometres doubled (European Commission 2019). An 

average annual growth of 1% of freight traffic and 3% of passenger traffic is estimated 

in Sweden up to 2050 (Trafikverket 2017). This growing demand has put a certain 

strain on the railway network in Sweden in terms of operational capacity and service 

quality. The present state of the existing railway infrastructure and the substantial 

increase in volumes of freight and passenger traffic are the issues that require 

significant attention in the field of rail transportation (European Commission 2011). 

Capital expansion of the railway infrastructure would be a conspicuous solution 

to meet the growing demand and improve the rail performance, but this is a time-

consuming and cost-intensive approach (Abril et al. 2008). Hence, capacity in most 

cases needs to be squeezed out from the existing system than building new 

infrastructures. An ideal solution, thus, to improve the operational capacity, 

availability, and service quality of the existing infrastructure would be to improve the 

maintenance and renewal process.  

The operational capacity of a given railway infrastructure depends on its quality 

or its technical state and its utilisation method (UIC 2004; Patra et al. 2010). The inter-

dependability between operational capacity (with an associated Quality of Service 

QoS) and infrastructure condition, forms a key aspect in railway infrastructure 

maintenance. A higher operational capacity with high QoS is achieved when the 
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quality and infrastructure condition is congenial. With the increase in operational 

capacity, the existing infrastructure can be subjected to increased traffic and load.  

Increase in load and traffic leads to degradation of its components and deterioration 

to the infrastructure quality, resulting in increased probability of failure and a higher 

number of maintenance and renewal interventions. Such intervention process 

demands track possession thus resulting in a reduction of functionality and reduced 

QoS (Tzanakakis 2013). Railway track issues are responsible for nearly half of all delays 

to passengers, mainly due to the downtime arising from such maintenance and 

renewal interventions (Patra, Ambika Prasad 2009).  

The rise in traffic volume and increased load has significantly affected the quality 

of the infrastructure and has led to infrastructure failures that reduced the achievable 

potential operational capacity and service quality on the Swedish railway network 

(Nyström 2008). Table 1.1 and table 1.2 depict the delay in hours due to failure of 

components in track and switches and crossings (S&C) respectively, within Sweden 

for the past 11 years. The delay time presented in the two tables only includes the 

downtime of service arising due to the corrective maintenance employed to fix the 

fault or failure of the respective component. The downtime arising due to corrective 

maintenance is unplanned and can occur at any given point in time and have a 

consequential effect on traffic.  On the contrary, preventive maintenance actions are 

planned, i.e., the track occupation is guaranteed without traffic interferences. 

Nevertheless, in a few instances, preventive maintenance actions can occupy the track 

longer than the allocated time frame, thereby leading to traffic disruptions or delays 

(Filcek et al. 2021), and such delays are not included in the tables below.  Average of 

523.18h and 530.09h of delays are incurred in Sweden yearly due to failure of 

components in track and S&C respectively. To increase the operational capacity and 

improve the QoS with the existing infrastructure, and minimise delays due to such 

failures, the track and its components need to be inspected frequently.  

Table 1.1. Delay in hours due to failure of track components 

Year Fasteners Rail 

Corrosion 

Rail 

Defects 

Rail 

Wear 

Insulated 

Joints 

Track 

Foreign 

object 

Total 

2011 70 2 313 1 6 96 488 

2012 17 0 397 6 22 10 452 

2013 10 0 372 10 12 6 410 

2014 13 1 479 37 21 18 569 

2015 13 14 476 4 9 30 546 

2016 50 7 686 1 17 18 779 

2017 1 0 540 1 118 13 673 

2018 7 0 393 0 49 6 455 

2019 4 0 482 30 6 2 524 

2020 3 0 159 24 35 41 262 

2021 3 0 456 4 102 32 597 
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Table 1.2. Delay in hours due to failure of S&C components 

Year Fasteners Crossings Middle 

part 

Check 

Rail 

Rail 

corrosion 

Rail 

defect 

Rail 

wear 

Insulated 

joint 

Turnout 

foreign 

object 

Total 

2011 13 21 0 0 9 200 5 0 33 281 

2012 1 38 0 1 6 282 105 0 51 484 

2013 2 83 0 0 10 494 14 0 55 658 

2014 29 37 86 0 31 274 36 0 40 533 

2015 8 72 0 14 10 521 19 0 50 694 

2016 18 94 3 1 12 602 33 2 39 804 

2017 8 40 3 4 13 456 72 0 33 629 

2018 9 43 0 1 18 491 20 1 49 632 

2019 18 94 0 3 4 386 29 1 55 590 

2020 11 168 0 3 9 103 10 0 20 324 

2021 4 55 0 0 9 73 38 0 23 202 

 

Table 1.3. Classification of fasteners based on the fixing style and shape (Ya-Wen Lin et al. 

2019) 

Fixing style Shape Clip names 

Bolt type Steel girder 

 

German: Vossloh W type 

Steel plate France: StedefNabla, RN ty 

Japan: 102 type 

 

Steel ingot  German: K type 

Non- Bolt type Steel girder UK: Pandrol e-clip, PR type, Fast clip 

Netherlands: DE type 

US: Sidewinder 

Swiss: Fist 

Sweden: Pandrol e-clip, Fast clip, 

Hambo 

Steel plate Australia: McKay Safelok, Rex-Lok 

UK: Pandrol Safelok III type 

Rail fastening systems form a critical part of the track components that are used 

to join the steel rails and railway sleepers. Rail clamps, rail tie plates, rail pad, rail 

insulators, spikes, screws, and bolts form the major components of a fastening system. 

One of the common methods of classifying the rail fasteners is based on the fixing style 

and shape of the fasteners. The classification based on the fixing style and shape is 

described in table 1.3 (Ya-Wen Lin et al. 2019) along with the types of rail clips used in 

different parts of the world. The main functionality of the fastening system is to 

maintain a reliable connection between the rail and the sleepers, with sufficient 



4 

 

cushioning and damping performance under dynamic action. They contribute to 

impede the longitudinal, transverse, and lateral deviation of the rail from the sleepers, 

thus maintaining the track gauge and preserving the designed track geometry 

(Williams et al. 2014). Fasteners also contribute to the dynamic behaviour of the track 

by damping and transferring the rail-wheel contact force to the lower parts of the 

infrastructure (Köstli et al. 2008; Wang, A. et al. 2015). Failure of fasteners can lead to 

an increase in wheel flange wear, reduce the safety of train operations, and may 

ultimately lead to catastrophic accidents (Wang, S. et al. 2018). Thus, periodic 

inspection of the railway fastening system becomes significant to ensure safety and a 

high reliability of the track system.  

 

1.2  Fastener Inspection  

In Sweden, the inspection intervals for railway assets are based on track classes 

which are defined by the annual tonnage and the speed associated with it (Trafikverket 

2005). There are five different classes based on the speed and load criterion as depicted 

in figure 1.1 and their conditions/descriptions are given in table 1.4.  The number of 

inspections is quantitatively higher for classes B4 and B5 as they are subjected to high 

load and speed throughout the year. The number of inspections is different for rail and 

S&C’s. Table 1.5 shows the inspection intervals per year along the track and S&C’s for 

the respective track classes (Trafikverket 2014).  

 

 

Figure 1.1. Track classes with respect to train load in million gross tonnage and speed in 

km/h (Trafikverket 2005). 
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Table 1.4. Description of track classes in Sweden based on speed and load (Trafikverket 

2005). 

Class Speed (km/hr) Load (MGT/track/year) 

B1 Less than or equal to 40 - 

B2 Higher than 40 but less than or equal to 80 <= 8 

B3 (option 1) Higher than 40 but less than or equal to 80 >8 

B3 (option2) Higher than 80 but less than or equal to 140 <=8 

B4 (option1) Higher than 80 but less than or equal to 140 >8 

B4 (option2) >140 <=8 

B5  >140 >8 

 

Table 1.5. Inspection interval per year for track type and track classes in Sweden 

(Trafikverket 2014). 

 

Track Type 

Track Class  

B1 B2 B3 B4 B5 

Rail 1 2 3 3 3 

S&C 1 3 4 6 6 

The inspection intervals for the fasteners are reliant on the above-mentioned 

classes (B1-B5). At present, inspections of track fasteners are carried out manually or 

by using track inspection cars. The manual inspection involves trained maintenance 

inspectors walking along the track path carrying out visual inspections of track 

components. Other functionality of maintenance inspectors includes assessing track 

behaviour as trains pass by and carry out mechanical tests on track components. 

Following set of instructions are checked for each inspection event carried out during 

the fastener inspection along the rail (Trafikverket 2014): - 

• Within a distance of 20 sleepers, not more than four clamping springs or four 

shoulders should be missing or damaged, of which not more than one can be 

on the consecutive sleepers 

• The clamp of the fastening system must have enough clamp force to clamp the 

insulator and the rail 

• The insulator should not be missing or be out of position. 

• There are no damages to the clamping springs 
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• For joint-free or welded track, the track gauge must not surpass the defined 

maintenance limit. 

For the case of S&C, the following points are also verified during the inspection 

• The fasteners close to the switchblade tip should have no remarks. 

• Where the switchblade is operating, all the fasteners must be intact with no 

missing clamps 

• Isolators must be in place and intact 

• No more than 3 under plates per 10 sleepers and not more than 2 screws from 

the under plates should be missing. 

From the above checklist, the following criterions related to missing clamp can 

be derived  

• Criteria 1 (C1): No more than 4 missing clamps on 20 sleepers  

• Criteria 2 (C2): Not more than one missing clamp on a single sleeper  

• Criteria 3 (C3): Two adjacent sleepers with missing clamps are not allowed  

Manual inspections are labour-intensive, slow, prone to human errors, and pose 

safety issues for maintenance staff. Manual inspections are time-consuming and 

expensive for railroad companies, notably for long-term and large-scale projects. Table 

1.6 depicts the time and cost involved in the manual inspection of track and its 

components for a line in the north of Sweden with a total track length of 136.4 km. The 

inspection time and cost are estimated based on the inspection report from 2011-2020 

of the infrastructure manager (Trafikverket). The labour cost for the inspection was set 

as 1200 SEK per hour and an average inspection speed of 1 km/h was used. The time 

and cost are estimated only for the manual inspection that includes safety and 

maintenance inspection carried out by trained inspectors. Other inspections such as 

mechanised inspection and Non-Destructive Testing (NDT) inspection are not 

included in the following table.  

In Sweden, on average 1534 hours and over 3.68 million Swedish Krona (SEK) 

are being spent to inspect the track and its components for just over 136 km track 

section. The maintenance managers are striving to reduce these operations and 

maintenance costs, by substituting manual inspections with automatic track inspection 

systems from passenger or freight vehicles. Lately, track inspection based on 

measurement car have gained importance in railway inspection as a solution to reduce 

human interventions on the track. Track inspection based on measurement cars 

enables on-board measurement systems which measures the rail and the track 

components and also aids in video imaging of the same (Lichtberger 2011).  However, 

Track inspections based on measurement cars are cost-intensive and require track 

possession of operating lines during the inspection process, thus reducing the 

operational capacity (Wei, X. et al. 2020).  
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Table 1.6. Time and cost of inspection for a track section in Sweden  

Year Inspection time (hours)  

 

Cost of inspection (SEK) 

  

2011 1425 3,420,621 

2012 1391 3,337,783 

2013 1367 3,279,093 

2014 1297 3,113,061 

2015 1961 4,705,757 

2016 1598 3,837,299 

2017 1917 4,601,721 

2018 1548 3,718,926 

2019 1392 3,341,178 

2020 1448 3,474,942 

Development in computer technology and monitoring technology have seen 

automated inspection systems based on machine vision being utilised for track 

inspections  (Liu, S et al. 2019). Automated visual inspection systems for railway 

systems are used for various functions including, rail surface defect detection (Li, Q. 

and Ren 2012; Deutschl et al. 2004), gauge measurement (Skrickij et al. 2021), rail 

profile measurement (Alippi et al. 2000), and fastener defect detection (Marino et al. 

2007; Babenko 2009). An automated railway visual inspection system has two main 

components: hardware and software. The hardware component of the visual 

inspection system includes track components, data acquisition segment, and data-

processing segment. The data acquisition component usually consists of a camera, a 

light source, and auxiliary sensors installed on the train (Liu et al. 2019). Figure 1.2 (Li, 

Q. et al. 2015) depicts an example of a visual inspection system mounted under a train. 

The data-processing segment refers to the computer which contains the software 

component of the inspection system. The software component consists of a computer 

program through which the data is analysed, and the condition information of the 

track component is extracted.  
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Figure 1.2. An example of image acquisition system used for various functions (Li et al. 

2015) 

The application of automated machine vision has been adopted by the railway 

industry as a fastener inspection technology since the pioneering work of Torsino et al 

(2002), however, the detection method for fastener state has varied over time. Image 

processing and deep learning-based methods are the two widely popular methods 

employed to detect fastener states from rail images (Wei, X et al. 2020). Locating and 

segmenting the fastener region, extracting features pertaining to the fastener, and 

applying a classification algorithm for identifying fastener defects are the three main 

aspects of the image processing-based method.  

To detect fastening bolts, Mazzeo et al (2004,) pre-processed the rail images using 

several combinations of wavelet transform analysis (WT) and principal component 

analysis (PCA) and used a neural network to classify the extracted information. Singh 

et al. (2006) used multiple algorithms such as edge detection, Gaussian smoothing, and 

short line removal to pre-process the images and extracted the rail clips by 

implementing image classification and specific window recognition. To investigate the 

presence/absence of fastening bolts Marino et al. (2007) and De Ruvo et al. (2009) 

introduced a real-time detection system (VISyR) and used multi-layer perceptual 

neural classifiers (MLPNCs) with the help of graphical processing unit (GPU) for 

online implementation. To detect defective/missing fasteners, Babenko (2009) used 

convolutional filter banks on the images captured by industrial laser range scanners, 

and the coefficients of the filter were calculated using an illumination-normalised 

version of the Optimal Trade-off Maximum Average Correlation Height (OT-MACH). 

Xia et al (2010) used template matching to detect fastener regions, and Haar-like 

features extracted from these regions were used as an input to the AdaBoost algorithm. 

Resendiz et al (2010, 2013) used the Gabor filter to transform 2-D images into 1-D 
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signals and the multiple signal classification (MUSIC) algorithm was encompassed to 

locate spectral signatures to define expected component locations. Yang et al (2011) 

detected fasteners from rail images using image processing and pattern matching 

method. The method adopted a direction field as the template of a fastener and 

matched it using linear discriminant analysis to obtain the weight coefficient matrix to 

detect missing fasteners. Li Ying et al. (2011; 2013) used geometrical features of the rail 

components to position fasteners and the horizontal rail lines were detected using 

Hough transform and Sobel edge detection method. Zhang. H et al. (2011) proposed a 

structured light method based on moving images and combined it with a neural 

network for detecting missing fastener components. Feng et al. (2013) used a 

probabilistic structure topic model to detect partial wear and missing fasteners from 

rail images. The position of the rail and sleeper was fixed by using linear discriminant 

analysis and using positional relationships among track components, was able to 

locate the fastener position. Haar-like features were extracted from a single fastener 

image and the same was used to compute the likelihood probabilities for defects 

classification. Khan et al. (2014) adopted the Harris-Stephen (Harris and Stephens 

1988) and Shi-Tomasi (Shi and Tomasi 1994) feature detectors to extract feature points 

and feature vectors of the image and matched them to the features of training images. 

If the matching value was found to be lower than the threshold value, the fasteners 

were inferred to be missing. Wang. Z et al (2015) used the background difference 

method to locate the fastener from the image and extracted the linear features from the 

images using the improved canny operator and Hough transform method. The feature 

vector of the rail fastener defect was extracted by combining local binarization (LB) 

and directional gradient histogram (Histogram of Oriented Gradient- HOG), and the 

feature vectors were classified by using the support vector machine (SVM). Aytekin et 

al. (2015) proposed a structured light sensor for real-time track fastener detection. In 

this study, an extensive analysis of various methods, based on pixel-wise and 

histogram similarities were carried out on a specific railway route.  Prasongpongchai 

et al. (2017) used edge density mapping and the Random Sample Consensus 

(RANSAC) algorithm to determine the bounding box of the fastener area. The features 

extracted from the bounding box using Pyramid Histogram of Oriented Gradients 

(PHOG) was used as an input to the Epsilon Support Vector Regression (ϵ -SVR) with 

radial basis function.  

The major concern with fastener detection employing image processing- based 

method lies in the stagnation of detection accuracy, as it is hard to manually design 

accurate and robust feature descriptors for all the railway components due to the 

diversity of shapes and backgrounds  (Li, Y et al. 2013; Wang, T. et al. 2020). In 

addition, the majority of feature extraction methods mentioned in the above research 

such as Gabor filters, Edge detection, Hough transform were unable to extract local 

features in the images. The fasteners are composed of different components and hence 

it becomes necessary to extract local features for defect identifications (Wei, X. et al. 

2019).   
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In recent years, due to the rapid development of GPUs, deep learning (DL)-based 

methods have achieved significant results in the field of image classification 

(Krizhevsky et al. 2012; Szegedy et al. 2015) and object detection (Girshick et al. 2014; 

Ren, S. et al. 2016; Redmon et al. 2016). Deep learning-based methods have also been 

utilized by researchers in the field of railway, to achieve state-of-art results on railway 

track component detection (Faghih-Roohi et al. 2016; James et al. 2018; Yin, J. and Zhao 

2016; Giben et al. 2015). Gibert et al (Gibert et al. 2016) used Multitask learning (MTL) 

to detect railway ties and fasteners. Wei. X et al.(2019) proposed a fastener defect 

detection method based on Deep Convolutional Neural Networks (DCNN), and the 

same study also proposed a faster Region-based Conventional Neural Network (faster 

R-CNN), to improve the detection rate and efficiency. Cui et al.  (2019) deployed a 

point cloud deep learning based on Point Net++, for ballast railway fastener detection. 

Dong et al.  (2019) employed a light-weight backbone of the Faster R-CNN network 

along with a threshold pruning algorithm to detect abnormal fasteners from track 

images. Wang et al (2020) used the second version of You Only Look Once (YOLOv2) 

to inspect multiple components including rail, bolts, and fastening clips. Wei et al 

(2020) utilised an improved version of the You Only Look Once version 3 (YOLOv3) 

model named Dense Connection Based Track Line Multi-Target Defect Detection 

Network (DC-TLMDDNet) for multi target defect identification from the rail images, 

including detecting missing fastening clamps and completely missing fasteners. The 

major challenge faced by fastener detection based on deep learning methods is the lack 

of railway track images containing abnormal fasteners. Deep learning models require 

numerous data points annotated for each class to achieve good results.  

Although significant advancements have been made in detecting fasteners and 

identifying the defects from railway track images, there are some underlying concerns 

associated with automated machine vision inspection. When striving towards 

automated inspection from in-service trains, it is difficult to mount and maintain a 

high-quality automated visual inspection system as they are integrated with the 

operation. In addition, such systems are susceptible to vibrations, brightness 

fluctuations, and motion blurring during high-speed travel. Visual inspection systems 

cannot operate normally during heavy rain and snow. This can reduce the accuracy of 

fastener condition detection and can raise safety concerns. Fasteners can be 

contaminated with the presence of dust and oil stains, which can alter the original 

colour and appearance and may cause false alarms. Another significant drawback of 

this method is its inability to detect fasteners when they are obscured due to the 

presence of snow, sand, stones, and other debris. This calls for additional removal 

processes that add to the expense of the railroad companies. The position accuracy and 

robustness are other concerns associated with this method of fastener detection (Wei 

et al. 2019).  

Fault detection using structural damage identification based on vibration has 

received growing attention in the field of railway fastener health monitoring. Wang et 

al. (2013) adopted the self-power density method to analyse the vibration signals from 

four accelerometers installed on the railhead, to identify the looseness of rail fasteners. 
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Liu et al. (2013) used orthogonal empirical mode decomposition and the theory of 

time-frequency entropy on vertical vibration acceleration measurement to detect 

various rail fastener conditions. To detect the state of rail fasteners between two testing 

points Ren et al. (2015)  used quaternion-based three-channel joint transmissibility. For 

this purpose, the researchers utilised three-dimensional spatial vibration signals 

collected from two different testing points. Wei et al (2017) proposed an automatic 

remote sensing fastener measurement system, where several uniaxial accelerometers 

were fixed on the rail track. Wavelet packet analysis was used to analyse the 

acceleration signals collected and two damage indices were developed to locate the 

damage position and evaluate the severity of rail fasteners looseness respectively. 

Zhan et al (2019) introduced an automatic inspection system based on micro motion 

sensors for detecting looseness of rail fasteners. The system made use of low-power 

MEMS accelerometer and a global system for mobile communications unit. Finite 

element method was used to analyse the vibration characteristics when the rail was 

excited by mechanical pulses and Chao-Shen entropy theory was applied to determine 

the looseness of the rail fasteners. Vibration-based fastener inspections require the 

accelerometers to be pre-installed on the rail track and instigate vibrations using an 

exciting hammer. This can affect the measurement speed, affect the convenience of the 

system, prove to be low in detection efficiency, and are difficult to carry out in practice 

(Mao et al. 2018; Cui et al. 2019). Conclusions drawn from of all the above-mentioned 

works are summarised in Table A of Appendix 1.  

 

1.3  Problem Statement 

       The current demand on the railway industry calls for an increase in capacity 

utilisation, adding stress to the infrastructure and time constraints for maintenance 

activities. At the same time, it is expected to preserve or improve the performance and 

operational capacity of the current infrastructure. A cost-effective and feasible way of 

improving capacity utilisation of the current infrastructure can be ensured by 

successive improvement of the maintenance and renewal process (Famurewa 2015). 

With the increase in capacity utilisation the track is subjected to higher traffic load and 

speed, thus leading to a reduction in infrastructure quality and degradation to its 

components. Failure of components leads to unplanned corrective maintenance 

activities resulting in delay and reduction in capacity utilisation. Hence the track and 

its components need to be periodically inspected to decrease interruptions of train 

operation, reduce cost, and ensure safety.  

Monitoring the condition of railway fasteners is essential to ensure train safety, 

as failures of fasteners may lead to train derailment due to gage widening or wheel 

climb. In Sweden, the intervals for fastener inspections are fixed by the Swedish 

Transport Administration (Trafikverket) based on the traffic load and speed subjected 

to the track and are carried out manually by trained maintenance inspectors or by 

using measurement cars. Manual inspections are laborious and time-consuming and 

pose safety concerns for the maintenance personal involved. Fastener inspections 
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employing vision methods on measurement car requires track possession and thus has 

limited capabilities in terms of inspection frequency. A previous study has shown that 

the winter season in Sweden has the largest problem with train delays due to the 

failure of components in track and S&C (Asplund 2014). The inclement weather 

conditions during the month of November-March, especially in the north of Sweden, 

inhibits regular fastener inspection that depends on the above-mentioned traditional 

inspection methods. Hence, the focus of this research performed for this thesis has 

been directed on finding an automated method for fastener inspection that can be 

carried out using vehicle-mounted measuring equipment operating in regular traffic.  

 

1.4  Research Purpose and Research Objective 

The purpose of the research presented in the thesis aims to develop an automated 

rail fastener inspection method that can be carried out using vehicle-mounted 

measuring equipment operating in regular traffic. The following research objectives 

were derived in the quest to achieve the research purpose 

i. Investigate the effectiveness of visual-based solutions for fastener 

anomaly detection in real-time measurements. 

ii. Investigate the possibility of using eddy current measurements for 

fastener inspection. 

iii. Propose an approach for automated fastener anomaly detection. 

 

1.5  Research Questions 

The main research question the thesis aims to address is the following: 

• How can railway fastener inspection be automated? 

The path taken to answer the main research question led to the formulation of 

the following research questions (RQ) and the same will be described further in 

chapter 3. 

RQ1: - How effective is automated visual inspection for fasteners in real-time 

measurements? 

RQ2: - How can inspection based on eddy current measurement be utilised for 

detecting fastener anomalies?   

RQ3: - How accurate and effective is the eddy current inspection in detecting 

fastener anomalies during a real-time in-service train measurement? 
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A tabular representation showing the connection between appended papers and 

the research question is established in table 1.7, and a brief summary of the appended 

papers is given thereafter.   

Table 1.7.  Mapping of research questions and appended papers 

 Paper 1 Paper 2 Paper 3 Paper 4 

RQ1 X    

RQ2  X X  

RQ3    X 

 

Paper 1 investigates the effectiveness of detecting fastener anomalies from rail 

images captured using an optical measurement system. The study investigates the 

combined use of image processing and deep learning algorithms for detecting missing 

clamps within a rail fastening system. The images used for this study were acquired 

during field inspections carried out along the Borlänge-Avesta line in the south of 

Sweden. The aim of this study also included analysing the performance capability of 

the detection algorithm when confronted with various practical limitations associated 

with ocular-based inspection.  

Paper 2 proposes the concept of a train-based differential eddy current sensor for 

fastener detection. The paper gives an insight into the theoretical background and 

application of the proposed sensor for the condition monitoring system of rail 

fasteners, with experimental results from both laboratory and field tests.  

Paper 3 presents a method for detecting and analysing missing clamps within a 

rail fastening system, measured using the proposed train-based differential eddy 

current sensor. The proposed method makes use of supervised machine learning 

algorithms to detect the fastener condition from the data collected during field 

measurements carried out along the heavy haul railway line in the north of Sweden. 

Paper 4 reports the findings of a case study along a heavy haul line in the north 

of Sweden, using the proposed differential eddy current sensor system mounted on an 

in-service freight train. The study utilises unsupervised machine learning models to 

detect anomalies from fastener measurement and detect missing clamps within the rail 

fastening system.  

 

1.6  Scope and Limitations 

The scope of this research is the study of condition monitoring technologies 

suitable for railway infrastructure monitoring with a focus on railway fastening 

system. The aim of this work is to develop an automated fastener inspection method 

that can be carried out using vehicle mounted measuring equipment operating in 

regular traffic.  
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The research presented in the thesis has the following limitations: - 

• The study focuses only on one type of fault in the fastening system as 

fastener anomalies i.e., missing clamps (both one and two missing 

clamps). Other fault types such as broken clamps, loose clamps, tie base 

defects etc., are not investigated within this study due to restrictions 

during field measurements and lack of availability of data. 

• The case studies presented in the thesis are mainly limited to two railway 

lines.  Furthermore, due to lack of availability of data, only two types of 

fastening systems are considered i.e., Pandrol-E-clip type and Pandrol fast 

clip type. 

• Only two types of measurement equipment are used for this study i.e., 

Line camera (image acquisition system) and a type of EC sensor 

(differential eddy current sensor system). Other measurement equipment 

that make use of  ultrasonic emissions, vibrations, laser scanning, etc. are 

not considered. 

• The research has been limited to the study of methods which are relevant 

for data-driven models by excluding the usage of physics-based 

simulation models.  
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CHAPTER 2 

THEORETICAL BACKGROUND 

2.1  Eddy Current Testing 

Non-destructive testing (NDT) is a testing and analysis technique used to 

evaluate the properties of a material, component, system, or structure for characteristic 

differences, defects, or discontinuities without causing damage to the original part. 

Eddy current testing (ECT) is a type of conventional electromagnetic-based NDT 

method, utilised for the inspection of conductive materials (Janousek et al. 2008). ECT 

has its origin with Michael Faraday’s discovery of electromagnetism in 1831. Although 

the eddy current (EC) phenomenon was discovered in 1851 by French physicist Léon 

Foucault, the phenomenon was first observed in 1824 by researcher François Arago. In 

1879, scientist David Hughes demonstrated that the properties of a conductive coil 

changed when it came in contact with metals of different conductivity and 

permeability (Hansen 2004). Despite these early observations, ECT came into practical 

use only during the Second World War when Professor Friedrich Förster of Germany 

began exploring its industrial applications.  

The working principle of ECT is based on the phenomenon of electromagnetic 

induction, where an oscillating magnetic field is generated by passing an alternating 

current through a coil. Every coil is characterized by an impedance (𝑍𝑖), which is a 

complex-valued generalization of resistance, for a single frequency sinusoidal 

excitation f. The impedance of the coil can be expressed as  

  

𝑍𝑖 =  
𝑉𝑖

𝐼𝑖
=  𝑅𝑖 + 𝑗𝑋𝑖  (𝑤ℎ𝑒𝑟𝑒  𝑋𝑖 = 2𝜋𝑓𝐿𝑖) 

 
(2.1) 

Where 𝑉𝑖 and 𝐼𝑖 are the voltage and current across the coil and 𝑅𝑖 is the resistance 

and 𝑋𝑖 is inductive reactance of the coil with an inductance of 𝐿𝑖 . Impedance 𝑍𝑖 has a 

magnitude |𝑍| and phase φ 

|𝑍| =  √𝑅𝑖
2 + 𝑋𝑖

2 (2.2) 

𝜑 =  tan−1 (
𝑋𝑖

𝑅𝑖
) (2.3) 

When an alternating current is passed through a conducting coil, a time-varying 

magnetic field is generated. EC inspections are based on Faraday’s law of 

electromagnetic induction that states that a time-varying magnetic induction flux 
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density induces a circular current in an electric conductor. The electromotive force ɛ is 

proportional to the change of magnetic induction flux density (ф𝐵) over time.  

 ɛ =  −
𝑑ф𝐵

𝑑𝑡
 

   (2.4) 

 

The induced circular current, known as the EC, flowing within the test piece 

generates a secondary magnetic field that tends to weaken the effect of the primary 

magnetic field as shown in figure 2.1 (García-Martín et al. 2011).  As the EC intensity 

increases in the test piece, the imaginary part of the coil impedance decreases. The real 

part of the coil impedance also changes as the EC contributes to the increase in power 

dissipation of energy. The new coil impedance (𝑍𝑓) can be expressed as: 

𝑍𝑓 =  
𝑉𝑓

𝐼𝑓
=  𝑅𝑓 + 𝑗𝑋𝑓 

(2.5) 

 

Figure 2.1. The EC flow generation in the test piece (García-Martín et al. 2011) 

EC inspection generally measure this change in coil impedance from 𝑍𝑖 to 𝑍𝑓 in 

the form of either current or voltage signals to extract information of the test piece 

(Nguyen et al. 1998). EC density is not uniformly distributed throughout the entire 

volume of the test piece and is greatest on the surface. The EC flow decreases 

exponentially as the distance from the surface of the test piece increases. The skin 

depth (δ) is the distance from the surface at which the eddy current density decreases 

to a level of ‘1/e’ of its surface value and is expressed as  

δ =  √
2

µ𝜔𝜎
 (2.6) 

Where, σ is the conductivity given by the reciprocal of resistivity (ρ) σ=1/ ρ, µ is 

the magnetic permeability and ω is the angular frequency of the current given by 
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ω=2πf. In principle, EC sensors are sensitive to local fluctuations of the magnetic 

permeability (µ), conductivity (σ), and the geometric form of the material, and can be 

used to detect inhomogeneities along the rail track (Engelberg and Mesch 2000). In 

railway application, ECT has been mainly used for measuring and identifying defects 

within the rail material (Song et al. 2011; Liu, B. et al. 2017; Szugs et al. 2016; Zhu et al. 

2018). Trafikverket, the railway infrastructure manager in Sweden, primarily uses ECT 

to inspect near-surface cracks. The sensitivity of ECT to detect small cracks in the 

surface of a rail (Popović et al. 2013) and the achievable high inspection speed  (Pohl 

et al. 2004) makes this method very appealing for use in track wide condition 

monitoring (Rajamäki et al. 2018). 

Although ECT has gained significant attention in the field of railway 

infrastructure monitoring, there are some underlying concerns associated with this 

technique (Rayendra. A 2021). A primary concern associated with ECT is that it is only 

effective on conductive materials and cannot be used to inspect non-conductive 

materials. ECT are also susceptible to magnetic permeability changes, as small changes 

in permeability have a conspicuous effect on the EC, notably in ferromagnetic 

materials. Another major concern associated with ECT is the lift-off phenomenon, 

which is considered as a noise source that is undesirable in defect detection (García-

Martín et al. 2011). Lift-off is the change in impedance that can occur when there is a 

variation in the distance between the inspection coil probe and the test piece. Lift-off 

could occur in the same direction as the defect, thus masking the defect response and 

hence the distance between the probe and the test piece must be maintained constant 

as much as possible. ECT also has a limitation in detecting defects parallel to surface, 

as the flow of eddy currents is parallel to the surface as well. Those planar defects that 

does not cross or interfere with the current are not usually detected by this method.  

 Appropriate probe selection is an essential part of solving an EC application.  A 

major advantage of ECT is that these probes can be custom designed for a wide variety 

of applications. Among the different types of EC probes, absolute mode probes and 

differential mode probes are the two common types of EC probes used in rail 

inspections (Bentoumi et al. 2003; Ng et al. 2018; Opanasenko et al. 2016). Absolute 

probes consist of a single coil and respond to all variables which affect the eddy current 

flow. Differential probes consist of two coils that compare adjacent material sections. 

A differential probe will generate two magnetic fields which are in opposite directions 

to one another, thus yielding zero output signal when there is no difference in EC 

distribution under the adjacent coils. Absolute probes are very useful in detecting both 

long and gradual defects, however, they are very sensitive to material variations, 

external interferences, and temperature changes (Van Drunen and Cecco 1984). 

Differential probes are capable of detecting very small defects and are relatively 

unaffected by temperature changes, lift-off, and external interferences (Hansen 2004). 

The EC sensor system used for this research makes use of differential EC probes and 

the working principle of the same is detailed in the following section.  
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2.2  Differential Eddy Current Sensor – ‘Lindometer’    

The differential eddy current used for this research study was developed by 

Alstom Transport (Sweden) and was named as ‘Lindometer’. Figure 2.2 shows the 

Lindometer arrangement consisting of one driver coil ‘D’ and two pick-up coils ‘P1’ 

and ‘P2’.  The driving coil is driven by sinusoidal primary current i(t), which generates 

an alternating primary magnetic field. ECs are thus induced within the rail and other 

electrically conductive material located in the proximity of the sensor. A secondary 

magnetic field is generated as a result of these ECs, which have an opposite direction 

to that of the primary field, complying with Lenz’s law.  

 

Figure 2.2. Arrangement of the differential EC sensor (Lindometer) measuring over a 

railhead 

The size of the driving coil is approximately 18 (z), 70 (x), and 155 (y) mm. The 

two pick-up coils are encased by the driving coil which acts as an outer winding. The 

winding is applied in one layer with 22 turns using a copper wire of 0.7mm diameter. 

The pick-up coils have a size of 18(z), 30(x), and 150(y) mm, with each coil having a 

winding applied in one layer with 94 turns with a copper wire of diameter of 0.16mm. 

The two pick-up coils are placed side by side along the x-direction with a gap of 4mm.  

 

Figure 2.3. Circuit diagram of the sensor system 
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The two pick-up coils are enclosed by the driving coil and differentially coupled 

as depicted in the circuit diagram given in figure 2.3. The differentially coupled pick-

up coils cancel out the crosstalk between the pickup and driver coil, though not 

completely. The resulting voltage u(t) is the result of the induction of the ECs along 

the rail and the crosstalk residue that are linearly superimposed. The quality of the 

crosstalk cancellation is determined by the geometrical symmetry between the three 

coils, and hence the windings are placed in an even layer with no crossovers. EC is 

generated in the rail and vicinity along the x-y plane by the driving coil and the pick-

up coils are sensitive only to the z-component of the generated flux due to the 

geometrical orientation, as depicted in Figure 2.2. The differentially coupled pick-up 

coils (P1-P2) are sensitive only to the changes in the EC along the rail and its vicinity. 

If there is an even surface (as an ideal rail with no other electrical components or 

defects) with no change in the geometric form of the material, or conductivity (σ) or 

magnetic permeability (µ), the resulting voltage will be zero due to the induction of 

similar ECs all across the place. When there is a change in the geometry or conductivity 

of magnetic permeability at one single point along the rail and its vicinity, a change in 

EC takes place. Only the singular point with the EC change will create a signal, due to 

the symmetry of the differentially coupled pick up coils, given by  

 

𝑢(𝑡) = P1𝑣(𝑡) − P2𝑣(𝑡) 

 
(2.7) 

   The Lindometer encloses two such independent differential EC sensors placed 

at a distance of 20 cm apart.  The Lindometer uses two driving fields at frequencies of 

18 kHz and 27 kHz respectively. The above-mentioned frequencies fall under the rail 

norms and can be used for inspecting track and its components. The two frequencies 

have a common factor of 9 kHz, which allows cancelling out the small crosstalk 

between them by the inbuilt Cross Talk Cancellation (CTC) function, within the sensor. 

The entire unit is vacuum potted with epoxy resin to stabilise the sensor, both against 

vibrations and temperature drift.   

                                                               

2.3  Anomaly Detection 

Anomaly detection refers to the problem of finding events, data points, and/or 

observations that do not conform to expected behaviour (Assem et al. 2017). Such non-

conforming points, or events, or observations are often referred to as anomalies or 

outliers. Anomaly detection has been extensively applied in many fields, including 

cyber security, financial fraud detection, fault detection in safety-critical systems, and 

so forth (Albaghdadi, Briley, and Evens 2006; Ajami and Daneshvar 2012; Lee, Qin, 

and Lee 2006). The general goal of an anomaly detection model is to define a region 

depicting the normal behaviour and identify other observations in the data set which 

does not belong to this normal region as anomalies or outliers. A specific formulation 

of an anomaly detection problem is determined by several factors such as the nature 

of the input data, type of anomaly, availability of labels, output of the anomaly 
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detection problem, and constraints and requirements induced by the application 

domain (Chandola et al. 2009).  

 

Figure 2.4. Types of anomalies: (a) Point anomalies, (b) Contextual anomaly, (c) Collective 

anomaly. Anomalies are depicted with red marker (adapted from Chandola et al. 2009) 

Input data generally refers to the collection of data instances (also referred to as 

samples, observations, points, etc.), that are described using a set of attributes (also 

referred to as features, characteristics, variables, etc.)(Pang-Ning et al. 2005). Input 

data can be categorised based on the relationship present among the data instances: - 

data instances with no relationship among them, referred to as a record or point data, 
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and data instances that are related to each other such as sequence data, spatial data, 

and graph data. An important aspect of the anomaly detection technique is identifying 

the type of anomalies. Anomalies can be categorised into three types: - point anomaly, 

contextual anomaly, and collective anomaly as depicted in figure 2.4 (Chandola et al. 

2009).  

Point anomalies are those individual data instances that can be considered 

anomalous when compared to the rest of the instances in the data. Points A1, A2, and 

points in the region of A3 in figure 2.4 (a) are point anomalies as they lie outside the 

boundaries of the normal region. Contextual anomalies are those data instances that 

are anomalous within a specific context (but not otherwise).  Figure 2.4 (b) depicts an 

instance of such a contextual anomaly observed when recording the temperature over 

several years for a particular area. A low temperature during winter might be normal 

(marked by P1 in figure 2.4 (b)), however, a similar lower temperature during the 

summer would be an anomaly (marked by P2 in figure 2.4(b)). Collective anomalies 

are instances when a collection of related data instances becomes anomalous when 

compared with the entire data set, though they are not individually anomalous 

instances (as depicted with red markers in figure 2.4(c)).  

Based on the availability of the label on the data instances, anomaly detection 

methods are classified into three categories: - Supervised, semi-supervised, and 

unsupervised anomaly detection. Models based on supervised anomaly detection 

assume the availability of training data points with labels for all classes (both normal 

and anomalous classes). Such supervised models require labelled data that are 

accurate and well representative of all types of behaviour. Labelling is usually carried 

out manually by experts in the field and thus requires substantial effort and is cost-

intensive especially for larger data sets. Supervised models require a large number of 

data instances belonging to both normal and anomalous instances, during the training 

phase. In most cases, the anomalous instances are comparatively fewer than the 

normal instances and cause data imbalance. Issues arising due to imbalanced class 

distribution are challenging and diverse strategies to overcome these challenges have 

been discussed elaborately in various data mining and machine learning studies 

(Chawla, Japkowicz, and Kotcz 2004; Thabtah et al. 2020; Longadge and Dongre 2013). 

Semi-supervised-based anomaly detection models make use of the assumption that 

the training data has labelled instances for only the normal class. The typical approach 

employed in such semi-supervised anomaly detection is to build models for the class 

corresponding to the normal instances and make use of the model to identify 

anomalous instances during the testing phase. Unsupervised anomaly detection 

models work on the assumption that normal instances are more frequent than the 

anomalies in the data set and hence do not require a training data set. Such methods 

are prone to a high false alarm rate if the assumption is not true. Unsupervised 

anomaly detection models do not require human expertise to label the entire data set 

and hence are widely applicable.   

Another major factor to be considered in the anomaly detection technique is the 

output from these models. The outputs from anomaly detection techniques are 
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generally of two types: - scores or labels. Scoring techniques assign an anomaly score 

for all the data instances depending on the degree to which the particular instance is 

considered an anomaly. The selection of anomalies from the obtained scores is usually 

done by, using a domain-specific cut-off threshold, or ranking the score and analysing 

the top anomalies. Techniques that use labels as an output, assign a specific class to 

individual instances in the test set.  

Anomaly detection problems in their most general form are not easy to solve as 

it faces many challenges. Anomaly detection, in general tries to identify a region 

representing the normal instances and marks any observation within the data that 

does not belong to this region as an anomaly. Defining such a region that takes into 

account all the possible normal behaviour is difficult. An anomalous observation that 

lies close to the boundary of such a region can actually be normal and vice-versa. In 

many domains, the data tends to evolve due to dynamically changing characteristics 

of environments and a current region of the normal instance might not be sufficiently 

represented in the future (Salehi and Rashidi 2018). The exact definition of anomaly 

may vary for different application domains depending on the criticality (Shaukat et al. 

2021). For example, a small deviation from normal behaviour might be an anomaly of 

significant nature in the medical field but such a slight deviation might not be 

considered as an anomaly in the stock market domain. Hence applying a detection 

model developed for one domain to another domain is not always recommended. 

Another major issue with anomaly detection techniques is the availability of labelled 

data for training or validating these models. Often the data instances can contain noise 

that tends to have similar characteristics of anomalies thus making it difficult to 

distinguish these noisy instances. Researchers have adopted techniques and concepts 

from a variety of disciplines like information theory, statistics, machine learning, data 

mining, and spectral theory to overcome these challenges and apply them to 

implement effective anomaly detection models (Al-Thani et al. 2018; Chandola et al. 

2009). The present thesis utilises the concepts of machine learning (both supervised 

and unsupervised) and deep learning for anomaly detection from fastener inspection 

measurements. 
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CHAPTER 3 

RESEARCH METHODOLOGY 

3.1  Research Approach and Research Process 

The research presented in this thesis concerns applied research within railway 

engineering with a focus on infrastructure maintenance and aims to develop an 

automated rail fastener inspection method that can be carried out using vehicle-

mounted measuring equipment operating in regular traffic. This thesis makes use of 

quantitative approach (Creswell 2003) to investigate the effectiveness of various 

fastener detection approaches employed in this study. The quantitative approach was 

chosen in this study, considering the problem statement, availability of data, 

evaluation of the results, and interest of stakeholders.  

The research methodology presented in the thesis makes use of exploratory and 

descriptive approaches. In the initial stage, an exploratory research approach was used 

to familiarise with rail fastener inspection and identify the existing challenges, 

limitations, and opportunities, and obtain new insight into the research field. The 

knowledge gained from the exploratory research formed the basis of developing the 

research questions the thesis aims to answer. A descriptive approach, involving the 

collection of field data, development of anomaly detection models based on machine 

learning and deep learning algorithms, were employed to answer the research 

questions. A case study strategy (Nyström 2008; Yin 2018) was selected as the 

overarching research strategy to answer the three research questions.  

The research process involves a series of steps necessary to carry out research 

(Kothari 2004). Figure 3.1 illustrates the main research process carried out to answer 

the research questions. The overall research process remains the same to answer all 

three research questions and only the methods employed within each step vary. The 

data collection, data processing, anomaly detection models used, and fastener state 

detection for each research question are explained briefly in the following sections. 

 

Figure 3.1. Research Design Process 

 



24 

 

3.2  Methodology for RQ 1 

RQ1 is stated as “How effective is automated visual inspection for fasteners in 

real-time measurements?” To answer RQ1 an investigation to determine the 

effectiveness of detecting fastener anomalies from rail images captured using an 

optical measurement system was carried out.  

3.2.1 Data Collection 

The rail images used for this investigation were collected along the Börlange-

Avesta line in Sweden using the Infranord measurement car and image acquisition 

system. The image acquisition system contains a greyscale CMOS line camera (refer to 

figure 3.2). Each line is triggered by a wheel encoder at 0.4mm intervals at a speed of 

20km/h. The raw images obtained were RGB images with a resolution of 2000×2048 

pixels. The rail images collected from the field were prone to noise and asymmetrical 

illumination due to the complex environment of the railway network and the vibration 

of the measurement vehicle. Further, the positioning of the sleeper and fastening 

system within the collected images were found to be varied during the image 

segmentation procedure. A plausible explanation for this can be that even though 

sleepers should be mounted at an equal distance, in practice, the distance can vary 

between different lines or slightly within the same line.  

 

Figure 3.2.  Image acquisition system mounted on an inspection car 
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Figure 3.3. Raw images from the measurement car; (a) position of rail and fasteners not 

centred, (b) position of sleeper with fasteners towards the bottom with the presence of 

additional noise, (c) two sleepers with four intact fasteners with low illumination, and (d) 

two sleepers with one clamp missing in the top sleeper. 

Figure 3.3 depicts a few examples of the problems associated with the raw images 

collected during the field measurement. The presence of such half sleepers and more 

than one sleeper in segmented images can deteriorate the performance of the detection 

model. Hence, it becomes necessary to incorporate image processing techniques to 

tackle additional noises and errors in positioning, which can deteriorate the 

performance of the detection algorithm. 

 

3.2.2 Data Processing 

Image processing techniques were implemented to pre-process the raw images, 

remove redundant information from the raw images, and improve the fastener 

positions within the images. Taking the characteristics of the raw railway track line 

images and the positional relationship between the track and fasteners, the following 

image processing steps were adopted to reduce the fastener positioning error: 
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• The raw images were merged to form a concatenated long image of the 

railway track line as depicted in Figure 3.4.a. The concatenated image 

was converted to a gray-scale image. 

• To simplify the positioning process of the targeted area the concatenated 

gray-scale image was converted to a binary image (binary matrix) by 

using the adaptive threshold algorithm – Otsu’s method  (Otsu 1979) 

• To de-noise the image and improve the accuracy of the positioning result, 

the binary image was filtered using adaptive noise removal filtering 

• The binary matrix was summed both horizontally (along the sleeper 

direction) and vertically (along the rail direction) to create a column 

vector and a row vector. The column vector was used to position the 

fasteners and the row vector was used to position the rail. Moving 

average filters were then used on these vectors to smooth them (refer to 

Figure 3.4.c). 

• The filtered vectors were converted to binary vectors by thresholding 

them to 75% of their maximum value. The centre position of the sleepers 

was extracted by finding the peaks and the width of the same within the 

binary column vector as shown in Figure 3.4.d. Similarly, the centre of 

the rail was identified from the binary row vector. 

• The centre position of both sleeper and rail was used to cut the 

concatenated images, such that the sleeper and rail were centred within 

a single frame and each frame contained one sleeper with two fasteners. 

Figure 3.5 depicts a fastener image acquired after the image processing 

techniques applied to the raw image. 
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Figure 3.4.  Image processing steps. (a) Concatenated rail images, (b) filtered binary image of 

the rail, (c) the result of horizontal summation of the binary matrix to a column vector 

marked in black colour and the smoothened curve using the moving average filter (marked in 

red), and (d) the binary matrix after thresholding indicating the sleeper position with the 

centre marked in red dotted lines. 

 

Figure 3.5.  Fastener image after image processing 

Image augmentation was also implemented for this study to expand the data set 

and ensure experimental reliability. The augmentation techniques adopted for this 

investigation aimed at incorporating only those practical variations that could occur 

during high-speed visual inspection. Brightness, contrast, saturation, blur, noise, and 

rotation of the images were the parameters that were used for augmentation and the 
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choice of selection of these parameters was based on expert opinions from the field. 

The presence of snow and ballast stones on the fastener system are two other factors 

that hinder the visual-based inspection of these components. The data set used for this 

study also included instances where the fasteners were partially or completely covered 

by snow and stones. Figure 3.6 depicts the augmentation of the fastener image with 

the selected augmentation techniques 

 

Figure 3.6. Augmentation of the fastener images; (a) original, (b) brightness, (c) contrast, (d) 

rotation, (e) saturation, (f) blur, (g) noise, (h) fasteners partially covered with stones, and (i) 

fasteners partially covered under ice/snow 

 

3.2.3 Anomaly detection model 

A supervised model based on deep learning algorithms (DL) was used as the 

anomaly detection model in this investigation. The application of deep learning 

algorithms for image recognition and object detection has gained significant 

importance in the last decade as these algorithms are designed in such a way that they 

try to replicate the human cerebral cortex (Chauhan et al. 2018). For this investigation, 

two deep learning algorithms were utilised for the classification purpose: - 

Convolutional neural network (CNN) and Residual network (ResNet-50).  

CNN or also known as shift invariant or space invariant artificial neural network 

is a class of artificial neural networks that convolve with filters or kernels to extract 

features (Chauhan et al. 2018). CNN takes advantage of the hierarchical pattern in the 

data and assembles patterns of high complexity using simpler and smaller patterns 

imprinted in their filters. A comprehensive description of CNN is given by (Zeiler and 
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Fergus 2014; Albawi et al. 2017). The CNN architecture used for this study is depicted 

in figure 3.7 and has three convolutional layers. The convolution layer convolves the 

input and abstracts the image to a feature map also known as an activation map, before 

passing it on to the next layer. The first layer consisted of 32—3 × 3 filters, the second 

layer was composed of 64—3 × 3 filters and the third convolutional layer had 128—3 × 

3 filters. A max-pooling layer of size 2 × 2 followed each convolutional layer. A pooling 

layer allows the reduction of the dimension of the data by combining the output of 

neuron clusters at one layer into a single neuron in the next layer. The strides for the 

convolutional layer were 1 and for max-pooling was 2. Strides define the number of 

blocks to move forward after each calculation. A flattening layer was used at the end 

before passing on to a dense layer. The flattening layer helps to collapse the spatial 

dimensions of the input to the output dimensions. A dense layer is a deeply connected 

layer where each neuron present in this layer receives input from all neurons in the 

previous layers.  

 

Figure 3.7. CNN architecture for fastener detection 

ResNet-50 is a 50-layer deep network that is a variant of the residual network 

(ResNet). ResNet stacks building blocks of the same connecting shape called the 

residual units (He et al. 2016a).  ResNet makes use of ‘skip connection’ to tackle the 

issue of vanishing gradient by setting up an alternate shortcut for the gradient to pass 

through and also enables the model to learn an identity function. It also uses batch 

normalisation at its core, thus mitigating the problem of covariate shift. A 

comprehensive description of ResNet can be found in (He et al. 2016b; Wu et al. 2018,). 

The ResNet-50 architecture used for this study is depicted in figure 3.8.  

Two main types of blocks are used in ResNet, depending on the dimensions of 

the input/output layer: - convolution block and the identity block (ID). When the input 

activation has the same dimension as the output activation an identity block is used, 

whereas a convolution block is used to resize the input to another dimension, such that 

the dimensions are equal in the final addition. The ResNet-50 model used in this study 

uses both these blocks and they employ skipping over three hidden layers (of kernel 

sizes 1 × 1, 3 × 3, and 1 × 1 respectively).  Within each of these blocks, the shortcut and 

the input are added together and a ReLU activation function was used afterward. The 

ResNet-50 model employed for this study had five stages and a detailed description of 

each stage is explained in section 2.3.2 of Paper 1.  
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Figure 3.8. ResNet-50 architecture for fastener detection 

 

3.2.4 Fastener state detection 

The fastener detection task investigated in this study is a multi-class classification 

problem with three classes, i.e., healthy fastening system with both clamps intact, 

fastening systems with one clamp missing, and fastening systems with both clamps 

missing. The effectiveness of the detection models was analysed by using performance 

indicators. Different evaluation metrics underline different aspects of the performance 

of the classification algorithms. Performance indicators such as accuracy and cross-

entropy (loss) were used to evaluate the model during the training and validation of 

the deep learning models. Indicators such as precision and recall were also taken into 

consideration along with accuracy and loss, for evaluating these models during the 

test stage.  

 

3.3  Methodology for RQ 2 

RQ2 is stated as “How can inspection based on eddy current measurement be 

used for detecting fastener anomalies?” To answer RQ2 the effectiveness of using a 

differential eddy current measurement system for detecting fastener anomalies was 

investigated.   

 

3.3.1 Data Collection  

Both laboratory measurements and several field measurements were carried out 

using the proposed differential EC measurement system (Lindometer) to answer RQ 

2. For both laboratory and field measurements, the differential EC sensor was mounted 

on a trolley system 65mm above the railhead and was made to run along the track, 

using a motor. Figure 3.9 depicts the measurement setup used for a laboratory test and 

figure 3.10 represents the measurement setup used during the field measurements. 

The sensor was powered using a 12V 62AH battery and the measured data were 

recorded using a laptop. Laboratory tests were carried out to analyse the response of 
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the differential EC sensor to detect a clamp at various distances from the rail. The 

clamp was placed at a lateral distance ranging from 0 to 180mm from the rail as 

depicted in figure 3.9. 

 

Figure 3.9.  Measurement set-up for detecting clamps using the differential EC sensor 

Field measurements were carried out along the northern loop of the heavy haul 

line at Katterjåkk and Stordalen, close to the Sweden-Norway border. The speed of the 

trolley system during these measurements varied from 1.3 m/s to 2 m/s. The sensor 

system was used to measure one side of the track. A controlled measurement sequence 

was carried out along the track section to obtain the data set for this study. A pattern 

of missing clamps was created, along the measurement sequence where clamps were 

removed from the outer and inner side as well as from both sides at 20th, 25th, and 30th 

sleeper respectively from the starting position of the measurement (refer to figure 

3.11). This sequence of measurements was repeated along various sections of the track 

over different periods of time to obtain the final data set for this study. Track sections 

that were relatively healthy and track sections with damages were all considered for 

this purpose. Some of the visible damages on the railhead included squats, rail 

corrugation, crack, and head checks. The final data set also included measurement 

points that were carried out in winter season where the fasteners were completely 

covered under snow.  
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Figure 3.10. (a) Differential EC measurement system setup (field measurements) (b) e-clip 

fastening system: clamps intact, one clamp missing, and both clamps missing 

 

Figure 3.11.  Measurement pattern. Blue triangles mark the position of one missing clamp 

within a fastening system and diamond in red mark the position where both clamps were 

missing within a single fastening system 

3.3.2 Data processing 

As described in section 2.2 of this thesis the proposed differential EC 

measurement system has two individual differential EC sensors with a driving field of 

18 kHz and 27 kHz, and both channels were used for this study. Several signal 

processing methods were implemented to pre-process the raw data obtained from the 

differential EC sensor system before sufficient information corresponding to the 

individual fastening system could be extracted. The EC signal had to be demodulated, 

resampled, filtered and rotated to extract relevant features of the fastening system. 
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The raw signal was multiplied by its carrier frequency (for both channels 

respectively) and low pass filtered (2 kHz) to extract the baseband. The signals were 

further resampled from 215.52 kHz to 35.92 kHz.  The EC signals were further filtered 

using a low pass filter of 3Hz as the periodicity of the fasteners in the signal was found 

to be lower than this value. The filtering was carried to retrieve maximum information 

regarding the fastener signature and attenuate other frequency contents 

corresponding to noise and other ferromagnetic components. After demodulation, 

resampling, and filtering the raw signal, the EC signatures were found to be shifted 

from the in-phase direction (real part). To have better visualisation and extract 

maximum information relevant to the fastener signatures, the complex EC signal was 

rotated such that the fastener signatures were projected along the in-phase direction. 

The EC signals were rotated by degree Ɵ or Φ radian, such that the peak amplitude of 

the fastener signatures was maximized.  

Four features for both the channels were extracted from individual fasteners and 

used in this study: - peak-to-peak, RMS, the arc length of the complex signal, and the 

magnitude of the fastener signature at clamp frequency. The peak-to-peak and RMS 

feature is obtained from the real part of the EC signal whereas the arc length feature 

comprises information from both the real and the imaginary part of the EC signal. The 

feature set from individual channels and combined features from both channels were 

used in this study.  The idea of making use of three sets of input was to compare 

whether a single channel or both channels when combined performed better in 

missing clamp detection.  

 

3.3.3 Anomaly detection model 

 A supervised model based on machine learning (ML) was used as the anomaly 

detection model in this investigation. ML is an application of artificial intelligence that 

aids a system in the ability to automatically learn, adapt and improve from experience 

without being explicitly programmed (Mitchell 2006). For this investigation, the 

AdaBoost (AB) classifier algorithm was used for classification purposes. Several other 

ML algorithms such as support vector machines (SVM), k-nearest neighbours (k-NN), 

gradient boosting decision trees (GBDT), random forest (RF) were also used for this 

fastener detection study and are described in appended paper 3. However, these are 

not used for this thesis purpose. The choice of the above-mentioned algorithms (AB, 

SVM, k-NN, RF, GBDT) was based on various key factors that aid in practical 

implementations such as performance, ease of implementation, and speed exhibited 

by these algorithms during training, parameter tuning, and predictions observed from 

literature studies (Jones et al. 2015; Zhang, C. et al. 2017; Brown and Mues 2012; 

Fernández-Delgado et al. 2014). 

AdaBoost is a type of ensemble classifier that works on the philosophy that a 

multitude of classifiers performs better than a single classifier. It combines weak 

classifiers to form a stronger classifier. AB begins with finding a weak classifier and 
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subsequently fits it to a subset of training data to generate a new classifier (Schapire 

2003). AB retrains iteratively by choosing the training subset based on the performance 

during the previous training step. A training weight is assigned after each training by 

the classifier and those misclassified items are assigned a higher weight so that it 

appears with a higher probability in the training subset of the following classifier. A 

weight is assigned to the classifier as well, such that a better performing classifier is 

weighed heavily and will generate more impact in the final output. A comprehensive 

description regarding AB can be found in (Freund and Schapire 1996). 

A Gaussian naive Bayes (GNB) was also used in this study to understand the 

lower bound classification performance on the fastener data set and as a means to 

compare the performance of the AB algorithm. GNB is a type of naive Bayes method 

that assumes a Gaussian or normal distribution on the values of the given class.  

 

3.3.4 Fastener state detection 

The fastener detection task investigated in this study is a multi-class classification 

problem with three classes, i.e., healthy fastening system with both clamps intact, 

fastening systems with one clamp missing, and fastening systems with both clamps 

missing. F1- score macro was used as the performance indicator to evaluate the model 

during the training and validation steps. Indicators such as macro-precision and 

macro-recall were also used to evaluate the models during the testing stage. 

 

3.4  Methodology for RQ3 

RQ 3 is stated as “How accurate and effective is the eddy current inspection in 

detecting fastener anomalies during a real-time in-service train measurement?” To 

answer RQ 3, an investigation to determine the effectiveness of detecting fastener 

anomalies from eddy current measurement during real-time measurements was 

carried out.  

 

3.4.1 Data collection 

The data required for this study was collected during actual train measurements 

along the iron-ore line in Sweden. The iron-ore line (IOL) is a 398 km line that runs 

between Riksgränsen and Boden, Sweden, which was first electrified in 1915. On 

average, annually 29 million tons (MGT) of iron ore is transported to the ports of 

Narvik and Luleå via this line. The maximum allowable speed for an unloaded freight 

train is 70 km/h and for loaded freight trains the allowable speed limit is 60 km/h. The 

speed can vary from 120 km/h to 135 km/h for passenger trains. The geographical 

location of the IOL is depicted in figure 3.12 
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Figure 3.12. The geographical location of the Iron-ore line, Malmbanan 

For this study, the differential EC measurement system was mounted on an 

unloaded freight train (refer to figure 3.13), 110 mm above the railhead, and the 

measurements were carried out from Kiruna (depicted in figure 3.12 as a red marker 

with a black arrow indicating the direction of the measurement). The speed of the train 

was approximately 70 km/h, and the measurement was carried out for a track length 

of roughly 2.5 km. The track section considered for this case study had concrete 

sleepers with Pandrol fast clip type fasteners. The measured track section included one 

Switch & Crossings (S&C), one bridge as well as other standard track parts like 

insulation joints and welds, etc. The measurement pattern used in this study is 

depicted in figure 3.14. The fastener conditions and other likelihood of disturbances 

were unknown for the majority of the measured track section.  

 

Figure 3.13. Differential EC measurement system mounted on a freight train 
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Figure 3.14. Measurement pattern for freight train measurement 

 

3.4.2 Data processing 

The proposed differential EC measurement system encloses two independent 

differential EC sensors of driving field 18 kHz and 27 kHz respectively. Two channels 

were installed for future speed measurements using cross-correlation techniques. This 

study will make use of only one channel with a driving field frequency of 27 kHz for 

measuring the track section. Several signal processing techniques were implemented 

on the raw data obtained from the differential EC sensor before meaningful 

information pertaining to the fastener was extracted. The overall signal processing 

techniques were the same as discussed in section 3.4.2 and only the type of filter and 

the angle of rotation are different in this study. The complex EC signal was 

demodulated and resampled (as described previously) before a bandpass filter of 

lower bound and upper bound of 29 Hz and 34 Hz respectively was applied. Further, 

the complex EC signal was rotated to retrieve maximum information regarding the 

fastener signature.  Since the study aims to detect fastener signatures, the rotation 

angle was set to align the fastener signatures along the in-phase direction.  

Three features were extracted for individual fasteners for this study: -peak to 

peak, RMS, and arc length of the complex signal. The peak to peak and RMS features 

were obtained from the real part of the signal. The arc length comprises information 

from both real and imaginary parts of the EC signal.  
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3.4.3 Anomaly detection model 

Unsupervised models based on machine learning were used as the anomaly 

detection model for this study. Two forms of unsupervised machine learning models 

are implemented to analyse the fastener measurements carried out. The first model 

combines Isolation Forest (IF) and Connectivity based Outlier Factor (COF) to identify 

and segregate the anomalous points from the healthy or normal ones. The second 

model was implemented to group the anomalous points into meaningful clusters. In 

this case, the density-based spatial clustering of application with noise (DBSCAN) 

algorithm was used for clustering purposes.  

IF is an ensemble-based unsupervised anomaly detection method that is an 

extension of the decision trees. IF works based on isolation, where randomly sub-

sampled data is processed in a tree structure based on randomly selected features. A 

split value is randomly selected between the maximum and minimum values of the 

selected feature. The number of splitting required to isolate a sample is equivalent to 

the path length from the root node to the terminating node. The samples that have 

longer paths are less likely to be anomalous as they require more cuts to isolate them. 

A comprehensive description regarding IF is given in (Liu, F. T. et al. 2008).  

COF is an improved version of the Local Outlier Factor (LOF), where a degree of 

outlier known as the connectivity-based outlier factor is assigned to each data point.  

COF uses a short path method called the chain distance to calculate the nearest 

neighbour. Once the neighbourhood is computed an anomaly score is assigned for 

each data point based on its local density. A comprehensive description regarding 

COF can be found in (Tang et al. 2002).  

An effective anomaly detection algorithm should be able to detect both local and 

global anomalies. COF is sensitive to local anomalies and may have difficulties in 

detecting global anomalies, whereas IF is sensitive to global anomalies and often find 

difficulties in detecting local anomalies. In most cases, if the chosen algorithm is 

successful in detecting global anomalies, then they fail to detect local anomalies and 

vice versa (Jabbar 2021). To overcome this problem, an integrated approach combining 

IF and COF is used for this investigation. A point was considered as an anomaly only 

when it is detected as anomalous by both the algorithms.  

DBSCAN is an unsupervised density-based clustering algorithm that works well 

with arbitrary shapes and sized clusters. Another advantage of DBSCAN is that it does 

not require a pre-specified number of the required cluster. Given a set of points in 

space, DBSCAN groups closely packed points together to form a cluster, and the points 

that are in low-density regions are marked as noise.  
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3.4.4 Fastener state detection 

The fastener detection task investigated in this study is based on unsupervised 

machine learning models. Two forms of unsupervised techniques are used for this 

study. An unsupervised anomaly detection model combining IF and COF was 

implemented to segregate the anomalous and healthy points from fastener inspection 

measurements. An unsupervised clustering method based on DBSCAN was 

implemented to group the anomalies into meaningful clusters and to detect missing 

clamps (both one and two missing) within the fastening system. The models were 

verified by measuring a section of the track (called ground truth) for which the track 

conditions were known (refer to figure 3.14). 
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CHAPTER 4 

RESULTS AND DISCUSSIONS 

4.1  Results and Discussion Related to RQ 1 

RQ 1: How effective is automated visual inspection for fasteners in real-time 

measurements? 

RQ 1 is mainly answered in paper 1, where a study was conducted to examine 

the effectiveness of combining image processing and supervised anomaly detection 

models using deep learning algorithms, to detect fastener anomalies from rail images 

captured using an optical measurement system. The images used for this study were 

acquired during the field inspections carried out along the Borlänge-Avesta line in 

Sweden. The image processing methods discussed in the previous section (refer to 

section 3.3.2) enabled the improvement of the fastener position and removal of 

redundant information from the fastener images. Three types of fastener images were 

retrieved from the raw images, after image processing and positioning of the track and 

fastener within the images, i.e., healthy fastening systems with both clamps intact, 

fastening systems with one clamp missing, and fastening systems with both clamps 

missing. The data set contained over 6000 instances of healthy fasteners, 116 instances 

of fasteners with one clamp missing, and 47 instances of fastening systems with both 

clamps missing. The data set was heavily imbalanced as the number of images with 

healthy fasteners was much higher than those with one and both clamps missing. This 

imbalance is considered as normal behaviour as this is the expected behaviour of an 

operational (in-traffic) track section. Image augmentation was carried out on all three 

classes of images to expand the data set and to ensure experimental reliability (as 

previously described in section 3.3.2). The augmentation techniques employed for this 

investigation aim to incorporate realistic practical variations that can occur during the 

high-speed visual inspection and not just enhance the data set with non-practical 

parameters. The data set also had images with instances where the fasteners were 

partially or fully covered by ballast and snow.  

The final data set used for this study contained 3000 images (1000 images for each 

class). Two deep learning algorithms were used as the anomaly detection models for 

this study, i.e., CNN and ResNet-50. The input images for both these models were 

resized to 224 × 224 in RGB form. The training of the models was carried out using 

2040 images, 510 samples were used for validation purposes and 450 images were used 

for testing. To minimise the loss function, the parameters of CNN and ResNet-50 
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models were updated using the Adam stochastic optimisation algorithm (with a 

learning rate of 0.01). The loss function considered for this study was the cross-entropy 

(sparse categorical cross-entropy), which gives an estimate of the divergence between 

the distribution of the network output and the ground truth.  

Table 4.1.  Performance of the DL algorithms during training and validation stages 

Parameters CNN ResNet-50 

Training Accuracy (%) 98.73 99.02 

Training Loss 0.015 0.0086 

Validation Accuracy (%) 98.18 98.24 

Validation Loss 0.024 0.0205 

Total Parameters 11,169,347 23,643,011 

Trainable Parameters 11,169,347 23,589,891 

Number of Epochs 20 50 

Average Training Time per Epoch (seconds) 127 1039 

Average Training Time per Sample (milliseconds) 63 509 

The performance of the two DL algorithms during training and validation stages 

are presented in table 4.1. The CNN employed 20 epochs and ResNet-50 utilised for 

the training phase. Epochs indicate the number of passes of the entire training data set 

the algorithm has completed. Since the training data set is large, the data set was 

divided into smaller batches. The batch size was set as 50 for both algorithms. The 

number of epochs was determined based on the lowest validation loss achieved and 

when the difference between the training and validation loss was minimal. Training 

and validation accuracy for both the DL algorithms were well over 98%. ResNet-50 

exhibited the highest accuracy among the two algorithms considered, during both 

training (99.02%) and validation (98.24%). Training and validation loss for both the DL 

algorithms were well below 0.03. The loss was least observed in ResNet-50 during both 

training (0.0086) and validation (0.0205) phase.  The average training time per epoch 

was found to be much lower for CNN (127 s) compared to ResNet-50 (1029s). The 

average training time per sample was also lower for CNN (63 milliseconds) when 

compared to ResNet-50 (509 milliseconds). A higher training time for the ResNet-50 

model can be attributed to its large network structure and higher number of trainable 

parameters observed in the same. 

During both training and validation, there were no huge variations in accuracy 

and loss scores, indicating that the models did not over-fit or under-fit the data. Figure 

4.1 depicts the learning curves for both algorithms with respect to the number of 

epochs and performance indicators. Accuracy and loss are the two performance 

indicators used for the learning curves. The gap between the training and validation 

curve (for both the performance indicators) for both algorithms was nominal, 

indicating a low variance. Since the training accuracy for both algorithms was high 

with low loss, the training data were well fitted by the DL models, indicating a low 

bias. Furthermore, for both algorithms, the validation scores (both accuracy and loss) 

tend to converge to a value close to the training score. This trend also indicates that 

both the models had low bias and low variance associated with it.  
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Figure 4.1. Learning curves with respect to the number of epochs and performance indicators; 

(a) CNN epochs vs. accuracy, (b) CNN epochs vs. loss, (c) ResNet-50 epochs vs. accuracy, 

and (d) ResNet-50 epochs vs. loss. 

 

Table 4.2. Performance of the DL algorithms during testing stage 

Parameters CNN ResNet-50 

Accuracy (%) 94 94.4 

Loss 0.56 0.47 

Precision (%) 94 95 

Recall (%) 94 94 

Time for testing (seconds) 8 87 

Time per sample (milliseconds) 16 190 

Table 4.2 depicts the performance of the DL algorithms during the testing phase. 

CNN exhibited an accuracy of 94% in detecting the fastener state with a loss of 0.56.  

ResNet-50 performed slightly better with an accuracy of 94.4% and a loss of 0.47. CNN 

was able to make predictions for 450 samples in 8 s, while ResNet-50 took 87 s for the 

same number of samples. The prediction time per sample was 16 and 190 milliseconds 

for CNN and ResNet-50 respectively. Two other performance indicators were also 

analysed during the testing stage for the two DL algorithms: - Precision and Recall. 

Precision quantifies the number of true positives of all actual positive predictions 
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whereas recall quantifies the number of correct positive predictions made from all 

possible positive predictions that could have been made. The recall score was similar 

for both the algorithms (94%), whereas ResNet-50 had a higher precision (95%) when 

compared to CNN (94%). In railway application both precision and recall are relevant 

and a balance between the two is also necessary.  A higher precision minimise the false 

positive rates, thus contributing to better detection of the fastener state and ensuring 

safe and reliable operation of the railway. A higher recall ensures minimal false 

negatives, thus minimising cost due to unwanted inspection.  

 

Figure 4.2. Misclassified fastener images. Labels 0, 1, and 2 represent a healthy state, one 

missing clamp within a fastening system, and two missing clamps within a fastening system, 

respectively. (a) actual class ‘healthy’; predicted ‘one missing’, (b) actual class ‘two missing’; 

predicted ‘one missing’, (c) actual class ‘healthy’; predicted ‘one missing’, (d) actual class ‘one 

missing’; predicted ‘two missing’, (e) actual class ‘one missing’; predicted ‘two missing’, and 

(f) actual class ‘healthy’; predicted ‘one missing’. 

During the testing stage, CNN misclassified 27 samples out of the 450 images and 

ResNet-50 had 25 instances of wrong predictions. Figure 4.2 depicts six instances 

where the fastener images were misclassified. Among the six instances depicted in 

figure 4.2, five instances (refer to figure 4.2 a-e) were misclassified by both the 

algorithms. The instance depicted in figure 4.2f was correctly predicted by ResNet-50, 

but the CNN model failed to perform correct predictions on the same. During the 

testing stage, both the DL algorithms performed well when the fastener images had 

instances where they were rotated, had synthetic noise associated with them, when 

the saturation level varied and when the fastener images were blurred. On close 

examination of the misclassified images, it was evident that both DL algorithms had 

difficulties in predicting the fastener state accurately when they were severely covered 

under snow or stones. Both algorithms performed well in detecting the fastener state 

when such obstructions were minimal. The algorithms also had difficulties in 
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predicting the fastener state when the illumination level was poor (low level of 

brightness).  

 

Figure 4.3. Additional test set to analyse the performance of the deep learning algorithms 

when the clamp areas were covered; (a) 0% clamp area covered, (b) 25% clamp area covered, 

(c) 50% clamp area covered, (d) 75% clamp area covered, and (e) 100% clamp area covered. 

An additional test was used to further analyse the performance of the two DL 

models on predicting the fastener state when the clamps were covered. A black 

rectangular box was used to cover the clamp area on one side of a healthy fastening 

system. The clamp area was covered incrementally using this rectangular box in steps 

of 5% of the total clamp area (refer to figure 4.3). The new test set contained 30 images, 

where 10 images had no occlusion on the clamp areas covered, and the remaining 20 

images had clamp area occluded (5% to 100% of the clamp area respectively). CNN 

had an accuracy of 80% with 6 samples misclassified. ResNet-50 had an accuracy of 

83.3% on the new test set with 5 samples being misclassified. CNN was able to 

accurately predict the fastener state when the occlusion level was up to 70% of the 

clamp area and misclassified the healthy fastening system to the class of one missing 

clamp from 75% and above level of occlusion. ResNet slightly had a better 

performance in this regard as it was able to accurately detect the fastener state up to 

75% of clamp area occlusion. The prediction, however, was not accurate when the 

clamp area was occluded from 80% and above.  

4.2  Results and Discussion Related to RQ 2 

RQ 2: How can inspection based on eddy current measurement be used for 

detecting fastener anomalies?   

RQ 2 is mainly answered from the findings established in paper 2 and paper 3. 

For this study, the sensor system was mounted on a trolley system 65mm above the 

railhead and was made to run along the track using a motor. Both the channels (18 

kHz and 27 kHz) of the proposed differential EC measurement system were utilised 

for this study. Several laboratory and field measurements were carried out to test the 
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effectiveness of the proposed differential EC measurement system for detecting 

fastener anomalies. 

Lab measurements were carried out to analyse the response of the differential EC 

sensor to detect a clamp at various distances from the rail (refer to section 3.4.1 and 

figure 3.9). Figure 4.4 depicts the time signal plot of the measurement carried out in 

the lab to capture clamp signatures over various distances from the rail for the 18 kHz 

channel. The clamp signature was measured in terms of normalised induced voltage 

(y-axis) with respect to time (x-axis). The sensor was able to detect the clamp from a 

vertical distance of 65mm above the railhead. The clamp signature achieved the 

highest amplitude when the horizontal distance between the clamp and the rail was 0 

mm. The clamp signature strength reduced as the horizontal distance between the 

clamp and the rail increased. The signal strength was approximately zero when the 

clamp was out of the scope of the sensor. From the results obtained from the lab 

measurements, it can be inferred that the sensor was effective in detecting the clamps 

and can be used to detect loose and missing clamps from a fastening system.  

 

Figure 4.4. Clamp signature with respect to the distance from the rail 

Several field measurements were performed along the northern loop of the heavy 

haul line at Katterjåkk and Stordalen, close to the Sweden-Norway border to analyse 

the performance of the proposed measurement system in a real track environment. 

The track sections considered for this study consisted of concrete sleepers with E-clip 

fastening systems. Figure 4.5 depicts the raw signal for both driving fields after 

demodulating, resampling, low pass filtering (3Hz), and rotating the raw signal with 

an initial angle of 0°. The measurement depicted below were recorded over 33 sleepers, 

with healthy fastening systems and without any significant surface defects.  
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Figure 4.5. Time signal: - (a) 18 kHz, (b) 27 kHz 

 

Figure 4.6. IQ plot: - (a) 18 kHz , (b) 27 kHz 

The time signal plot in the above figure shows a change in the output voltage, 

indicating a fluctuation in magnetic permeability, conductivity, geometric form, or a 

combination of all three in the railhead or its vicinity. Detecting individual fastening 

systems from the above time signal becomes relatively a hard task to carry out. The IQ 

plot of the signal (refer to figure 4.6) indicates that the complex signals are shifted from 

the in-phase (real) direction. Hence it becomes essential to rotate the complex EC to 

align it along the in-phase direction to have better visualisation and extract meaningful 

features pertaining to the fastener signature. The optimum rotation angle for both the 

driving field was selected based on the maximum amplitude (of the peak) achieved by 

the fastening system. The highest amplitude for an individual E-clip fastener was 

achieved at 83° and 222° for the two carrier frequencies respectively. At an angle 

corresponding to ±π with respect to these rotation angles, the fastener signatures were 

found to achieve a similar maximum amplitude, but the signal becomes inverted.  

The EC signals do not get affected due to the presence of non-conductive or non-

magnetic materials in the sensor-to-target-gap. The disturbances arising due to the 

presence of conductive and magnetic material in the sensor-to-target-gap can be 

suppressed to an extent by the low pass filtering and rotation of the EC signal. The low 
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pass filter (3Hz) was set to extract fastener signatures and to remove to an extent other 

high-frequency contents that could add to the energy content of the fastener 

signatures. The cut-off frequency for the low pass filter is dependent on the speed of 

the sensor and must be adjusted accordingly. Different components within the track 

system will have different geometric shapes, a different value of magnetic 

permeability, and electrical conductivity. Hence, they will occur at different angles 

from the in-phase direction compared to the fasteners. Rotation of the EC signal based 

on fastener signature will thus to a major extent suppress information regarding other 

disturbances.  

 

Figure 4.7. Time signal after rotation of the EC signals: (a) 18 kHz, (b) 27 kHz 

 

Figure 4.8. IQ plot after rotation: - (a) 18 kHz, (b) 27 kHz 

Figure 4.7 depicts the time signal for both the driving fields after rotating the 

complex EC signals to align them along the in-phase direction (refer to figure 4.8). 

Individual fasteners were easily distinguishable from both 18 kHz and 27 kHz plots. 

The zero crossings in the signal from the positive to negative value indicate the centre 

positioning of the fastening system for each sleeper. The time signal plot also shows 

that a good correlation can be established between the two driving field signals with a 

time delay. The slight time delay can be attributed to the distance between the 

placements of the two sensors within the measurement unit. A small band of points 

appears to deviate from the normal pattern observed in the IQ plot, which corresponds 

to the initial saturation of the sensor. The EC sensor was also able to capture the 

fastener signatures when the fasteners were completely submerged under snow. The 
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rotation angle of the fastener components when submerged under snow were found 

to be the same as those when the fasteners were free of snow. 

Figure 4.9 depicts the time signal of both the driving fields for a measurement 

sequence where the clamps were removed at specific sleeper positions. The 

measurement was carried out along a short section of the track which was relatively 

healthy without significant damages to the railhead. The healthy fastening systems are 

represented using black markers and fastening system with one clamp missing and 

fastening system with both clamps missing is depicted in blue and red markers 

respectively. A drop in amplitude of the fastener signature was visible in the time 

signal plot at those positions where the clamps were missing from the fasteners. 

Missing clamp causes a reduction in the metallic material of the fastening system and 

changes its geometry, reducing the amplitude of the return field. The drop in 

amplitude was greater when both the clamps were missing from the same fastening 

system. The zero-crossings in the signal were used as a way to segregate individual 

fastening systems.  Four features were extracted from individual fastener signatures 

for both the driving fields. The features obtained for the measurement are depicted in 

figure 4.10. All four features for both channels show a drop in their value when the 

clamps were missing from the fastening system. However, such clear differences 

between healthy fasteners with intact clamps and fastening systems with one or two 

missing clamps were not so evident for all the measured track sections, as most of the 

track sections had additional disturbances present along with them.  

 

Figure 4.9.  Time signal for measurements with missing clamps: - (a) 18 kHz, (b) 27 kHz. 

Fastening systems with one clamp missing are depicted with blue markers and fasteners with 

both clamps missing are depicted using red markers. Healthy clamps are indicated with black 

markers. 



48 

 

 

Figure 4.10.  Standardised features for the measurement sequence (Figure 4.9) extracted 

from: - (a) 18 kHz channel, (b) 27 kHz channel. Fastening systems with one clamp missing 

are depicted with blue markers and fasteners with both clamps missing is depicted using red 

markers. Healthy clamps are indicated with black markers. 

Figure 4.11 depicts the histogram plot (in probability density function) for all the 

eight features for the entire data set of fasteners used for this study. Fastening systems 

with intact clamps are represented using black markers, fastening systems with one 

missing clamp are depicted using blue markers and fastening systems with both 

clamps missing is depicted using a red marker. It is evident from the histogram plot 

that there are significant overlaps between the three areas for all the features. Various 

disturbances along the track can affect the induced voltage in the eddy current sensor, 

thus causing fluctuations in the features. It becomes a difficult task to manually mark 

a specific boundary or threshold to differentiate the fastener state and use individual 

features to detect the state of the fastener. This calls for the use of machine learning 

algorithms that can combine multiple features to create a boundary or threshold to 

separate different fastener states.   
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Figure 4.11. Histogram plots in probability distribution function with respect to standardized feature 

values for all features: - (a) Arc length of complex signal-18kHz, (b) Arc length of complex signal- 

27kHz, (c) RMS-18 kHz, (d) RMS-27 kHz, (e) Peak to peak -18 kHz, (f) Peak to peak- 27 kHz, (g) 

Magnitude at clamp frequency- 18 kHz, (h) Magnitude at clamp frequency- 27 kHz. 
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A total of 2967 fastener signatures were used for this study, of which 2700 (91%) 

instances correspond to fastening systems with both clamps intact, 168 (5.67%) 

instances were fastening systems with one clamp missing and 99 (3.33%) of the 

instances corresponds to fastening system with both clamps missing. Figure 4.12 

depicts the 3-D representation of the overall data set used for classification using three 

random features for the 18 kHz channel. Three separate feature matrices were utilised 

as an input for the classification purpose in this study. The first feature matrice made 

use of the four features obtained from fastener signatures measured using the 18 kHz 

channel and had a dimension of 2967×4 (2967 samples and 4 features). The second 

feature matrice made use of the four features obtained from fastener signatures 

measured using the 27 kHz channel and had a dimension of 2967×4. The third matrices 

contain the combination of both 18 kHz and 27 kHz features, eight features 

representing a fastener signature. The third feature matrice had a dimension of 2967×8 

(2967 samples and 8 features). These three feature matrices were tested to identify the 

performance of the two channels in detecting missing clamps, both individually and 

combined.   

 

Figure 4.12. 3-D representation of the overall data set using three random features. 

AdaBoost (AB) and Gaussian Naive Bayes (GNB) were used as the machine 

learning algorithms for the classification purpose in this study. The overall data set 

was split into 70 % for training and 30% for testing. The splitting was carried out for 

each class in the same manner. The validation was carried out using the cross-

validation technique within the training set. The process of cross-validation was 

looped over to optimise the parameters of the AB algorithm. In this study, the 

optimisation was carried out exhaustively by generating candidates from a grid of 

parameters relevant to the classifier. Two parameters were optimised for the AB 

algorithm: the number of classifiers that limit the construction of classifiers during 

boosting and the learning rate which shrinks the correction contribution of each 

classifier. Since the study deals with data imbalance, scores based on macro averaging 

were utilised as they are insensitive to class imbalance and consider all classes as equal. 

A macro averaging method calculates the performance individually for each class and 

then performs an average on it. The proposed AB algorithm showed high accuracy 
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during the training, validation, and testing stage in detecting the fastener state. 

However, accuracy is not considered as a strong indicator for evaluating performance 

on an imbalanced data set, and hence, the models were evaluated based on F1-score 

macro during the training and validation stage. Macro precision and macro recall were 

also taken into consideration along with the F1-macro score to evaluate the model 

during the testing stage.  

Table 4.3. Performance of the classification algorithms during training, validation, and 

testing (all scores in percentile) 

Algorithm 

Training Score  

(F1-Macro) 

Validation Score  

(F1-Macro) 

Testing Score  

(F1-Macro) 

18 kHz 27 kHz 18 + 27 kHz 18 kHz 27 kHz 18 + 27 kHz 18 kHz 27 kHz 18 + 27 kHz 

GNB 87.49 88.53 89.96 87.46 87.98 89.46 86.06 86.24 89.02 

AB 93.17 96.01 96.50 92.44 95.63 96.28 89.33 95.15 96.02 

Table 4.3 shows the training, validation, and testing performance of the two 

algorithms for the 18 kHz channel, 27 kHz channel, and both channels combined. The 

scores presented in the above table for AB are obtained after cross-validation, where 

the best hyperparameters were extracted (refer to figure 4.13). AB algorithm had a 

better performance when compared to the GNB algorithm during all three stages. GNB 

was used to provide an estimate of the lower bound classification performance 

possible for the current data set and as a mean to compare the performance of the AB 

algorithm. There were no huge variations in the scores during training, validation, and 

testing of the algorithm, indicating that both the algorithms did not underfit or overfit 

the data. The F1-score (macro) of AB was seen to be low during all three stages for the 

18 kHz dataset. The scores during all three stages for the 27 kHz channel were better 

when compared to those of the 18 kHz channel. The best scores were achieved during 

all three stages when the data set comprised the features of both 18 kHz and 27 kHz, 

representing a fastener.  

Table 4.4. Performance evaluation of the classification algorithms during testing stage (all 

scores are in percentile). 

Algorithm 
F1- Macro Macro Precision Macro Recall 

18 kHz 27 kHz 18 + 27 kHz 18 kHz 27 kHz 18 + 27 kHz 18 kHz 27 kHz 18 + 27 kHz 

GNB 86.06 86.24 89.02 83.09 82.6 84.13 89.24 90.21 94.69 

AB 89.33 95.15 96.02 90.07 93.92 96.64 88.79 96.45 95.52 

Table 4.4 depicts the results obtained during the testing phase for both 

algorithms. As discussed earlier, the best F1-score was achieved for AB when the data 

set contained features from both the channels combined. Precision was high for AB 

when the test set contained combined features from both the channels (96.64%). 
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However, the recall was marginally better for the data set containing features from the 

27 kHz channel (96.45%) when compared with the recall score for the data set 

containing features from both channels combined. A higher precision minimises the 

false positive rates, thus contributing to better detection of the fastener state and 

ensuring safe and reliable operation of the railway. A higher recall ensures minimal 

false negatives, thus minimising cost due to unwanted inspection. In railway 

application both precision and recall are relevant and a balance between the two is also 

necessary. A good balance between the precision and recall score for the AB algorithm 

was observed when features from both channels were used simultaneously to 

represent the fastener signature.  

Figure 4.13 depicts the learning curve for the AB algorithms with respect to the 

number of training samples and the F1-score, during the training and validation stage. 

From the learning curve plot, it is evident that the training samples were sufficient for 

the AB algorithm as the training score converges to a value. The validation score also 

tends to converge to a value close to the training score. Since the training score was 

high, the training data was well fitted indicating a low bias nature. The gap between 

the training and validation curve was also minimal, thus indicating a low variance. 

 

Figure 4.13.  The learning curve with respect to the number of training samples and F1-score 

(macro) for AB. The best hyperparmeter combinations/values are marked above. 
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4.3  Results and Discussion Related to RQ 3 

RQ 3: How accurate and effective is the eddy current inspection in detecting 

fastener anomalies during a real-time in-service train measurement? 

RQ 3 is answered based on the findings of the case study investigation carried 

out in paper 4. For this investigation, the eddy current measurement system was 

mounted on a freight train 110 mm above the railhead. The measurement was carried 

out along the heavy haul line in the north of Sweden, using an in-service freight train 

measuring at a speed of 70 km/h, and where the track condition and the likelihood of 

disturbances were unknown. A total of 3718 sleepers were recorded during the 

measurement of the track section, of which information regarding the final 187 

sleepers was available (refer to figure 3.14). These final 187 sleepers for which the label 

for each measurement point was known, formed the ground truth for this study. This 

case study made use of only one channel of the measurements system with a driving 

field of 27 kHz, for the track measurement.  

 

Figure 4.14. Time signal after demodulation, filtering and rotating the raw signal. 

   The time signal of the measurement after demodulating, resampling, bandpass 

filtering, and rotating the raw signal is depicted in figure 4.14. A small window of the 

time signal is expanded within the same figure to depict the fastener signature. A 
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bandpass filter of lower bound and upper bound of 29 Hz and 34 Hz respectively, was 

used for filtering the raw signal to match the periodicity of the fastener. These values 

of frequencies are dependent on the speed of the train and need to be adjusted 

accordingly. Since the main focus of the study was fastener detection, the rotation 

angle was set to align the fastener signatures along the in-phase direction to suppress 

information from other disturbances to an extent. The EC signal was rotated at an 

angle of 255° to align the Pandrol fast clip type fastener signature along the in-phase 

direction. Figure 4.15 shows the IQ plot after aligning the fastener signatures along the 

in-phase direction. The IQ plot shows that the majority of the fastener signatures are 

aligned in parallel to the in-phase direction, representing the normal behaviour in this 

study. Several signatures were found to be shifted at various angles with respect to the 

in-phase direction. This is due to the presence of other magnetic components such as 

insulation joints, weld joints, etc. Different track components have different 

geometrical shapes, different magnetic permeability, and different electrical 

conductivity and hence can occur at different angles compared to the fastener 

signature. The presence of such components near a fastening system can affect the 

induced voltage in the eddy current sensor, thus causing such deviations in the 

corresponding signature. These deviations are also considered to be anomalous 

behaviour in this study. The zero-crossing in the signal from positive to negative 

induction represents the centre positioning of the fastener system. The zero-crossing 

was used as a way to segregate individual fastening systems and three features were 

extracted from each fastener signature. Figure 4.16 shows the standardised feature 

values for individual fastener signatures. The feature matrice used for this study had 

a dimension of 3718×3 (3718 samples and 3 features). 

 

Figure 4.15.  IQ plot after rotating the signal with respect to the fastener angle. 
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Figure 4.16. Standardized Features for individual fastener signature with respect to the 

sleeper number: - (a) Peak to Peak, (b) RMS, (c) Arc length of the complex signal 

The feature matrice was used as the input for the two detection models. The first 

model makes use of Isolation Forest (IF) and Connectivity based Outlier Factor (COF) 

algorithms to detect anomalous behaviour from the measurement data. Figure 4.17 

depicts the anomaly score computed by both the algorithms for all the measurement 

points. To separate the normal and anomalous behaviour, both the models require a 

threshold value based on the anomaly score calculated. As per the guidelines laid 

down by the Swedish transport administration (Trafikverket), no more than four 

clamps can be missing within a distance of 20 sleepers (20 sleepers×4 clamps/sleeper 

=80 clamps). This accounts for 5% of tolerance in missing clamp over 20 sleepers. This 

criterion (also described in section 1.2) was used to find a threshold value for the 

anomaly scoring for the two algorithms. The threshold value for both algorithms was 

calculated using 95% quantile of the distribution of anomaly score generated by each 

algorithm. A measurement point with an anomaly score less than the threshold value 

was considered as a normal instance and a point with an anomaly score greater than 

the threshold value was considered as anomalous. The normal points are depicted 

with green markers and the identified anomalies were marked with red markers in 

figure 4.17. Out of 3718 measurement points IF detected 186 anomalous instances and 

COF detected 136 anomalous instances.  
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Figure 4.17. Anomaly score for all measurement points: - (a) Isolation Forest (b) 

Connectivity-based outlier factor. 

Figure 4.18 depicts the scatter plot of the measurement points for the two algorithms. 

A 2-D scatter plot was utilised to understand the location of the identified anomalies 

with respect to the normal or healthy points. The normal instances are represented 

with a green marker and the anomalous instances are depicted using red markers. For 

both IF and COF most of the identified anomalies were quite separated from the group 

or cluster of normal points. However, IF detected 76 (~40.8% of total anomalies 

detected) points as anomalous that were close to the border of the normal group. COF 

detected 25 (~18.3% of total anomalies detected) points as anomalies that were within 

or close to the group of normal points.  

 The proposed model combines the two algorithms for anomaly detection 

purposes i.e., a point is considered as anomalous if and only if both the algorithms 

detect it as an anomaly. The scatter plot of the measurement points when both IF and 

COF were combined is depicted in figure 4.19. A total of 121 measurement points out 

of 3718 were detected as anomalies when both IF and COF were combined. 10 points 

(~8.3%) of the total anomalies detected were found to be close to or within the group 

of normal points. The ground truth points were utilised to evaluate the performance 

of the proposed model and the two algorithms when used individually.  The ground 

truth had 187 measurement points for which labels were available. 172 points of the 

187 ground truth points exhibited normal behaviour (sleeper with a healthy fastening 

system). 15 instances were observed to be anomalous which included instances of 
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fasteners with missing clamps (both one and two missing clamps), presence of weld 

joints, and presence of insulation joints (refer to figure 3.14).   

 

Figure 4.18. Scatter plot depicting normal and anomalous points with respect to two features: 

- (a) Isolation Forest, (b) Connectivity-based outlier factor. The normal instances are marked 

with green markers and anomalous points detected are marked with red markers. 

 

Figure 4.19. Scatter plot depicting normal and anomalous points with respect to two features 

for IF and COF combined 
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The confusion matrices on the ground truth points for the three methods are 

shown in figure 4.20. Both IF and COF were able to detect all the anomalous points 

precisely. The false negatives (where the actual label is healthy but incorrectly predicts 

as anomalous) were high for both IF and COF. IF registered 21 false-negative 

predictions and COF had 17 false-negative predictions. The false negatives 

significantly dropped when both the algorithms were combined. The false-negative 

predictions dropped to 6 instances when the two algorithms were combined.   

 

Figure 4.20.  Confusion matrix for the ground truth points: - (a) Isolation Forest, (b) 

Connectivity-based outlier factor, (c) IF and COF combined 

 

Table 4.5. Performance of the algorithms on the ground truth points (all scores are in 

percentile) 

Algorithm Accuracy  Sensitivity  Specificity 

IF 88.77 87.79 100 

COF 90.90 90.11 100 

IF & COF 96.79 96.51 100 

Table 4.5 represents the evaluation of the three methods based on the 

performance indicators calculated from the confusion matrices.  Accuracy, sensitivity, 

and specificity were three indicators used to evaluate the methods. Sensitivity in this 

study indicates the proportion of normal instances that got predicted correctly. 
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Specificity on the other hand is the proportion of anomalous cases that got predicted 

correctly. All three methods exhibited a specificity of 100% on the ground truth points, 

as they were able to detect all anomalous points from the ground truth. The accuracy 

and sensitivity were high when IF and COF algorithms were combined for the 

anomaly detection purpose than when they were used individually.   

The second model used in this study aims to group the measurement points into 

meaningful clusters. DBSCAN algorithm was used for clustering purposes. Two 

parameters need to be defined for the DBSCAN algorithm: - epsilon (ε) and the 

minimum number of points. Epsilon represents the maximum radius of the 

neighbourhood and minimum points specify the minimum number of data points 

within the radius of the neighbourhood.  A general criterion for choosing the 

minimum number of points is to use a value greater than or equal to the dimension of 

the data set plus one. The minimum number of points chosen for this study was 4 (the 

lowest value that is accepted for a data set of dimension 3). The present study aims at 

detecting missing clamps from fastening systems and a given track section generally 

will not have many fastening systems with both the clamps missing. Hence the lowest 

possible value of the minimum number of points was selected. The epsilon value is 

computed from the input data using a ‘k’ nearest neighbor (k-NN) search with the 

given minimum points (Refer to figure 4.21). ‘k’ is the number of neighbours of a point, 

which is one less than the minimum number of points in the neighbourhood. For the 

chosen value of minimum number of points, the epsilon value obtained was 0.106. 

 

Figure 4.21. Epsilon value estimation for DBSCAN 
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For the selected minimum number of points and the estimated value of epsilon 

(0.106), the DBSCAN algorithm detected 4 clusters of dense regions with distinct 

boundaries, and other points were recorded as noise. The clusters obtained using the 

DBSCAN algorithm are depicted using a scatter plot in figure 4.22. A major concern 

regarding the unsupervised clustering method is in drawing knowledgeable 

interpretations regarding the clusters formed. From system knowledge and the results 

obtained from the earlier anomaly detection model, the cluster with the maximum 

number of points can be inferred as a normal class. To understand and interpret other 

clusters the ground truth information was utilised.  The ground truth measurement 

points contained two instances of fastening system with both clamps missing, six 

instances of fastening system with one clamp missing, five instances of weld joints, 

three instances of insulation joint, and 172 instances of healthy fastening systems with 

both clamps intact.  

 

Figure 4.22. Scatter plot for clusters formed with DBSCAN 

Figure 4.23 depicts the position of the ground truth marked along with the scatter 

plot of the clusters formed using the DBSCAN algorithm. The healthy points from the 

ground truth measurement points (marked with green circles in figure 4.23) were 

found within the region of cluster 1, which had the highest number of observations 

within them (3605 samples). The position of all fastening systems with one missing 

clamp from the ground truth measurement (marked with blue triangles) was aligned 

along with cluster 2. The position of weld joints from the ground truth (marked with 

black squares) was found to be aligned along with cluster 3. Similarly, the position of 

fastening systems with both clamps missing (marked with diamonds in magenta) was 

aligned along with cluster 4. However, the position of insulation joints from the 
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ground truth measurement was not aligned with any clusters formed and was found 

to be with the noise.  

 

Figure 4.23. Scatter plot for clusters formed with DBSCAN with ground truth points 

 

Figure 4.24. Scatter plot of identified clusters based on the collected ground truth points 
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Figure 4.24 represents the final representation of the entire measurement points 

by combining the clusters obtained using the DBSCAN algorithm and the information 

obtained from the ground truth points.  The DBSCAN algorithm was able to detect 

and cluster, healthy fastening systems, fastening systems with one clamp missing, 

fastening systems with both clamps missing, and weld joints, separately. 3605 samples 

of the 3718 measured points belonged to the healthy cluster (cluster 1). 31 samples 

were detected to be weld joints (cluster 3). 14 samples were detected as fastening 

systems one clamp missing (cluster 2) and 4 fastening systems were detected as 

fastening systems with both clamps missing. 67 samples were categorised as noise by 

the DBSCAN algorithm. The insulation joint from the ground truth points was found 

to be along with these noise samples. The noise in this study can include various other 

rail components that exhibit different magnetic permeability, or electrical conductivity 

and are sensitive to eddy current sensors (such as insulation joints, S&C, bridges, etc.). 

A possible solution for further segregating these noises into meaningful clusters would 

be to include features relevant to these components in the model and by considering 

the angle of rotation pertaining to such components. 
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CHAPTER 5  

CONCLUSIONS AND FUTURE RESEARCH 

 

5.1  Conclusions 

5.1.1 Conclusions related to RQ 1 

RQ 1: How effective is automated visual inspection for fasteners in real-time 

measurements? 

Automated fastener detection techniques based on machine vision have gained 

significant attention in recent years. Automated visual inspections make use of rail 

images for fastener detection purposes. An investigation was carried out by combining 

image processing techniques and deep learning algorithms for fastener state detection 

from rail images captured using an optical measurement system. The following 

conclusions can be drawn from the investigation carried out to answer RQ1  

• The proposed image processing technique was able to position the 

fastener and rail in the centre of the rail image while removing redundant 

information from the rail images. 

• Combining image processing techniques and deep learning algorithms 

was effective in achieving high accuracy for fastener state detection from 

rail images. Two deep learning algorithms were tested for this study, 

namely CNN and ResNet-50. On comparing both the algorithms, the 

complexity and time required for training and testing were much lesser 

for the CNN algorithm, which adds value for real-time applications. The 

performance in terms of accuracy and loss was marginally better for the 

deeper ResNet-50 algorithm, at every stage. Better detection of fastener 

state can ensure fewer disruptions or downtime arising from the 

maintenance and renewal, leading to safe and reliable rail transportation.  

• The models were effective in detecting the fastener state, when the 

fastener in the image was rotated, had additional noise associated with the 

images, when the images were blurred, when saturation level varied and 

when the fasteners were covered partially under snow or stones. 

• The proposed models however failed to detect the fastener state accurately 

when the brightness of the images was affected and when the fasteners 

were heavily occluded by the presence of stones and snow. In the north of 
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Sweden, the tracks are covered with snow for the majority of the year. 

Automated visual inspection may not be reliable in such inclement 

weather conditions and thus would require additional removal processes 

that add to the expense of the railroad company. 

 

5.1.2 Conclusions related to RQ2 

RQ 2: How can inspection based on eddy current measurement be used for 

detecting fastener anomalies?   

To overcome the challenges associated with an automated visual inspection, an 

alternative inspection method using a differential eddy current measurement system 

was investigated for fastener state detection. Measurements were carried out along a 

heavy haul line in Sweden using the proposed measurement system and the following 

conclusions can be drawn from the results obtained-  

• The proposed measurement system using differential EC sensors was able 

to detect fastener signatures from a distance of 65mm above the railhead. 

The proposed measurement system was also able to detect the fastener 

signatures when the fasteners were submerged under snow completely.  

• The rotation angle remains the same for a particular fastening system 

during the signal processing technique, as the geometrical shape, the 

magnetic permeability, and the conductivity of the fastener remain the 

same. The rotation angle can be used as a parameter to distinguish 

between different types of fasteners since different types of fasteners have 

different geometrical shapes.  

• The study also shows that missing clamps can be detected by analysing 

the fastener signatures, with the aid of supervised machine learning 

algorithms. Missing clamps cause a reduction in the metallic material of 

the fastening system, thus reducing the amplitude of the return field.  

• On comparing the individual channels within the measurement system, 

the machine learning algorithm performed better when the data set 

contained features from the 27 kHz channel than when the data set 

contained features from the 18 kHz channel. However, both channels are 

preferred for the detection of railway fastening systems as the algorithm 

performed better and exhibited a good balance between precision and 

recall scores when features of both channels were used simultaneously for 

representing an individual clamp.  
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5.1.3 Conclusions related to RQ 3 

RQ 3: How accurate and effective is the eddy current inspection in detecting 

fastener anomalies during a real-time in-service train measurement? 

To determine the effectiveness of detecting fastener state using eddy current 

inspection during a real-time-in-service train measurement, the proposed 

measurement system was mounted on an in-service train, and measurement was 

carried out along a heavy-haul line in the north of Sweden. Two anomaly detection 

models based on unsupervised machine learning algorithms were used for this study: 

-one for identifying and separating the anomalous points from the healthy points and 

the second model for grouping the measurement points into meaningful clusters. A 

set of points whose labels were known was used to evaluate the proposed models. The 

following conclusions can be drawn from the case-study investigation – 

• The differential EC sensor was able to detect fastener signatures from a 

distance of 110mm above the railhead, during an actual train 

measurement. 

• The anomaly detection model combining IF and COF was able to detect 

all the anomalous points precisely and separate them from the healthy 

group of points. The proposed model was also able to detect the 

anomalous points from the measurements recorded from an in-service 

train. The model also exhibited high specificity and sensitivity.  

• The clustering model using the DBSCAN algorithm yielded four clusters 

including the healthy or normal class. Further, the proposed clustering 

model was also able to detect missing clamps (both one and two) from 

fastening systems and weld joints and segregate them with distinct 

boundaries. 

 

5.1.4 Conclusions related to main RQ 

Main RQ: How can railway fastener inspection be automated for achieving 

desired ability? 

A widely applied solution to this conundrum is using an automated visual 

inspection system, usually containing a hardware and software component, mounted 

on a train. Automated visual inspection systems make use of rail images captured by 

the data acquisition system during the travel, to detect fastener state with the aid of a 

computer program (such as anomaly detection algorithms, image processing, etc.). The 

study conducted for this research showed that combining image processing technique 

and deep learning methods showed great capability in detecting the fastener state 

from the rail images. However, such automated visual inspection systems are 

vulnerable to brightness fluctuations, and motion blurring during high-speed travel 
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as they are integrated within the operation of the train. As observed from the study 

conducted for this research, low brightness within the rail images reduces the accuracy 

of fastener condition detection and may raise safety concerns. Further, such systems 

were found not to be reliable in detecting fastener conditions when the fasteners were 

covered under snow or ballast stones. This inhibits its application for frequent 

inspections of rail fasteners during regular traffic, especially in the north of Sweden 

where the track and its components are submerged under the snow for a major part of 

the year. 

An alternate inspection technique using a differential EC measurement system 

was explored in this study for fastener state detection. The proposed differential EC 

measurement system was able to detect fastener signatures when mounted on an in-

service train, 110mm above the railhead. The proposed anomaly detection model 

combining IF and COF algorithms was able to segregate the normal fastener instances 

from the anomalous points. The proposed anomaly detection model using DBSCAN 

clustering algorithm was able to detect missing clamps within the fastening systems. 

Further, EC sensors are not affected by the presence of non-conductive materials in the 

sensor-to-target gap and can thus overcome major challenges associated with visual 

inspection systems and can be used in regular traffic. The measurement system also 

exhibited an ability to detect other track components (such as weld joints, insulation 

joints) that exhibits magnetic properties. However, further studies need to be carried 

out to develop efficient methods to inspect such components and identify their 

condition state using the proposed EC measurement system.  

This thesis proposes an automated fastener inspection approach, based on EC 

measurements, that can be utilised for regular measurements from in-service trains 

throughout the year. As a complement to this, the visual inspection of the track could 

be included with a lower measurement frequency, where the images can be used to 

assist the training and labelling process of the EC system.  

 

5.2  Future Research 

Further research could consider the following-  

• Investigate the effectiveness of the EC measurement system in detecting 

other fault types pertaining to fastening systems such as broken or loose 

clamps. The broken or loose clamps from a fastening system will alter the 

geometry of the fastening system and the return field can vary when 

compared to those from healthy fastening systems. Further, the 

differential eddy current sensor has limitation in detecting only magnetic 

components within the rail fastening system. Non-magnetic component 

such as insulators cannot be inspected using this technique unless it 

creates a change in the overall layout of the magnetic components within 
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the fastening system. This has not been investigated within this thesis 

work and needs to be investigated in the future. 

• Investigate the possibility of combining multiple measurements from the 

same position for monitoring individual fastener status. Multiple 

measurements can be generated either by using the same measurement 

unit/sensor traveling along the same railway line or by using a set of 

different measurement units mounted on different trains. By combining 

the measurements, anomalies, or changes in the response of individual 

fasteners can be monitored. To combine and compare the resulting 

features of individual fasteners generated by the unit, the features need to 

be associated with a specific fastener.  This association could either be 

based on positioning data from the GPS within the measurement unit in 

combination or from other signatures in the measurement signal related 

to fixed points along the railway line.  

• Investigate the effectiveness of using the EC measurement system for 

inspecting other track components that exhibit magnetic characteristics 

such as insulation joints, weld joints, S&C by incorporating features 

relevant to these components and by considering the angle of rotation 

pertaining to such components.  

• Investigate the effectiveness of using the EC measurement system for 

detecting and quantifying rail defects. The presence of rail defects alters 

the homogeneity of the rail and thus can vary the return field when 

compared to a rail with no such defects. 

• Investigate the possibility of combining automated visual inspection and 

eddy current based inspection for enabling a robust fastener inspection 

technique.  

• The proposed anomaly detection models for RQ 2 and RQ 3 are based on 

features obtained from EC measurement signals as an input to machine 

learning algorithms. These features are subject to change when the 

distance between the sensor and object varies (i.e., lift-off effect). In this 

application, lift-off can occur due to wheel wear and is not considered for 

this study. However, this is a slow-occurring process that can be handled 

by continuous automatic calibration of the system where healthy 

signatures are used as reference. 
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APPENDIX - 1 

 

Table A. Summary of conclusions drawn from previously published works on fastener state 

detection 

Fastener state detection based on Image Processing 

Conclusions Reference 

• Wavelet transform and Principal component analysis-based 

methods were used to pre-process the images acquired by a digital 

line scan camera installed under the train and a neural network 

was used for classification purpose 

• The proposed system was able to detect the presence and absence 

of hexagonal-headed and hook bolts, with high detection rate 

(average>99%) 

• The proposed system had low detection rate (<50%) when the 

fastener component was occluded with stones  

 

Mazzeo et al. (2004) 

• Gaussian smoothing, canny edge detection and short line removal 

methods were used to pre-process the images. The rail clips were 

extracted by implementing image classification and specific 

window recognition. 

• The proposed system was able to achieve an average accuracy of 

84.7% for missing clamp detection during testing. 

 

Singh et al. (2006) 

• A real time detection system (VISyR) was introduced to detect the 

presence/absence of fastening bolts with the help of multi-layer 

perceptual neural classifiers.  

• The implemented prediction module and the GPU-based parallel 

implementation allowed to speed up the system performance in 

terms of the inspection velocity: achieving a composite throughput 

of 187 km/h. 

• For hexagonal bolts the system was able to detect 99.9% of the 

visible ones and 95% of the absences and for hook bolts the 

detection of both absent and present elements were 100%. 

• The system had difficulties in detecting the partially occluded bolts 

with a detection rate of 0.1% for hexagonal bolts, and 47% and 31% 

(for left and right respectively) for hook bolts.  

Marino et al. (2007) 

& 

De Ruvo et al (2009) 

• A convolutional filter bank was used on the rail images captured 

by industrial laser range scanners and the coefficients of the filter 

were calculated by the OT-MACH algorithm, to detect the 

fasteners 

• The proposed system was able to detect 90% of the fasteners from 

the images.  

• The proposed method had difficulties in detection when the 

images contained- dark bolts on steel fasteners, clipped fasteners, 

missing fasteners, and saturated fasteners. 

Babenko, Pavel 

(2009) 
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• Template matching was adopted to detect the fastener region and 

Haar-like features were extracted from these regions. AdaBoost 

algorithm was used as the classifier to detect the fastener state. 

• The proposed method had a positional accuracy of 97.76% and 90% 

for intact fasteners and missing fasteners respectively. The 

positioning error was mainly observed when, there were white 

disruptors, oil stains and gravel on the sleeper. 

• The proposed method exhibited 100% detection rate for missing 

fasteners (20 samples) and 92% detection rate for intact fasteners 

 

Xia et al (2010) 

• Spectral estimation and signal-processing methods were utilised to 

provide robust detection of the periodically occurring track 

components. 

• A Gabor filter was used to transform 2-D images to 1-D signals and 

MUSIC algorithm was encompassed to locate spectral signatures 

to define expected component location. 

• The proposed method had 87% detection of components and the 

prediction errors were mainly associated with occlusion, 

oversaturation, and anomalous lighting in the rail images. 
 

Resendiz et al (2010, 

2013) 

• Direction-Field based template was utilised for recognising the 

VOSSLOH fastener and linear discriminant analysis was used to 

obtain the weight coefficient matrix for matching. 

• A detection speed up to 400 km/h was achieved using the proposed 

method. 

• The proposed method had high rate of detection (99.9%) of the 

VOSSLOH fastener under 1.5A LED Current on a relatively new 

track with minimal disturbances.  

 

Yang et al (2011) 

• Geometrical features of the rail components were used to position 

the fasteners and Hough transform and Sobel edge detection 

method were used to determine the horizontal rail line. 

• AdaBoost discriminative classifier with multiple cascade classifier 

was used for detecting rail fasteners (anchors). 

• The proposed model achieved a precision and recall rate over 96% 

for detecting rail fasteners. 

• The false positives in the study were mainly caused due to sharp 

shadows or debris on the rail, whereas false negatives (i.e., missed 

detections) were mainly caused by extreme lighting conditions 

(e.g., too dark, or too bright) and occlusions in the rail images.  
 

Li Ying et al (2011, 

2013) 

• A structured light method based on motion images was proposed 

and laboratory experiments were conducted to verify the feasibility 

of applying the same for inspecting fastening components. 

• Morphological top-hat transformation was used to pre-process the 

image and features were extracted from the region of interest. A 

neural network was used to classify the images.  

• The proposed method exhibited a high detection accuracy and low 

computational time on the images acquired during laboratory 

tests.  

Zhang. H et al (2011) 
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• Probabilistic structure topic model was used to detect partial wear 

and missing fasteners from rail images.  

• A linear discriminant analysis was used to detect the track and 

sleeper position and assuming a constant distance between 

sleepers, the fastener position was determined. 

• Normalised Haar-Like features were extracted from individual 

fastener images for classification purpose.    

• The proposed method high precision in detecting missing 

components and partially worn-out fasteners and was robust to 

illumination changes. 
 

Feng et al (2013) 

• Harris-Stephen and Shi-Tomasi feature detectors were used to 

extract feature vectors of the fastener from the rail images and 

match them with the ones from the features of the training images. 

• A thresholding based on the average maximum matching value of 

the two-feature detector during training was used to classify the 

fastener as healthy and missing. 

• The proposed method had a success of 92.1% in detecting healthy 

fasteners and 75% success in detecting missing clamps.  
 

Khan et al (2014) 

• The location of the fastener was determined based on the improved 

Canny algorithm with extracting the straight line relying on the 

Hough transform method. 

• The feature vectors for the rail fastener defect were extracted by 

combining Local Binary Pattern (LBP) and Histogram of Oriented 

Gradient (HOG). A SVM algorithm was used for the classification 

purpose. 

•  The proposed model when tested in the laboratory had an 

accuracy of 98.9% in detecting the fastener state 
 

Wang. Z et al (2015) 

• A structured light sensor was employed for real-time track fastener 

inspection. 

• An extensive analysis of various methods based on pixel-wise and 

histogram similarities were carried out on a specific route and a 

fusion combining principal component analysis (PCA) and depth 

peeks were found to have high recall and better false alarm rate. 

• The proposed model had a high precision and recall in detecting 

the fastener on the left side of the track (99.85% and 92.88% 

respectively). 

• However, the precision and recall were found to be lower on the 

right side of the rail (86% and 51.5% respectively) due to occlusion. 

 

Aytekin et al (2015) 

• The potential coarse bounding boxes of fastener areas were located 

using an edge density map and the random sample consensus 

algorithm. 

• The features from the bounding box were extracted using Pyramid 

Histogram of Oriented Gradients (PHOG) and the classification 

was carried out using epsilon Support Vector Regression with 

radial basis function. 

Prasongpongchai et 

al (2017)  
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• The proposed method achieved an F1-score of 96.70% in detecting 

missing fasteners when partially occluded fasteners were not taken 

into consideration. However, with the inclusion of the partially 

occluded fasteners the F1-score dropped down to 75.47%. 
 

 

Fastener state detection based on Deep Learning 

Conclusions Reference 

• Multi-task learning based on fully convolutional network was used 

for detecting ties and fastener defects. 

•  4 convolutional layers between the input and the output layer was 

used for material classification task and 5 convolutional layer was 

used for fastener detection. The first three layers were shared 

among all the tasks.  

• The proposed multi-task learning exhibited high detection rate 

(>99%) for fastener state detection. 

• The proposed model had marked 2524 instances in the overall data 

set as ‘uninspectable’ due to the presence of lubricators (350), 

ballast (795) and other issues (286) 

 

Gibert et al (2016) 

• Four deep learning networks structures were constructed based on 

Alex-Net and ResNet to learn fastener features in complex 

background. A template matching algorithm was used to extract 

the fastener region from the rail images. 

• The fully trained ResNet model based on ResNet-18, exhibited a 

mean accuracy of 94.2% and had 90.01% detection accuracy in 

detecting partially occluded fasteners.  

 

Wang. S (2018) 

• A Deep Convolutional Neural Network based on VGG16 structure 

was used for fastener state detection. The proposed model 

achieved an accuracy of 97.14% (for 135 images tested). The model 

had difficulty in predicting the fastener state when they were 

blocked by shadows. 

• A faster Region-based Conventional Neural Network was also 

investigated for improving the detection time. The proposed model 

achieved an accuracy of 97.9% with a detection time of 0.23s per 

image. The model however, failed to detect the existence of 20 

healthy fasteners and considered these as backgrounds. 

 

Wei. X et al (2019) 

• A point cloud deep learning method based on Pont Net++ was used 

for detecting fasteners in ballast rail. 

• Dense and precise point cloud of fasteners obtained from 

structured light sensors were segmented into different parts to 

avoid interference of debris on fasteners. 

• The proposed method achieved an accuracy of 99.74% on the test 

set captured during field inspection of 2 km track section. Most of 

the misclassification were observed when the fasteners were 

partially covered with debris.   
 

Ciu et al (2019) 
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• A faster Region-based Conventional Neural Network with a light-

weight backbone network (for faster speed of detection) and a 

threshold pruning algorithm (for filtering out the interference of 

background) was used to detect fastener state from rail images. 

• A hybrid loss function combining weighted softmax loss function 

with centre loss function, is devised to handle both the problems of 

class imbalance and small inter-class differences. 

• The proposed method had an F1-score of 96.1% in detecting 

abnormal fastener state.  
 

Dong et al (2019) 

• The second version of the You Only Look Once (YOLOv2) deep 

learning algorithm was used to detect multiple components 

including, rail, fastening clamps and fastening bolts, from images 

captured during rail inspection. 

• The proposed model had an accuracy of 90% in detecting fastening 

clamps and 89% in detecting fastening bolts.  

 

Wang T. et al (2020) 

• An improved version of the You Only Look Once version 3 

(YOLOv3) model named Dense Connection Based Track Line 

Multi-Target Defect Detection Network (DC-TLMDDNet) was 

used for multi target defect identification from the rail images. 

• The proposed model integrated scale reduction and feature 

concatenation to enhance detection accuracy. Further to improve 

the detection speed a lightweight design strategy was adopted by 

applying DenseNet to optimize feature extraction layers in the 

backbone of the network. 

• The proposed model had an accuracy of over 99.5% in detecting 

missing fastening clamps and completely missing fasteners.  
   

Wei X et al (2020) 

 

Fastener state detection based on vibration for structural damage identification 

 

Conclusions Reference 

• A self-power density method was used to analyse the vibration 

signals collected from four acceleration sensors installed on the 

railhead, to identify the looseness of rail fastener. 

• The power spectral density was observed to decrease 

significantly in the frequency of 2.95 kHz when the rail fastener 

was loosened.  

 

Wang et al (2013) 

• A method based on orthogonal empirical mode decomposition 

and theory of time-frequency entropy on vertical vibration 

acceleration measurement was used to detect the looseness of rail 

fastener. The study involved two sensors placed on the rail. 

• For each vibration signal, orthogonal empirical mode 

decomposition was employed to get orthogonal IMFs. Then the 

time-frequency spectrum and corresponding time-frequency 

entropy were calculated in succession. 

Liu et al (2013) 
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• The two sensors had 2.872% and 2.998% drop respectively in the 

time-frequency entropy value when the fastener was completely 

loose. 

 

• A quaternion-based three-channel joint transmissibility method 

(QTJT) was used to detect the fastener state of a ballastless track 

between two testing points.  

• The time-domain pure quaternion sequences were obtained 

based on the three-dimensional spatial vibration signals from 

two different testing points and QTJT were calculated by discrete 

quaternion Fourier transform. 

• The modular vectors of the QTJTs were utilized to construct the 

state matrix of the object structure and the Karhunen-Loeve 

Transform (K-LT) was used to calculate the state feature index 

vectors. The Euclidean distance obtained between state feature 

index vectors was considered as the state indicator. 

• A 100 percent correct state identification was achieved when the 

proposed method was tested on a test platform of ballastless 

track with single external excitation and two testing points. 

 

Ren et al (2015) 

• Wavelet packet analysis were used to analyse the acceleration 

signals, based on which two damage indices were developed to 

locate the damage position (damage location index) and evaluate 

the severity of rail fasteners looseness (damage severity index), 

respectively. 

• The vibration signals were decomposed into multiple wavelet 

packets, and these were used to identify the energy variations in 

the frequency domain.  

• The value of the damage severity index was found to increase 

with the severity of rail fastener looseness. The relative error 

between the calculated value and the truth value is within the 

range of ±1%. 

• The proposed method was capable of detecting fastener 

looseness, but the accuracy was limited by the fastener type and 

choice of the wavelet. 

 

Wei et al (2017) 

• An automatic inspection system based on micro motion sensors 

was used for detecting looseness of the fastener. The system 

comprised of a low-power MEMS accelerometer and a global 

system for Mobile communications unit. 

• Finite element method was used to analyse rail vibration 

characteristics in the vertical direction when the rail was excited 

by mechanical pulse inputs and Chao-Shen amplitude entropy 

was calculated to determine the looseness of the fastener. 

• The proposed vibration-based structural health monitoring 

method was successful in detecting fastener looseness when the 

looseness factor was over 60% (tightening torque less than 40 N 

m). 

 

Zhan et al (2019) 
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Abstract: The rail fastening system forms an indispensable part of the rail tracks and needs to be
periodically inspected to ensure safe, reliable and sustainable rail operations. Automated visual
inspection has gained significant importance for fastener inspection in recent years. Position accuracy,
robustness, and practical limitations due to the complex environment are some of the major concerns
associated with this method. This study investigates the combined use of image processing and
deep learning algorithms for detecting missing clamps within a rail fastening system. The images
used for this study was acquired during field inspections carried out along the Borlänge-Avesta line
in Sweden. The image processing techniques proposed in this study enabled the improvement of
the fastener position and removal of redundant information from the fastener images. In addition,
image augmentation was carried out to enhance the data set, ensure experimental reliability and
replicate practical challenges associated with such visual inspection. Convolutional neural network
and ResNet-50 algorithms are used for classification purposes, and both the algorithms achieved
over 98% accuracy during training and validation and over 94% accuracy during the test stage. Both
the algorithms also maintained a good balance between the precision and recall scores during the
test stage. CNN and ResNet-50 algorithms were also tested to analyse their performances when
the clamp areas were covered. CNN was able to accurately predict the fastener state up to 70% of
clamp area occlusion, and ResNet-50 was able to achieve accurate predictions up to 75% of clamp
area occlusion.

Keywords: rail fastening system; clamps; image processing; deep learning

1. Introduction

Rail transport has emerged as a significant mode of transportation as it forms a major
contributing factor in the economic and industrial development of the society, through
mobilization and transportation of people and commodities. Rail freight transport and
passenger traffic has increased rapidly in Europe to overcome heavy congestions of road
and sky, increasing energy costs, and carbon emissions. In EU15 countries, there has
been an increase of 28% in passenger-kilometres and an increase of 15% in rail freight
ton-kilometres, between 1990 and 2007 [1]. In Sweden, between 1960 and 2010, there has
been an average annual growth of 1.1% traffic on the railway network and a further annual
increase of 1% in traffic tonnage up to 2050 is anticipated [2]. The state of the existing
infrastructure and the increase in volumes of freight and passenger traffic are the issues
that require significant attention in the field of rail transportation [3]. Capital expansion of
the infrastructure could be a possible solution to improve the rail performance, however
this is a time consuming and cost-intensive approach. An ideal solution to improve the
availability, capacity and service quality of the existing infrastructure would be to improve
the maintenance and renewal (M&R) process. An efficient M&R operation would ensure
optimization in resources, leading to smarter and more sustainable infrastructure [4].
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The quality of a given railway infrastructure and its utilisation methods plays a
significant role in determining its operational capacity [5]. The condition or the given state
of the infrastructure and its operational capacity are highly inter-dependent and forms
a crucial aspect in railway infrastructure maintenance. When the quality and condition
of the railway infrastructure is high, higher operational capacity is achieved with higher
service quality. With the increase in the operational capacity, the infrastructure is exposed
to higher traffic and load. This increase in traffic and load leads to the deterioration of the
infrastructure and deformation to its components, which results in a higher number of
M&R interventions. These M&R intervention processes demand track possession, which
in turn reduces operational capacity. The down time arising from such maintenance and
renewal of networks is responsible for nearly half of all the delays to passengers, reducing
the service quality. In Sweden, an average of 572.7 h and 670.3 h of delays are incurred due
to failure of components in track and switches and crossings (S&C), respectively [6]. The
track and its components need to be inspected periodically to avoid such delays due to
failure, and to ensure safe and reliable operation.

To control the state of the given railway infrastructure and to prevent catastrophic
accidents, track inspection has to be carried out periodically [7]. Traditionally, trained
inspectors carry out the task of rail inspection by walking along the track length to look for
visible defects and technical deviations. This mode of manual inspection poses safety issues
for maintenance staff, and are slow, labour intensive and prone to human errors, especially
in tough winter conditions. Further, such manual inspections are time consuming and
expensive for railroad companies, especially for long-term and large-scale development
projects. Recent technological enhancements have seen automated rail inspection systems
based on machine vision being widely used for inspection of the track and its components.
Moving towards autonomous visual inspection will facilitate a reduction in resource con-
sumption arising due to manual labour, thus making the railway sector more sustainable.
Such automated rail inspection systems consists of various functions such as rail profile
measurement, rail surface defect detection, gauge measurements and rail fastener detec-
tion [8]. Rail fastening systems are pivotal components in the rail infrastructure as they
clamp the rail to the sleepers, preventing the transverse and longitudinal deviations of
rails from the sleeper. They also aid in maintaining the gauge and preserving the designed
track geometry. Failures of fasteners can cause an increase in wheel flange wear, reduce
the safety of train operations, and may lead to catastrophic accidents [9]. In the last two
decades, application of automated machine vision systems for fastener inspection has
gained significant importance; however, the detection methods from these rail images have
varied over time.

Image processing and deep learning-based methods are the two widely employed
detection methods for fastener defect detection [10]. The image processing-based method
has the three following aspects: (1) locating and segmenting the fastener region; (2) extract-
ing fastener features; (3) using classification algorithm for fastener defect recognition. In
2007, Marino et al. [11] made use of a multilayer perceptron neuron classifier for detecting
missing hexagonal-headed bolts. Stella et al. [12] used wavelet transform and principal
component analysis for fastener image pre-processing and employed a neural classifier to
detect missing hook-shaped fasteners. Yang et al. [13] used the direction field as a template
to match the fastener images and obtained the weight coefficient matrix by employing
linear discriminant analysis (LDA) for matching. Ruvo et al. [14] used an error back propa-
gation algorithm on rail images to model two types of fasteners and implemented the same
on a graphical processing unit to achieve real time performance. The AdaBoost algorithm
was used by Xia et al. [15] for detecting fasteners from rail images. Li et al. [16] used
image processing techniques to detect fasteners and their various components from images
acquired during visual inspections. To model fasteners and learn from the probabilistic
representation of different components in rail images, H.Feng et al. [8] used the structure
topic model (STM) on the acquired rail images. To differentiate between normal fasteners
and broken fasteners, H.Fan et al. [17] used line local binary pattern (LLBP) on the rail
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images. Edge detection methods [18], support vector machines (SVM) [19] and Gabor
filters [20] are other commonly used techniques to detect fasteners from rail images. These
traditional methods facilitate the inspection of fasteners with reduced equipment resources
and manpower; however, the detection accuracy could easily stagnate as it becomes dif-
ficult to manually design accurate and robust features for such railway components due
to the diversity of shapes and backgrounds [21]. In recent years, the application of deep
learning methods [22–25] for fastener detection has gained significant importance due to
the increase in computing power and development of the graphical processing units (GPU).

Significant progress has been made in detecting fasteners and identifying the defects
from railway track images, however there are some underlying concerns associated with
this method. The position accuracy and robustness are the two major concerns associated
with this detection method [23]. The practical implementation of this technique is relatively
expensive to carry out, and they are difficult to mount and maintain on an in-service
train as they are integrated in the operation and are subjected to vibrations, brightness
fluctuations and motion blurring during high-speed travel, which can reduce the accuracy
of detection. The detection task also becomes complicated when the rail and fasteners are
obscured due to the presence of dust and rust. Visual inspection can also be hindered by
the presence of snow, stones (ballast occlusion) and other debris, or during heavy rain,
minimising the efficiency in detecting the rail and its components. Considering these
problems, a new method combining the image processing technique and deep learning
technique is investigated in this article for missing clamp detection. The image processing
steps aid in improving positioning of the fastener area and removing extra content from
the raw images. Deep learning algorithms such as Convolutional neural network (CNN)
and deep residual network (ResNet-50) are investigated for classification purposes. In
addition, image augmentation techniques are implemented to investigate the performance
of the detection algorithm, reciprocating the various practical limitations mentioned above.
The remainder of the paper is structured as follows. Section 2 elaborates the research
methodology used for this study. The results and analysis are explained in Section 3, and
the conclusions are discussed in Section 4.

2. Research Methodology

The most common observed fault within a rail fastening system is missing clamps.
The clamping force holding the rail on the sleeper is reduced when a clamp is missing
from the fastening system. When clamps are missing from fastening system in consecutive
sleepers, the track integrity is affected, as it may lead to slipping, excessive gage widening
and low lateral resistance, which can further lead to derailment. This study makes use of
Image processing techniques to pre-process the rail image captured during track inspection
and feed them as an input to deep learning algorithms for detecting missing clamps within
a rail fastening system. This study makes use of a standard laptop (Dell Ultrabook) with
Matlab (R2019b), Python 3.6 (with necessary packages such as Numpy, Pandas, and Keras)
and Jupyter Notebook.

2.1. Raw Data

The rail images were collected along the Borlänge-Avesta line in Sweden using a
greyscale CMOS line camera (see Figure 1). Each line is triggered by a wheel encoder
in 0.4 mm intervals at 20 km/h. Two thousand such lines are combined into one image
and compressed with JPEG. The raw images obtained are RGB images with a resolution
of 2000 × 2048 pixels. Due to the complex environment of the railway network and the
vibration of the measurement vehicle, the rail images collected from the field are prone
to noise and asymmetrical illumination. Even though sleepers should be mounted at
an equal distance, in practice the distance can vary between different lines or slightly
within the same line. Thus, the positioning of the sleeper and fastening system within the
collected images can vary during the image segmentation procedure. Hence, it becomes
necessary to incorporate image processing techniques to tackle additional noises and error
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in positioning, which can deteriorate the performance of the detection algorithm. Figure 2
depicts few examples of the typical problems associated with the raw images collected
from the field. The presence of such half sleepers and more than one sleeper in segmented
images can deteriorate the detection accuracy.

Figure 1. Image acquisition system mounted on an inspection car.

Figure 2. Raw images from the measurement car; (a) position of rail and fasteners not centred,
(b) position of sleeper with fasteners towards the bottom with presence of additional noise, (c) two
sleepers with four intact fasteners with low illumination, and (d) two sleepers with one clamp missing
in the top sleeper.
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2.2. Image Processing

To improve the detection accuracy and reduce computational cost, the fasteners need
to be positioned precisely within the images. Taking the characteristics of the raw railway
track line images and the positional relationship between the track and fasteners, the
following image processing steps were adopted to reduce the fastener positioning error:

• The raw images were merged to form a concatenated long image of the railway track
line as depicted in Figure 3a. The image is converted to gray-scale image.

• The concatenated gray-scale image was converted to a binary image (binary matrix)
by using the adaptive threshold algorithm (Otsu’s method) [26], to simplify the
positioning process of the targeted area (refer to Figure 3b).

• The binary image was filtered using adaptive noise removal filtering to de-noise the
image and improve the accuracy of the positioning result.

• The binary matrix was summed both horizontally (along the sleeper direction) and
vertically (along the rail direction) to create a column vector and a row vector. The
column vector was used to position the fasteners and the row vector was used to
position the rail. Moving average filters was then used on these vectors to smooth
them in the same way (refer to Figure 3c).

• The filtered vectors were converted to binary vectors by thresholding it to 75% of
its maximum value. The centre position of the sleepers was extracted by finding
the peaks and the width of the same within the binary column vector as shown in
Figure 3d. Similarly, the centre of the rail was identified from the binary row vector.

• The centre position of both sleeper and rail was used to cut the concatenated images,
such that the sleeper and rail was centred within a single frame and each frame
contained one sleeper with two fasteners (refer to Figure 4).

Figure 3. Image processing steps. (a) Concatenated rail images, (b) filtered binary image of the rail,
(c) the result of horizontal summation of the binary matrix to a column vector marked in black colour
and the smoothened curve using the moving average filter (marked in red), and (d) the binary matrix
after thresholding indicating the sleeper position with the centre marked in red dotted lines.
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Figure 4. Fastener image after image processing.

Figure 4 depicts the fastener image acquired after the image processing techniques
applied on the raw image. The image processing steps aid the pre-processing of the raw
images and helps to remove redundant information from the raw images and improve the
fastener positions. The image processing method presented in this study can also be used
to extract individual fasteners from images captured during high-speed travel.

2.3. Deep Learning

The fastener detection task investigated in this study is a multi-class classification
problem with three classes, i.e., healthy fastening system with both clamps intact, fastening
system with one clamp missing, and fastening system with both clamps missing. Deep
learning (DL) algorithms for image recognition and detection have gained significant
importance in the last decade as these are designed in such a way that they try to replicate
the function of the human cerebral cortex [27]. For this study, a convolutional neural
network (CNN) and residual network (ResNet-50) are used for the classification task.

2.3.1. CNN

Convolutional neural networks are deep learning algorithms that convolve the input
images with filters or kernels to extract features [27]. Subsampling, weight sharing and
local field are three main traits of a CNN that allows it to minimise the trainable parameters
as compared to a traditional artificial neural network. These traits also aid them to decrease
overfitting and achieve shift invariance property, thus increasing the model robustness [28].
A comprehensive description regarding CNN can be found in [29,30].

The CNN architecture for the classification task used in this study is depicted in
Figure 5. Three convolutional layers are used for the fastener classification purpose. The
first layer consisted of 32—3 × 3 filters, the second layer was composed of 64—3 × 3 filters
and the third convolutional layer had 128—3 × 3 filters. The pooling and fully connected
layers follow the convolutional layer, and a dropout (value of 0.25) were added after each
convolutional layer. Pooling was used to simplify the output after convolution. Max
pooling layer of size 2 × 2 was used for this study. The strides for the convolutional layer
was 1 and for max-pooling was 2. Strides defines the number of blocks to move forward
after each calculation.
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Figure 5. CNN architecture for fastener detection.

2.3.2. ResNet-50

ResNet-50 is a very deep network that stacks building blocks of the same connecting
shape called the residual units [31]. Compared to other deep networks, ResNet employs
a shortcut or skip connection that allows the gradients to be back propagated directly to
previous layers, thus protecting the network from the vanishing gradient problem. ResNet
mitigates the problem of covariate shifts by using batch normalization at its core, thus
adjusting the input layer to increase the performance of the network. A comprehensive
description about ResNet-50 can be found in [31,32].

Depending on the input/output dimensions, there are two main types of blocks used
in ResNet, the convolution block and the identity block (ID). An identity block is used
where the input activation has the same dimension as the output activation, whereas
the convolutional block is used to resize the input to another dimension, such that the
dimensions are equal in the final addition. Both the convolutional and identity block are
used in this ResNet-50 model, and both these blocks employ skipping over three hidden
layers (of kernel sizes 1 × 1, 3 × 3 and 1 × 1 respectively) rather than the traditional two
layers. Within each of these blocks, the shortcut and the input are added together and a
ReLU activation function was added afterwards. The ResNet-50 model employed for this
study had five stages, as depicted in Figure 6.

The input was zero padded (size (3, 3)) before moving on to the first stage. In stage 1,
a convolution layer with 64 filters (shape 7 × 7) and with a stride of 2 was used. Further,
batch normalisation and a max-pooling layer (size (3, 3)) with a stride of 2 was applied. In
stage two, the convolution block used three sets of filters of sizes 64, 64 and 256 respectively
for the three layers and a stride of 1. Stage 2 employed two identity blocks with three
sets of filters of size 64, 64, and 256 for the three layers within each block. Stage 2 thus
has nine layers associated with it. Similarly, stage 3 used three sets of filters of size 128,
128, and 512 respectively for the three layers within both the convolutional block (stride
value of 2) and the identity block. Stage 3 had one convolutional block and three identity
blocks, thus having 12 layers altogether. Stage 4 adopted three sets of filters of size 256,
256, and 1024 respectively for the three layers within both the convolutional block (stride
value of 2) and the identity block. Five such identity blocks were used in stage 4, along
with one convolutional block, thus having 18 layers associated with it. Stage 5 employed
three sets of filters of size 512, 512, and 2048 respectively for the three layers within both
the convolutional block (stride value of 2) and the identity block. The last stage had one
convolution block and two identity blocks, thus making it nine layers within stage 5.
Average pooling and flattening were used at the end before passing on to a dense layer
(fully connected). The dense layer reduces its input to the number of classes using the
softmax activation function.
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Figure 6. ResNet-50 architecture for fastener classification.

2.3.3. Training, Validation and Testing

After image processing and positioning of the track and fastener within the image,
three types of fastener images are retrieved from the images captured during the track
inspection, i.e., healthy fastening system with both clamps intact, fastening system with
one clamp missing, and fastening system with both clamps missing. The data set for this
study was collected during a real time track inspection carried out along the southern part
of Sweden. The data set contained over 6000 instances of healthy clamps, 116 instances
of fastening systems with one missing clamp, and 47 instances of fastening system with
both clamps missing. The data set was imbalanced as the number of healthy fasteners
were much higher than those with one and both clamps missing, as this is the expected
behaviour of an operational (in-traffic) track section. It is more challenging to detect railway
components with a limited dataset under diverse conditions, than to detect components
from a large dataset under identical conditions [22]. Image augmentation was implemented
to expand the data set and to ensure experimental reliability. The augmentation was carried
out on all three classes. The augmentation techniques employed for this study made use
of only those that are practically possible during real time measurements. Brightness,
contrast, saturation, blur, noise, and rotation of the images are the parameters that were
used for augmentation (refer Figure 7), and these parameters were selected based on expert
opinions from the field. Presence of snow on the fastener and ballast occlusion (stones
covering the fasteners) are frequently encountered problems in railway fastener inspection.
Hence, the data set used for this study also made use of instances where the fasteners were
partially or fully covered by ballast and snow. The augmentation techniques used for this
study aims to incorporate realistic practical variations that can occur during high-speed
visual inspection and not just enhance the data set with non-practical parameters.

The final data set contains 3000 images (1000 images for each class). Each class in
the final data set contains instances of both the actual, as well as the augmented, images.
The input images for both the models were resized to 224 × 224 in RGB form. The data
set made use of 2550 images for training and validation (2040 samples for training and
510 samples for validation) and 450 images for testing. The parameters of the designed
CNN and ResNet-50 algorithms were updated through the Adam stochastic optimization
algorithm (with a learning rate of 0.01) to minimize the loss function. Cross-entropy (sparse
categorical cross entropy), which estimates the divergence between the distribution of the
network output and the ground truth, was considered as the loss function for this study.

Performance indicators are used to understand and evaluate how effective the model
is. Different evaluation metrics underline different aspects of the performance of the
classification algorithm. The classification approach used in this study is a multiclass
classification model. The models were evaluated based on the performance indicators such
as accuracy and cross-entropy (loss) during the training and validation stages. Indicators
such as precision and recall were investigated during the test stage, along with accuracy
and loss.
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Figure 7. Augmentation of the fastener images; (a) original, (b) brightness, (c) contrast, (d) rotation, (e) saturation, (f) blur,
(g) noise, (h) fasteners partially covered with stones, and (i) fasteners partially covered under ice/snow.

3. Results

The training and validation performance of the two deep learning algorithms are
presented in Table 1. The CNN employed 20 epochs and ResNet had 50 epochs during
the training phase. Epochs during training represents the number of passes of the entire
training data set the algorithm has completed. The number of epochs was determined
based on the lowest validation loss achieved and when the difference between the training
and validation loss was found to be the least. The batch size was 50 for both the algorithms.
Both CNN and ResNet-50 exhibited a high accuracy during training and validation, of
over 98%. ResNet-50 exhibited the highest accuracy among the two algorithms considered,
during both training (99.02%) and validation (98.24). The loss for both the algorithms
was well below 0.05. The loss was found to be the least in ResNet-50 during both the
training and validation phase, with values of 0.0086 and 0.0205, respectively. The average
training time per epoch was lower for CNN (127 s) compared to ResNet-50 (1029 s). This is
due to the larger network structure and higher number of trainable parameters observed
in the ResNet-50 algorithm. The average training time per sample for the CNN model
was 63 milliseconds, and for the ResNet-50 model was 509 milliseconds. The average
training time per sample was low for CNN (63 S) compared to the ResNet-50 (509 s). There
were no huge variations in accuracy and loss during both training and validation for both
algorithms, indicating that the models did not over-fit or under-fit the data. Figure 8
depicts the learning curves for both the algorithms with respect to the number of epochs.
The learning curves for both accuracy and loss are depicted in the same way for the two
algorithms. For both the deep learning algorithms, the validation scores (both accuracy
and loss) tend to converge to a value close to the training score, indicating low bias and low
variance. Since the training accuracy was high with low loss, the training data was well
fitted by both the models, indicating a low bias. Furthermore, the gap between the training
and validation curves for both the algorithms was nominal, indicating a low variance.
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Table 1. Performance of the algorithms during training and validation.

Parameters CNN ResNet-50

Training Accuracy (%) 98.73 99.02
Training Loss 0.015 0.0086

Validation Accuracy (%) 98.18 98.24
Validation Loss 0.024 0.0205

Total Parameters 11,169,347 23,643,011
Trainable Parameters 11,169,347 23,589,891

Number of Epochs 20 50
Average Training Time per Epoch (seconds) 127 1039

Average Training Time per Sample (milliseconds) 63 509

Figure 8. Learning curves with respect to the number of epochs and performance indicator; (a) CNN epochs vs. accuracy,
(b) CNN epochs vs. loss, (c) ResNet-50 epochs vs. accuracy, and (d) ResNet-50 epochs vs. loss.

Table 2 depicts the performance of CNN and ResNet-50 on the testing set. In the test
set, 450 samples were used, which contained instances that correlated with the complex
situations occurring during vision-based inspections. CNN and ResNet-50 both exhibited
relatively high accuracy of 94% and 94.4% respectively, even under such circumstances.
The loss for CNN during testing was slightly higher than ResNet-50 during the testing
phase. CNN had a loss of 0.56, whereas ResNet-50 had a loss score of 0.47. The time taken
for the prediction of a sample is lower for both the CNN and ResNet-50 models. CNN
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was able to make predictions on the test set in 8 s and ResNet-50 model took 87 s. Both
the models exhibited a good balance between the precision and recall score. The precision
score on the test set was high for both the ResNet-50 model (95%) and the CNN model
(94%). The recall score on the test set was similar for both the algorithms (94%). In railway
application, it is essential to have both high precision and recall in order to balance the
risk of failure and the cost of inspection. A higher precision minimizes the false positive
rates, thus contributing to better detection of the fastener state, ensuring safe and reliable
operation of the railway. A higher recall ensures minimal false negatives, thus minimising
cost due to unwanted inspection.

Table 2. Performance of the algorithms during testing.

Parameters CNN ResNet-50

Accuracy (%) 94 94.4
Loss 0.56 0.47

Precision 94 95
Recall 94 94

Time for testing (seconds) 8 87
Time per sample

(milliseconds) 16 190

Out of 450 samples used for testing, CNN misclassified 27 samples and ResNet-
50 misclassified 25 samples. Some of the misclassified fastener images are depicted in
Figure 9. Among the six instances depicted in Figure 9, five instances (refer Figure 9a–e)
were misclassified by both the algorithms in similar manner. The instance depicted in
Figure 9f was correctly predicted by the ResNet-50, but was wrongly predicted by the CNN
algorithm. Both the algorithms performed significantly well when the fasteners in the test
images were rotated, had synthetic noise added to them, when the saturation level of the
images varied, and when the fastener images were blurred. Both CNN and ResNet-50
models performed well in detecting the fastener state when the fasteners were partially
covered with stones and snow. However, for both the deep learning algorithms, the
majority of the false predictions occurred when the fasteners in the images were obscured
heavily under snow or stones. The algorithms also had difficulties in predicting the right
class when the illumination level was poor (low level of brightness).

To further understand the performance of the deep learning algorithms on predicting
the fastener state where the clamps were covered, an additional test set was created as
depicted in Figure 10. A black box was used to cover the clamp area on one side of a healthy
fastening system and was tested for both the algorithms. The clamp area was covered
incrementally in steps of 5% of the total clamp area. A total of 30 images were created in the
new test set, such that 10 images had no clamp area covered and the remaining 20 images
had clamp areas covered (5% to 100% of the clamp areas). The CNN algorithm was able to
predict the detect fastener state precisely up to 70% of clamp area occlusion. The algorithm
misclassified the fastener state to one missing for those fasteners where the clamp areas
were covered by 75% of the total fastener areas. The ResNet-50 algorithm was slightly
better when compared to the CNN in this regard, as it was able to detect accurately up to
75% of clamp area occlusion. The prediction, however, was not accurate when the clamp
area was occluded from 80% and above.
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Figure 9. Misclassified fastener images. Labels 0, 1, and 2 represents healthy state, one missing clamp within a fastening
system, and two missing clamps within a fastening system, respectively. (a) True class ‘healthy’ predicted ‘one missing’,
(b) true class ‘two missing’ predicted ‘one missing’, (c) true class ‘healthy’ predicted ‘one missing’, (d) true class ‘one
missing’ predicted ‘two missing’, (e) true class ‘one missing’ predicted ‘two missing’, and (f) true class ‘healthy’ predicted
‘one missing’.

Figure 10. Additional test set to analyse the performance of the deep learning algorithms when the clamp areas were
covered; (a) 0% clamp area covered, (b) 25% clamp area covered, (c) 50% clamp area covered, (d) 75% clamp area covered,
and (e) 100% clamp area covered.
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4. Conclusions and Future Work

In recent years, with the development of high-speed railways, automated fastener de-
tection technologies based on machine vision have gained significant attention. Automated
visual inspection makes use of rail images for detecting fasteners. The positional accuracy,
complex railway environment, practical implementation and robustness are the major
concerns associated with this method for fastener detection. This article aims to investigate
a method combining image processing and deep learning algorithms for detecting missing
clamps within fastening systems. The images used for this study were obtained during
the field inspection along the Borlänge-Avesta line in Sweden. The image processing
technique was successfully able to improve the positional accuracy of the fastener and rail,
while removing the redundant information from the rail images. Data augmentation was
then carried out to replicate the complex scenarios associated with the visual inspections.
Two deep learning algorithms, namely CNN and ResNet-50 models, are investigated for
detecting missing clamps from the rail images.

The results of the study show that combining image processing with the deep learning
algorithms was effective in achieving high accuracy for fastener detection. The training and
validation accuracies for both CNN and ResNet-50 models were above 98% with minimal
loss. The training and testing time per epoch was found to be lesser for CNN than the
ResNet-50 algorithm, due to the larger network structure and a higher amount of trainable
parameters in ResNet-50. The training and testing time per sample was found to be lower
for CNN among the two algorithms. Both the algorithms were able to achieve over 94%
accuracy in detecting fasteners from different complex environments during the testing
phase. The models were reliable when the fasteners were rotated, had additional noise,
when the images were blurred, when the saturation level varied, and when the fasteners
were covered partially under snow or ballast. The two models, however, had difficulties in
predicting fastener state when the brightness was affected and when the fasteners where
heavily occluded by the presence of ballast and snow. An additional test set was created by
covering the clamp areas to further analyse the detection capabilities of both the algorithms,
when fasteners were covered in the images. The CNN failed to predict the fastener state
for all scenarios when the occlusion covered over 70% of the clamp area. The ResNet-50
algorithm failed to predict the fastener state when the occlusion was above 75% of the
clamp area. Further studies need to be carried out to analyse the prediction capabilities of
the algorithms where different scenarios of occlusion along the clamp area are considered
to estimate the triggering mechanism of such an algorithm. This study will be carried out in
the future research. On comparing both the algorithms, the complexity and time required
for training and testing was lesser for the CNN algorithm, which can add value for real
time application. The performance in terms of accuracy and precision was marginally
better for the ResNet-50 when compared to the CNN algorithm. The ResNet-50 algorithm
was able to detect fastener state slightly better than the CNN, even when the fasteners
were occluded by about 75% of the total fastener area. A better detection of fastener state
will ensure less disruptions or downtime arising from M&R, leading to safe, reliable and
sustainable rail transportation.

In Sweden, the tracks are covered with snow for the majority of the year and would
thus require additional rail surface treatment or a removal process that adds to the expenses
of the railroad companies. One possible solution to overcome this difficulty and ensure
safe, sustainable and reliable rail operation, is by combining automated visual inspection
with non-destructive testing such as eddy current sensors [6,33] for fastener inspection.
The presence of non-conductive materials (such as ballast and snow) in the sensor-to-target
gap do not affect the eddy current sensors. This allows their use in complex environments,
such as those involving stones, water, oil, machine fluids and snow. The differential eddy
current inspection was able to detect the fastener state with a precision and recall of 96.64%
and 95.52%, respectively [6]. The results presented in the previous studies were based
on controlled measurements carried out along the heavy haul line in the northern part
of Sweden, where the likelihood of disturbances were minimal. The measurements were
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carried out by mounting the sensor system 65 mm above the railhead on a trolley system.
A detailed comparative study between the eddy current inspections (measurements from
an actual train) and machine vision-based inspection for detecting missing clamps from a
fastening system for the same track section will be carried out in the future studies.

The future of this study will also focus on detecting different types of rail fastening
systems and other track components simultaneously from rail images. Further studies will
be carried out to investigate the performance of the deep learning algorithms for various
scenarios of occlusion. The possibility of using pre-trained weights and transfer learning
for fastener state detection will be investigated in the future study. Future research will
aim to combine automated visual inspection with eddy current inspection for improving
the fastener detection to ensure safe, reliable and sustainable rail transportation.
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Abstract: The rail fastening system forms an integral part of rail tracks, as it maintains the rail
in a fixed position, upholding the track stability and track gauge. Hence, it becomes necessary to
monitor their conditions periodically to ensure safe and reliable operation of the railway. Inspection is
normally carried out manually by trained operators or by employing 2-D visual inspection methods.
However, these methods have drawbacks when visibility is minimal and are found to be expensive
and time consuming. In the previous study, the authors proposed a train-based differential eddy
current sensor system that uses the principle of electromagnetic induction for inspecting the railway
fastening system that can overcome the above-mentioned challenges. The sensor system includes
two individual differential eddy current sensors with a driving field frequency of 18 kHz and 27 kHz
respectively. This study analyses the performance of a machine learning algorithm for detecting and
analysing missing clamps within the fastening system, measured using a train-based differential eddy
current sensor. The data required for the study was collected from field measurements carried out
along a heavy haul railway line in the north of Sweden, using the train-based differential eddy current
sensor system. Six classification algorithms are tested in this study and the best performing model
achieved a precision and recall of 96.64% and 95.52% respectively. The results from the study shows
that the performance of the machine learning algorithms improved when features from both the
driving channels were used simultaneously to represent the fasteners. The best performing algorithm
also maintained a good balance between the precision and recall scores during the test stage.

Keywords: clamps; rail fastening system; differential eddy current sensor; machine learning; classifi-
cation

1. Introduction

Rail transport has emerged as a significant mode of transportation to overcome
heavy congestions of road and sky, increasing energy costs and carbon emissions. It
is an effective mode of transportation that supports the economic and industrial expansion
of a nation, through mobilization and transportation of people and commodity [1]. Rail
freight transport and passenger traffic has increased rapidly in Europe between 1990 and
2007. There has been a 15% increase in rail freight ton-kilometres and a 28% increase in
passenger-kilometres between 1990 and 2007 in EU15 countries [2]. In Sweden, there has
been an average annual growth of 1.1% traffic on the railway network between 1960 and
2010 and a minimum annual increase of 1% in traffic tonnage is anticipated up to 2050 [3].
The need to shift huge volumes of passenger and freight traffic to railways and the current
state of the existing railway infrastructure are issues that require significant attention in
the field of transportation [4]. One possible solution to meet the growing demand and
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improve the rail performance could be capital expansion of the infrastructure, but this is
a time consuming and cost-intensive approach. Hence, in order to improve the capacity,
availability and the service quality of the existing infrastructure, an ideal solution would
be to improve the maintenance and renewal (M&R) process.

The quality of the infrastructure and the utilization methods play a crucial role in
determining the operational capacity of a given railway infrastructure [5]. The dependence
between operational capacity and the condition of the infrastructure is a crucial aspect in
railway infrastructure maintenance. When the railway infrastructure is in a good state
with high quality, a higher operational capacity with higher quality of service is achieved.
As the operational capacity increases, the infrastructure is subjected to more traffic and
load, which leads to deterioration of the infrastructure and deformation of its components.
Therefore, higher-frequency maintenance and renewal are required. These demand track
possession, which in turn reduces the operational capacity. The down time arising from
maintenance and renewal of networks is responsible for nearly half of all the delays to
passengers. To investigate the actual delay within Sweden, the records of the infrastructure
manager was analysed. Tables 1 and 2 show the delay in hours for 10 years, due to failure
of components in track and switches and crossings (S&C) respectively. The delay time
used for this study only includes the downtime of service arising due to the corrective
maintenance employed to fix the fault or failure. The downtime arising due to corrective
maintenance is unplanned and can occur at any given point of time, having consequential
effect on traffic. On the other hand preventive maintenance actions are planned, i.e., the
track occupation is guaranteed without traffic interference. However, in a few instances,
preventive maintenance can occupy the track longer than the allocated time frame, thereby
leading to traffic interference or delay [6], which is not included in the present study. The
components considered for this study include only those that exhibit magnetic properties.
Averages of 572.7 h and 670.3 h of delays are incurred in Sweden yearly due to failure of
components in track and S&C respectively. To avoid such delays and to ensure safe and
reliable operation, tracks and components need to be inspected periodically.

Track inspection is a crucial task that has to be carried out periodically to prevent
catastrophic accidents and control the condition of the railway infrastructure [7]. Tradition-
ally, rail inspections are carried out by trained inspectors who walk along the track length
to search for visible defects and technical deviations. Such manual inspections are labour-
intensive, slow and may include human errors, especially in tough winter condition. This
method is time-consuming and expensive for railroad companies, especially for long-term
and large-scale development projects. Recent technological developments have seen auto-
mated inspections systems based on machine vision being utilized for track inspections.
Automated rail inspection systems are composed of various functions including, gauge
measurement, rail-surface defect detection, rail profile measurement and fastener defect
detection [8]. Rail fastening systems are a crucial component in the rail infrastructure as
they clamp the rail to the sleepers, maintaining the gauge, preventing the longitudinal and
transverse deviation of rails from the sleepers, and preserving the designed geometry of
the track. Failures of fasteners reduce the safety of train operations, increase wheel flange
wear and may lead to catastrophic accidents [9]. In the past two decades, the application of
automated machine vision for fastener inspection has grown significantly; however, the
detection method from these rail images have varied over time.
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Table 1. Delay in hours due to failure of track components.

Year Fasteners Rail
Corrosion

Rail
Defects Rail Wear Insulated

Joints
Track

Foreign Object Total

2010 18 6 792 1 10 11 838
2011 70 2 313 1 6 96 488
2012 17 0 397 6 22 10 452
2013 10 0 372 10 12 6 410
2014 13 1 479 37 21 18 569
2015 13 14 476 4 9 30 546
2016 50 7 686 1 17 18 779
2017 1 0 540 1 118 13 673
2018 7 0 393 0 49 6 455
2019 4 0 456 30 4 2 496

Table 2. Delay in hours due to failure of components in switches and crossings.

Year Fastener Crossings Middle
Part

Check
Rail

Rail
Corrosion

Rail
Defect Rail Wear Insulated

Joint
Turnout Foreign

Object Total

2010 8 93 1 1 6 260 3 0 22 509
2011 13 21 0 0 9 200 5 0 33 344
2012 1 38 0 1 6 282 105 0 51 592
2013 2 83 0 0 10 499 14 0 55 760
2014 29 37 86 0 31 274 36 0 40 643
2015 8 72 0 14 10 521 19 0 50 811
2016 18 94 3 1 12 602 33 2 39 948
2017 8 40 3 4 13 456 72 0 33 747
2018 9 43 0 1 18 491 20 1 49 780
2019 12 84 0 3 4 332 19 1 50 568

In 2007, Marino et al. [10] detected missing hexagonal-headed bolts from rail images
using a multilayer perceptron neuron classifier. For hook-shaped fasteners Stella et al. [11]
used a neural classifier to detect missing fasteners, employing wavelet transform and
principal component analysis to preprocess the railway images. Yang et al. [12] used
direction field as a template of the fastener in the rail images and used linear discriminant
analysis (LDA) for matching, to obtain the weight coefficient matrix. To model two types
of fasteners, Ruvo et al. [13] used error back propagation algorithm on the rail images and
implemented the same on graphical processing unit to achieve real time performance. Ruvo
et al. [14] also introduced a FPGA-based architecture employing the same algorithm on rail
images. Xia et al. [15] and Rubinsztejn [16] used AdaBoost algorithm for detecting fasteners
from rail images. Li et al. [17] adopted image-processing techniques to detect fasteners
and its components from the images obtained from visual inspections. H.Feng et al. [8]
adopted structure topic model (STM) to model fasteners and learn from the probabilistic
representation of different components within rail images. H.Fan et al. [18] used line local
binary pattern (LLBP) on the rail images to distinguish between normal fasteners and failed
fasteners. Support vector machines (SVM) [19], Gabor filters [20] and edge detection [21]
methods are other commonly employed techniques to detect fasteners from rail images.
Recent advancements in image processing have enabled the use of deep learning to [22,23]
R-CNN [24] detect fasteners from rail images collected during automated visual inspection.

The present mode of fastener detection is carried out from images acquired during
automated visual inspection of track and its components. They become a complicated
task when the rail and its components are concealed due to the presence of rust and dust.
Presence of snow, stones and other debris or heavy rain can also cause hindrance in visual
inspection and minimise the efficiency in detecting the rail and its components. A reliable
and high-quality automated visual inspection is a relatively expensive technique to carry
out and are difficult to mount and maintain on an in-service train as they are integrated in
the operation and are subjected to brightness fluctuations and motion blurring during high-
speed travel and can reduce the accuracy of detection. In Sweden around 298,080 euros
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alone was spent in 2014 to inspect two lines with a total track length of ca. 300 km,
of which more than 75% was utilised to inspect track components that exhibit magnetic
characteristics (rail fastening, weld joints, rail surface etc.) [25]. With the increasing demand
for safety and cost-effectiveness, maintenance managers are striving to cut these operations
and maintenance cost through effective condition-based maintenance while assuring the
quality and capacity of the rail services.

In earlier research, the authors proposed a train-based differential eddy current sen-
sor [25] for fastener inspection that can overcome the major challenges mentioned above.
Eddy current sensors are not affected by the presence of nonconductive materials in the
sensor-to-target gap and can be used in dirty environments, water, oil etc., where other in-
spection systems fail. The proposed inspection technique using a differential eddy current
sensor was able to detect fastener signature from a distance of 65 mm above the railhead.
The individual fastener signatures were easily distinguishable from the 1-D time signal
plots. The sensor uses two driving fields with frequencies 18 kHz and 27 kHz respectively
and the fastener signatures obtained from both the channels exhibited very good correla-
tion. The sensor concept and working principle of the sensor is explained in Section 2 of
the previous publication [25]. The results presented in the previous literature was based
on study carried out for a short track section. However, when considering other track
sections with an increased likelihood of disturbances, it was found that relying on one
feature could generate a decrease in accuracy for detection. Hence, the purpose of this
study was to develop a measurement system using the previously presented hardware
solution in combination with a machine learning algorithm for detecting missing clamps
within a rail fastening system. This study also compares different algorithms and evaluates
their performance. The remainder of the paper is structured as follows. Section 2 elaborates
the research methodology used for the study. The results and analysis are explained in
Section 3 and the conclusions are discussed in Section 4.

2. Research Methodology

One of the most commonly observed faults in a rail fastening system is missing clamps.
A missing clamp reduces the clamping force holding the rail on the sleeper. The track
integrity is called in to question as soon as clamps are missing from the fastening system in
consecutive sleepers as it may lead to slipping, excessive gage widening and low lateral
resistance, which can further lead to risk of derailment. As stated in Section 1, the goal of
this study is to develop an automated system for detecting missing clamps within a rail
fastening system, using signals generated and measured by a differential eddy current
sensor. An outline of the methodology used to develop an automated system is depicted in
Figure 1. The data required for this study was collected using the differential eddy current
sensor system. Features from the signal recorded using the two channels were extracted
with the aid of signal processing techniques. The feature sets from individual channels and
combined features from both channel were used as inputs for the classification algorithms.
The idea of making use of three sets of input was to compare whether a single channel or
both channels when combined performs better in missing clamp detection. The data were
further processed before feeding as an input to the six classification algorithms used in this
study. The algorithms were optimised using cross validation technique by splitting the
input data in to training, validation and test set. The goal was to identify which algorithm
performed the best for the missing clamp detection purpose. The steps involved in this
study are elaborated further below. The system will make use of features extracted from
the differential eddy current signals as an input for multiclass classification algorithm to
differentiate intact clamps and one or two missing clamps from a fastening system. Only a
missing clamp is considered as a failure in the fastening system as this is the most common
failure mode of the fastener system found along the section of track examined for this study.
This study makes use of standard laptop (Dell Ultrabook) with python 3.6 (with necessary
packages such as Numpy [26], Pandas [27], and scikit-learn [28]) and Spyder.
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Figure 1. Generic fastener detection framework using machine learning algorithm.

2.1. Data Collection

The data for this study were collected along the northern loop of the heavy haul line
at Katterjåkk and Stordalen, close to the Sweden–Norway border. The differential eddy
current sensor was mounted 65 mm above the railhead on a trolley system and was made
to run along the track, using a motor (refer Figure 2a). The speed of the trolley system
varied between 1.3 m/s to 2 m/s. The sensor system, which is used to measure one side of
the track, consists of two differential eddy current sensors with a driving field of 18 kHz
and 27 kHz respectively placed at a distance of 20 cm apart in the travel direction. The
above-mentioned carrier frequencies are selected as they fall under the rail norms. Each
sensor consists of two differentially coupled pickup coils (P1 and P2) that are enclosed by
the driving coil. The direct cross talk between the driver and the pickup coils within an
individual sensor is cancelled, though not completely, by the differentially coupled pick-up
coil. The inbuilt cross-talk cancellation (CTC) function within the sensor system cancels
out the small cross talk between the two-carrier frequencies as they have a common factor
of 9 KHz. The entire unit is vacuum potted with epoxy resin to stabilize the sensor, both
against vibrations and to reduce temperature drift. The output voltage from an individual
sensor is the result of the cross-talk residue between the driving coil and the pickup coils,
and the induction of eddy currents along the rail, which are linearly superimposed. The
differentially coupled pickup coils (P1–P2) are sensitive only to the changes in the eddy
current in the rail and its vicinity. The resulting voltage will be zero if there is no change
in either conductivity (σ), magnetic permeability (µ) or geometric form of the measured
material, e.g., an ideal rail with no clamps or any surface defects.

The sensor was powered using a 12V62AH battery and the measured raw data were
recorded using a laptop. The considered track sections consisted of concrete sleepers with
E-clip fasteners. Tracks which were relatively healthy and track sections with damages
were all considered for this study. Some of the visible damages on the rail head included
squats, rail corrugation, crack and head checks. Figure 2b depicts a fastening system with
intact clamps, a fastening system with one missing clamp and a fastening system with
two missing clamps. A controlled measurement sequence was carried out along the track
section to obtain the dataset for the e-clip fastening system. A pattern of missing clamps
was created, along a measurement sequence, where clamps were removed from the outer
and the inner side as well as from both sides at the 20th, 25th and 30th sleeper respectively,
from the starting position of the measurement (refer Figure 3). This measurement sequence
was carried out along various sections of the track. A fastening system with intact clamps
was considered as a healthy system and fastening systems with one clamp missing (stage 1
fault) and two clamps missing (stage 2 fault) were considered as faulty system for this study.

A total of 2967 fastener signatures were used for this study, of which 2700 samples
(91%) of the instances correspond to a healthy state (stage 0) with intact clamps, 168 samples
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(5.67%) correspond to faulty fasteners with one clamp missing (stage 1) and the remaining
99 samples (3.33%) represent a faulty state with both clamps missing (stage 2).

Figure 2. (a) Lindometer measurement system setup, (b) e-clip fastening system: intact, one clamp
missing and both clamp missing.

Figure 3. Pattern of missing clamps. Red ellipse marks the position of the missing clamp.

2.2. Feature Extraction

A number of signal processing methods were implemented before features were ex-
tracted from the raw signal pertaining to the individual fastener signatures. The eddy
current (EC) signal had to be demodulated, filtered and rotated in order to extract informa-
tion corresponding to the fastening system [25].

2.2.1. Demodulation and Resampling

The sensor signal was multiplied by its carrier frequency (for both channels respec-
tively) and low-pass filtered (2 kHz) to demodulate the signal and extract the base band.
The signal was further resampled from 215.52 kHz to 35.92 kHz.

2.2.2. Filtering

The EC signal was filtered further with a low pass filter of 3 Hz as the periodicity of the
fasteners in the signal was found to be lower than 3 Hz, for both the channels. This was car-
ried out to retrieve maximum information pertaining to the fastener system and attenuate
other frequency components corresponding to noise and other ferromagnetic components.
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2.2.3. Rotation of EC Signal

The demodulated and filtered fastener signatures were found to be shifted from the
in-phase direction (real part). In order to retrieve maximum information and have a better
visualisation, the complex EC signal was rotated such that the fastener signatures were
projected along the in-phase direction. This to an extent aids in suppressing other responses
in other demodulation angles not prevailing to the fastening system. The EC signal was
rotated by degree θ or Φ radian, such that the peak amplitude of the fastener signatures
were maximised. The signals were rotated by an optimal angle (found from the previous
study [25]) of 83◦ and 222◦, respectively for the two carrier frequencies.

The EC signal does not get affected due to the presence of nonconductive or nonmag-
netic materials in the sensor-to-target gap. The disturbances arising due to the presence
of conductive and magnetic material in the sensor-to-target gap can be suppressed to an
extent by the above-mentioned low pass filtering and rotation of EC signal techniques. The
low pass filter was set to extract the fastener signatures and to remove other high frequency
components which could add to the energy content of the fastener signatures. The cut
off frequency of the filter is dependent on the speed of the sensor and must be adjusted
accordingly. Different components will have different geometric shapes, different values
of magnetic permeability and electrical conductivity. Hence they will occur at different
angles from the in-phase direction compared to the fasteners. Rotation of the EC signal
based on fastener signature will thus to a major extent suppress information pertaining to
other disturbances.

Four features for both channels are extracted for individual fasteners namely peak-
to-peak, RMS, and magnitude of the fastener signature at clamp frequency and the arc
length of the complex signal. Three separate feature matrices will be used as an input for
the classification purpose in this study. The first feature matrices will use the four features
obtained from fastener signatures acquired from the 18 kHz channel. The four features
obtained from the 27 kHz channel representing the fastener signature will be used for the
second feature matrices. The first and second feature matrices will have a dimension of
2967 × 4 (2967 samples and four features). The third matrices contain the combination
of 18 kHz and 27 kHz features, eight features in total representing a fastener signature.
Hence the third feature matrices will have a dimension of 2967 × 8 (2967 samples and eight
features respectively). The three feature matrices are tested to identify whether a single
channel or both channels when combined perform better in missing clamp detection.

2.3. Preprocessing

From the feature extraction section, a feature matrix is obtained containing the var-
ious features obtained from the signal processing for each observation. To improve the
classification algorithms, the feature matrix can be rescaled using either normalization
or standardization, when the features have different scales. Normalization rescales the
data by squeezing the values into the range [0, 1]. This technique might be useful in cases
where all parameters need to have the same positive scale, but normalizing the data can be
sensitive to outliers. Standardization (or z-score normalization) rescales the data to have
a mean value (µ) of zero and a standard deviation (σ) of one. In this study, the choice of
standardization is adopted since the data has a Gaussian distribution and there is no need
to obtain a positive range for the feature matrix.

2.4. ML Algorithm

The fastener detection in this study is a multiclass classification problem with the
objective of classifying fastener signatures from differential EC sensor into healthy fasteners
with no clamps missing, fasteners with one and both clamps missing. There are a wide
range of machine learning algorithms that can solve multiclass classification problems. The
classification algorithms are usually evaluated based on the classification accuracy [29].
However, for practical implementations, other key factors, such as running time efficiency
for training, ease of implementation, parameter tuning time, prediction time and the ease of
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continuous updating the algorithm online, need to be considered. A set of widely popular
algorithms was selected for this study and each of them were compared to determine
the best-suited algorithm for this application. Six established classifiers were selected:
Gaussian naive Bayes (GNB), support vector machines (SVM), k-nearest neighbours (k-NN),
gradient boosting decision trees (GBDT), random forest (RF) and AdaBoost (AB). The naive
Bayes classifier was used to understand the lower bound classification performance on
the fastener dataset and as a means to compare the other algorithms. The choice of the
remaining selected algorithms was based on the performance, ease of implementation and
the speed exhibited by the classifiers during training, parameter tuning and predictions
observed in previous literatures [29–32]. Brief explanations for each algorithm are presented
in the following subsection. Features extracted from both channels were tested using these
algorithms, both individually and combined.

2.4.1. Gaussian Naive Bayes (GNB)

Naive Bayes classifier is a statistical classification technique based on Bayes theorem.
Each and every feature variable are considered as an independent variable in naive Bayes.
This probabilistic-based classifier can be trained very efficiently for supervised classification
purpose and can be used in complex real world situations. GNB is a type of naive Bayes
method that assumes a Gaussian or normal distribution on the values of the given class.
The probability density of an observation xi given a class ck is computed as follows:

P(xi|ck) =
1√

2πσ2
k

e

(
− (xi − µk)

2

2σ2
k

)
(1)

where µk the mean of the values in x is associated with class ck and σ2
k is Bessel corrected

variance of the values in x associated with class ck.

2.4.2. Support Vector Machines (SVM)

SVM was initially developed for binary classification problems and, due to various
complexities, its extension to multiclass problems is not straightforward. The SVM algo-
rithm creates a line or hyperplane that separates the data points to different classes. This
line or hyperplane is called the decision boundary and the elements of the input data
that defines the boundary are called support vectors. For SVM, the best hyperplane is
the one that maximises the margins from both the classes. In general, the larger these
margins are, the lower the generalisation error of the classifier. SVM algorithm uses a set
of mathematical functions called kernels to take the data as input and transform it into
the required form. The kernel functions return the inner product between two points in a
suitable feature dimension. In general, it is used to transform a nonlinear decision surface
to a linear equation, in a higher number of dimensions.

To solve a multiclass classification problem, several binary SVM classifiers are com-
bined. The most common approaches for combining binary classifiers are one vs. one
(OvO), one vs. rest (OvA), directed acyclic graph (DAG) and error-corrected output cod-
ing [32]. For this study the one vs. one method was selected as this method requires lesser
training data vectors for each classifier and the memory required to create the kernel matrix
is much smaller. For ‘M’ classes, the OvO algorithm constructs one binary classifier for
every pair of distinct classes and a total of M × (M − 1)/2 binary classifiers are constructed.
The training samples are made to be inputs to each classifier and the output from each
classifier is in the form of a class label. The max wins algorithm is used to combine these
classifiers and the class label that occurs the most is assigned to that point in the data vector.
A comprehensive explanation of multiclass classification using SVM is provided in [33]

2.4.3. k-Nearest Neighbour (k-NN)

k-NN is a nonparametric method where the training data is stored to be compared
with unclassified data points rather than constructing a generic function for classification.
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For this reason, k-NN algorithms are often called instance-based leaning algorithms or
lazy-learning algorithms. k-NN predicts the class of a test data by the majority rule, i.e.,
prediction with majority class of its k most similar training data points in the feature space.
Due to its simplicity, easy implementation and ability to handle complex problems, k-NN
algorithms are widely used for various applications [34]. A comprehensive description of
k-NN is given by Cover and Hart [35]

2.4.4. Random Forest (RF)

RF is a type of ensemble classifier that works, based on the philosophy that a mul-
titude of classifiers perform better than a single classifier. Each classifier is generated
using random vectors sampled independently from the input vector, and each classifier
contributes with a single vote for assigning the frequent class to the input vector [36]. The
class is assigned based on the majority vote received. The output from every classifiers
are averaged to improve the predictive accuracy and reduces the risk of overfitting to the
training dataset. Breiman, 2001 [36] provides a comprehensive explanation of RF.

2.4.5. AdaBoost (AB)

AdaBoost, like RF, is an ensemble classifier that combines weak classifiers to form a
strong classifier. AB starts with finding a weak classifier and subsequently fits it to a subset
of training data to generate a new classifier [37]. The AB algorithm retrains iteratively by
choosing the training subset based on the performance of the previous training. AB assigns
a training weight after each training by a classifier and a misclassified item is assigned
higher weight so that it appears with a higher probability in the training subset of the
next classifier. A weight is also assigned to the classifier. A better performing classifier is
assigned a higher weight so that it will generate more impact in the final output. For an
input vector x of n features and ht(x) is the output of the tth weak classifier, the combined
classifier is expressed as

H(x)= sign

[
T

∑
t=1

αtht(x)

]
(2)

where

αt =
1
2

ln
[
(1− et)

et

]
(3)

et is the error of the weak classifier. The importance of the weak classifier becomes greater
as the error becomes smaller. A comprehensive description regarding AB can be found
in [38].

2.4.6. Gradient Boosting Decision Tree (GBDT)

GBDT makes a prediction by training ensemble of weak decision trees in a gradual,
additive and sequential manner [37]. GBDT identifies the shortcomings of the weak
classifier by using gradients in the loss function unlike AB, which uses high weight data
points. The loss function indicates how good the model’s coefficient is in fitting the
underlying data points. GBDT improves the prediction of the ensemble via incremental
minimisation of errors in successive iterations of new decision tree construction [39].
Friedman [40] provides a generic form of GBDT as follows:

F(x) =
M

∑
j=1

β jhj(x) (4)

where βj is the coefficient calculated by the gradient boosting algorithm and hj(x) is the
individual decision tree generated in each sequence. Friedman [39] and Schapire [37] gives
a comprehensive description of the GBDT algorithm.
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2.5. Cross Validation

To investigate the problem of underfitting or overfitting resulting from a simple
holdout validation, the dataset should be split into a training set, a validation set, and a
testing set to judge how the algorithm will perform with new external data. In this case,
the training set is used to train the model, the evaluation is performed on the validation
set to minimize bias and variance and a final evaluation is performed on the test set to
evaluate if the algorithm is either underfitting or overfitting. However, partitioning the
available data into three distinct sets will reduce drastically the number of samples used
for training the model. As a result, cross validation (CV) was used to evaluate our machine
learning models with limited data samples. The test set had to be held out as before, but the
validation test was not needed since the cross validation (CV) handled validation by itself
within the training set. The main principle behind CV such as k-fold is to split the training
set into k smaller sets and to train the model on k − 1 sets. Validation of the model is
performed on the remaining part of the data set to compute the performance measure. This
process is repeated k times so that each k-fold serves as a validating group once, while the
performance measure will be an average of the measure for each k-fold. In our multi-class
application, the f1-macro was adopted as the performance measure. It is defined as the
average of the harmonic mean of precision and recall for all classes. The f1-macro was
calculated for each k-fold and averaged to obtain the final performance measure for a fixed
set before parameter tuning. The data set was split in to training set (70%) and test set
(30%) and the cross validation was carried out within the training set.

The process of cross-validation can be looped over to optimize the parameters of each
classification method. This strategy to optimize the parameters when training the model is
called nested cross validation. In our case, the optimization was performed exhaustively
by generating candidates from a grid of parameters relevant to each classifier. Hence, the
goal of the grid search was to evaluate all the possible combinations of the parameters
within suitable ranges to hold the best combination with regard to the scoring function.

SVM, k-NN, RF, AB and GBDT need parameter tuning to achieve their best perfor-
mances. A limited number of values for each parameter was selected for optimising, as
it was unfeasible to try the entire range of values possible. The parameters selected for
optimisation were based on literature studies [29,40,41]. The parameter value selected for
optimisation and the value range are described below:

• SVM. Three main parameters are selected for optimising the SVM classifier: (i) kernel,
which maps the observation into a feature space; (ii) C, which is the regularization
parameter that aids in controlling the punishment given to the model for each misclas-
sified point for a given curve; (iii) gamma, which defines how far the influence of a
single training example reaches. Three-kernel types were tested: sigmoid, polynomial
and radial basis function (RBF). The range for C and gamma were set from 10−12 to
1012 using a logarithmic scale.

• k-NN. Two main parameters were optimised for the k-NN algorithm: (i) the number
of neighbours k with a value range of 1 to 38 in a linear scale and (ii) weight function,
namely ‘uniform’ and ‘distance’

• RF. Three parameters were examined for random forest: (i) the number of trees in the
forest with a value range 2n [where n = 1 to 9]; (ii) the maximum depth of the tree with
a value range of 1–32; and (iii) the minimum number of samples required to split an
internal node with a value range of [2 32]. All the vector values were defined using a
linear scale.

• AB. Two parameters were optimized for AB algorithm: (i) the number of classifiers,
which limits the construction of classifiers during boosting and the range of linear
values selected is [10, 50, 100, 150, 200, 250, 500, 1000] and (ii) the learning rate, which
shrinks the correction contribution of each classifier. Linear value range of [0.001,
0.005, 0.01, 0.05, 0.1, 0.15, 0.25, 0.5, 0.75, 1] was used for learning rate and the values
selected were based on prior knowledge and previous literature.
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• GBDT. Three parameters were examined for the GBDT algorithm: (i) the number
of boosting stages to be performed, with a linear value range 2n [where n = 1 to
9]; (ii) learning rate, which shrinks the contribution of each tree. A linear value
range of [0.001, 0.005, 0.01, 0.05, 0.1, 0.15, 0.25, 0.5, 0.75, 1] was used for examining
the learning rate. (iii) Maximum depth of individual regression estimation, which
limits the number of nodes in the tree. A linear value range of [2 to 32] was used for
examining maximum depth.

Since a grid search algorithm was used for hyperparameter optimization, the search
will be performed for all points predefined in the grid.

2.6. Model Performance Evaluation

Evaluation metrics are used to understand and evaluate how effective the model is
based on some score, performed on the test dataset. Different evaluation metrics emphasise
different aspects of performance of the classifier algorithm. It is essential to define the
objectives of evaluation in order to enable suitable selection of metrics. The classification
approach for this study is a multiclass classification model and the evaluation of these
models can be understood in the context of a binary classification model.

The major evaluation metrics for binary classification model are derived from four
categories.

• True positives (TP) where the actual label is positive and correctly predicted class
is positive;

• False positives (FP) where the actual label is negative but incorrectly predicted
as positive;

• True negatives (TN) where the actual label is negative and correctly predicted as
negative;

• False negatives (FN) where the actual label is positive but incorrectly predicted
as negative.

A multiclass classification problem can be viewed as a set of many binary classification
problem. The commonly used evaluation metrics for multiclass classification based on
these elements are described in Table A1 (in Appendix A). Standard metrics such as average
accuracy and error rate can provide significant insight regarding the overall performance of
the model. However, the data set used for this study consists of instances with unbalanced
dataset, with the major class being the healthy system. Accuracy and error rate can become
unreliable measures of model performance when the skew in class distribution is severe.
Accuracy and error rate also have limitations with respect to different misclassification
costs [42]. For railway application, the cost of misclassifying faulty systems as healthy
systems is higher than misclassifying healthy systems as faulty systems. The former
instance may lead to less intervention that can lead to hazardous deterioration of track
system integrity and increase the risk of derailment. The later scenario of misclassifying
healthy systems as faulty systems will not pose a threat to the safety and technical integrity
of the system. However, the number of site visits might increase due to false alarms leading
to increase in cost of maintenance. For the above-mentioned reasons accuracy and error
were not considered for evaluating the models in this study.

The limitations of accuracy and error can be tackled using precision and recall or a
combination of both. Precision quantifies the number of true positives of all actual positive
predictions, however precision alone cannot be used to evaluate the performance of the
model as it does not provide insight on the missed positive predictions. Recall is used
to complement precision as it quantifies the number of correct positive predictions made
from all possible positive predictions that could have been made. Precision addresses the
question “of all the positive predictions, what is the probability of them being correct?”
and recall addresses the question of “among all the items that belong to positive class, how
many does the classifier actually detect as positive?” Precision and recall aim at minimising
false positives and false negatives respectively. Often increase in precision leads to the
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reduction of recall. F-score or F1-score, which is the harmonic mean of the fractions of
precision and recall, can be used to combine the properties of both precision and recall in
to one single metric. F1-score can be used as a strong metric for model evaluation when
both precision and recall are important.

For multiclass classification precision, recall and F1-score are represented by microav-
eraging or macroaveraging. A microaveraging method aggregates the contribution of all
classes to calculate the average performance, whereas macroaveraging will calculate the
performance individually for each class and then performs an average on it. Macroaver-
age considers each class equally. Since the study involves using an imbalanced data set,
macroaveraging was utilised as it is insensitive to the class imbalance and treats them
equal. For this study, the models were evaluated based on macroprecision, macrorecall
and F1-score macro during the testing phase. F1-score macro was used as a scoring metric
during the training and validation phase for parameter tuning.

3. Results and Analysis

Figure 4a,b shows the time signal plot after demodulating, resampling, filtering and
rotating the raw signal, for both the driving field for a single measurement sequence.
The measurement was carried along a short section of the track having 47 sleepers. This
section of the track was relatively healthy without any damages to the railhead. The zero
crossing in the signal from the positive to the negative induction represents the centre
positioning of the fastening system. The zero crossing was used as a way to segregate
individual fastening systems. Individual fastening systems are easily distinguishable
from the time signal plot for both driving channels. A drop in amplitude of the fastener
signature is visible at those positions where the clamps were missing from the fasteners.
Missing clamps cause reduction in the metallic material and changes the geometry of the
fastening system, thus reducing the amplitude of the return field. The healthy fastening
systems with intact clamps are depicted using black markers and fastening systems with
one clamp missing and fasteners with both clamps missing are represented using blue and
red markers respectively.

Figure 4. Time signal after demodulating, filtering and rotating the raw signal: (a) 18 kHz, (b) 27 kHz. Fastening systems
with one clamp missing are depicted with blue markers and fasteners with both clamps missing are depicted using red
markers. Healthy clamps are indicated with black markers.

Figure 5 depicts features pertaining to individual fasteners for both channels, obtained
from the above time signal (refer Figure 4). All the four features, for both channels showed
a drop in their value, when the clamps were missing from the fastening system. The
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above plots are obtained for a short track section where the difference between feature
levels are easily distinguishable. However, this clear difference between the three classes
is not as evident for all track sections where additional disturbances can be present as
observed in Figure 6. Figure 6 shows the histogram plot (in probability density function)
for all the eight features for the entire data set of fasteners (from both 18 kHz and 27 kHz
channel). The healthy fasteners are indicated within the black markers and fasteners with
one or both clamps missing are marked in blue and red respectively. It is evident from
the plot that there are significant overlaps between the three areas for all the features. The
disturbances in track can affect the induced voltage in the eddy current sensor, thus causing
fluctuations in the features. The overlap is seen in features extracted from both channels.
It becomes a difficult task to mark a boundary or threshold to differentiate the state of
fasteners and use individual features for classification purposes. This calls for the use of
machine learning algorithms that can combine multiple features to create a boundary or
threshold for classification purpose. Figure 7 depicts the 3-D representation of the overall
data set used for classification using three random features for the 18 kHz channel.
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Figure 6. Histogram plots in probability distribution function with respect to standardized feature values for all features: (a)
Arc length of complex signal-18 kHz, (b) Arc length of complex signal-27 kHz, (c) RMS-18 kHz, (d) RMS-27 kHz, (e) Peak to
peak-18 kHz, (f) Peak to peak-27 kHz, (g) Magnitude at clamp frequency-18 kHz, (h) Magnitude at clamp frequency-27
kHz. Fastening systems with one clamp missing are depicted with blue markers and fasteners with both clamp missing are
depicted using red markers. Healthy clamps are indicated with black markers.
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Figure 7. Overall data set used for classification represented in 3-D window (three random features selected for representa-
tion after standardization).

The training, validation and testing performance for all the six algorithms for 18 kHz
channel, 27 kHz channel and both channels combined are presented in Table 3. The
scores presented in the above table are obtained after cross validation where the best
hyperparameter are extracted. The best hyperparameter combination for all algorithms are
depicted in Figure 8. All the algorithms except Gaussian naïve Bayes exhibited an accuracy
of above 97% for all scenarios, during training, validation and testing. Since accuracy is not
considered as a strong metric for evaluating performance on imbalanced data, the model
comparisons were carried out using F1-score macro. There were no huge variations in the
score during training, validation and testing for all the cases, indicating that the algorithms
did not overfit or underfit the data. The scores during training validation and testing did
not vary significantly, indicating that the models did not have high bias and high variance.
Figure 8 represents the learning curve for all the algorithms with their respective optimised
hyperparameters. From the learning curve plot, it is evident that, for all the algorithms,
the training samples were sufficient as the training score converged to a value. All the
validation scores also tended to converge to a value close to the training score. Increasing
the training sample may slightly increase the validation score. Since the training score was
high (low error), the training data was well fitted by all the estimated models, indicating a
low bias nature. The gap between the training and validation curve for all the algorithms
was minimal, indicating low variance.

Table 3. Performance of the algorithms during training, validation and testing phase (all scores are in percentile).

Algorithm
Training Score

(F1-Macro)
Validation Score

(F1-Macro)
Testing Score

(F1-Macro)

18 kHz 27 kHz 18 + 27 kHz 18 kHz 27 kHz 18 + 27 kHz 18 kHz 27 kHz 18 + 27 kHz

GNB 87.49 88.53 89.96 87.46 87.98 89.46 86.06 86.24 89.02
SVM 94.11 95.04 95.26 93.26 94.12 94.24 91.19 92.92 93.15

K-NN 94.62 95.53 96.14 93.86 94.76 95.36 92.29 93.97 94.56
RF 93.09 94.79 96.29 92.06 93.68 95.12 91.42 92.26 94.62
AB 93.17 96.01 96.50 92.44 95.63 96.28 89.33 95.15 96.02

GBDT 92.98 94.87 96.19 91.84 94.03 95.38 89.10 92.42 94.58
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Figure 8. Learning curve with respect to number of training samples and F1-score for all algorithms: (a) Gaussian naive
Bayes, (b) SVM, (c) K-NN, (d) RF, (e) AB, (f) GBDT. The best hyperparameter combinations/values after cross validation are
marked above for each algorithm.

Gaussian naive Bayes exhibited the lowest score during training, validation and
testing for all three feature sets with an F1-score below 90%. All the other five algorithms
exhibited a F1-score macro better than the baseline Gaussian naive Bayes classifier during
training, validation and testing, for the respective data set. Thus it was easier to rule out
GNB classifier when considering the best performing algorithm for fastener detection. The
performances of the remaining five algorithms were evaluated closely in order to select
the best performing model. The F1-score was above 89% during training, validation and
testing stage, for the features extracted from 18 kHz channel. SVM, K-NN and random
forest (RF) had an F1-score above 90% for training, validation and testing, where K-NN
registered the highest score. K-NN had a score (F1) of 93.86% during validation phase
and 92.29% while testing. Ada-Boost and GBDT had a test score of less than 90% during
testing phase.

The F1-score for all the algorithms during testing and training for the data set of 27 kHz
features was better compared to the 18 kHz dataset. The score was above 92% for the entire
algorithm tested on the 27 kHz data set during every stage. AdaBoost algorithm exhibited
the best performance for this data set with a score of 96.01% during training, 95.63% during
validation and a score of 95.15% during testing. When the data set comprised the features
of both 18 kHz and 27 kHz representing the fastener, the F1-score for all the algorithms
improved further during training, validation and testing, compared to when the data set
contained features from individual channel. AdaBoost was the best performing algorithm
for the combined data set, with an F1 score above 96% during all three stages. An F1-score
of above 94% was achieved for k-NN, RF and GBDT during testing phase on the combined
data set. It is evident from Table 3 that the detection of the clamp was higher when features
from both channels were used simultaneously to represent a single clamp.

In railway applications, it is essential to have both high precision and recall. A higher
precision of the algorithm will minimise the false positive rates. A higher precision will
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thus contribute to better detection of the fastener state, thus ensuring safe and reliable
operation of the railway. On the other hand, a higher recall of the algorithm will ensure the
false negative rates are minimised. A higher recall will thus minimise cost incurred due to
unwanted inspection. It is necessary to have a balance between reducing cost of inspection
as well upholding the safety and reliability of the railway asset. Hence, the best algorithm
was not selected based on the F1-score alone, but also on precision and recall score and the
balance between the two, during the test stage.

Table 4 represents the results obtained during the testing phase, for all the six al-
gorithms. For the data set obtained from the 18 kHz channel, RF registered the highest
precision (93.43%); however, the recall for the same was below 90%. Recall was seen to
be highest for the k-NN algorithm with 94.29%, while the precision for the same was
around 90%. No algorithm exhibited a good balance between the precision and recall
during the testing phase for the 18 kHz data set. For the data from 27 kHz channel, the
highest precision (94.16%) was achieved using random forest, with a recall of 90.46%. The
highest recall (96.45%) for the 27 kHz data set was achieved with AB, with a precision of
93.92%. The algorithms with higher performance on this data set, however, did not exhibit
a good balance between precision and recall. Precision and recall value were well balanced
for all the algorithms when the data set included features, from both channels were used
simultaneously to represent the clamp. Highest precision and recall were achieved by the
AdaBoost algorithm, at 96.64% and 95.52% respectively, with the highest F1-score of 96.02
during testing.

Table 4. Performance evaluation of the testing stage (all scores are in percentile).

Algorithm
F1-Macro Macro Precision Macro Recall

18 kHz 27 kHz 18 + 27 kHz 18 kHz 27 kHz 18 + 27 kHz 18 kHz 27 kHz 18 + 27 kHz

GNB 86.06 86.24 89.02 83.09 82.6 84.13 89.24 90.21 94.69
SVM 91.19 92.92 93.15 90.64 91.72 92.16 92.66 94.15 94.29

K-NN 92.29 93.97 94.56 90.47 91.89 94.72 94.29 96.28 94.41
RF 91.42 92.26 94.62 93.43 94.16 94.72 89.54 90.46 94.57
AB 89.33 95.15 96.02 90.07 93.92 96.64 88.79 96.45 95.52

GBDT 89.10 92.42 94.58 87.28 93.05 94.22 91.63 91.68 95.34

4. Conclusions and Future Work

At present, rails and fasteners are still inspected with the aid of automated visual
inspection and manual inspection, despite the fact these methods require huge investment
in both capital and time. Moreover, automated visual inspection becomes a challenge when
the rail and its component are obscured due to adverse environmental conditions, such as
snow, debris etc. The authors proposed a train-based differential eddy current sensor that
can overcome such challenges in the previous study [24]. This paper attempts to develop
an intelligent system with the aid of machine learning approach to facilitate, effective and
reliable health monitoring of track system by reducing human biases and error for detection
of the state of railway fastening system. The data set used for this study was obtained from
the measurements carried out along a heavy haul line in the north of Sweden using the
differential eddy current measurement system. Three sets of data were used for analysis in
this study, two of which were obtained from the individual channel of the sensor system
(18 kHz and 27 kHz), four features representing each. The third data set comprised of the
combined features from both channels (eight features). Six machine-learning algorithms
were selected and compared among themselves for all three scenarios of data, to determine
the best-performing model.
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The result of the study shows that all the algorithms perform better, when the data set
includes features from both channels rather than when they are considered individually.
Among the three data sources, all the algorithms performed weakly on the 18 kHz data set
comparatively. The performance of the algorithms based on F1-score was higher for the 27
kHz data set and for data set with combined features. In railway industry, it is essential to
balance the risk of failure and the cost of inspection. Therefore, it is necessary to have a
good balance between the precision and recall of the detection algorithm. Both channels
are preferred for detection of railway fastening systems as the algorithms performed better
and exhibited a good balance between precision and recall, when the features of both
channels were used for representing an individual clamp. Among the six algorithms tested,
AdaBoost, which is a type of ensemble algorithm, slightly outperformed the other four
algorithms in all evaluation matrices.

Further research will be carried out to incorporate other classification techniques
(e.g., artificial neural network, XGBoost, etc.) that can have the capability of improving
the predictive strength for fastener detection. The possibilities of unsupervised clustering
for anomaly detection will also be investigated in the further studies. The current study
incorporates only one type of fastener, namely Pandrol e-clip. The future of this study
will also focus on different types of fasteners that can be distinguished by the rotation
angle, as different fastening systems have different geometrical shapes. The future scope
in this study also involves high-speed measurements, detection of other magnetic track
components, quantification of rail defects and developing efficient condition monitoring
techniques with the aid of artificial intelligence to detect and predict faults from big data.
The work in this study was based on using features obtained from the measurement signals
as an input to machine learning algorithms. These features are subject to change when the
distance between the sensor and the object varies (i.e., lift-off effect). In this application, lift
off can occur due to wheel wear. However, this is a slow-occurring process which can be
handled by continuous automatic calibration of the system where healthy signatures are
used as a reference. This study will be carried out in future work.
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Appendix A

Table A1. Evaluation metrics for multiclass classification [40].

Evaluation Metric Mathematical Formula Description

Accuracy k
∑

i=1

(
tpi+tni

tpi+tni+ fpi+ fni

)
The overall accuracy/effectiveness of a classifier

Error rate ∑k
i=1(

fpi+ fni
tpi+tni+ fpi+ fni

)

k
The average per classification error

Precisionµ
∑k

i=1 tpi

∑k
i=1(tpi+ fpi)

Agreement of data class labels with the ones from classifier, calculated
from sums of individual decisions

Recallµ ∑k
i=1 tpi

∑k
i=1(tpi+ fni)

Effectiveness to identify class labels by the classifier, calculated from
sums of individual decisions.

Fscoreµ 2∗Precisionµ∗Recallµ

Precisionµ+Recallµ

Relations between data’s positive labels and the ones given by the
classifier based on sums of individual decisions

PrecisionM
∑k

i=1
tpi

(tpi+ fpi)
k

An average per-class agreement of data class labels with those
of classifiers

RecallM
∑k

i=1
tpi

(tpi+ fni)
k

An average per-class effectiveness of a classifier to classify class labels

FscoreM
2∗PrecisionM∗RecallM
PrecisionM+RecallM

Relation between data’s positive labels and the ones from the classifier
based on a per-class average
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Abstract: The rail fastening system plays a crucial role in railway tracks as it ensures operational
safety by fixing the rail on to the sleeper. Early detection of rail fastener system defects is crucial
to ensure track safety and to enable maintenance optimization. Fastener inspections are normally
conducted either manually by trained maintenance personnel or by using automated 2-D visual
inspection methods. Such methods have drawbacks when visibility is limited, and they are also found
to be expensive in terms of system maintenance cost and track possession time. In a previous study,
the authors proposed a train-based differential eddy current sensor system based on the principle
of electromagnetic induction for fastener inspection that could overcome the challenges mentioned
above. The detection in the previous study was carried out with the aid of a supervised machine
learning algorithm. This study reports the finding of a case study, along a heavy haul line in the
north of Sweden, using the same eddy current sensor system mounted on an in-service freight train.
In this study, unsupervised machine learning models for detecting and analyzing missing clamps
in a fastener system were developed. The differential eddy current measurement system was set
to use a driving field frequency of 27 kHz. An anomaly detection model combining isolation forest
(IF) and connectivity-based outlier factor (COF) was implemented to detect anomalies from fastener
inspection measurements. To group the anomalies into meaningful clusters and to detect missing
clamps within the fastening system, an unsupervised clustering based on the DBSCAN algorithm was
also implemented. The models were verified by measuring a section of the track for which the track
conditions were known. The proposed anomaly detection model had a detection accuracy of 96.79%
and also exhibited a high score of sensitivity and specificity. The DBSCAN model was successful in
clustering missing clamps, both one and two missing clamps, from a fastening system separately.

Keywords: rail fastening system; clamps; differential eddy current sensor; anomaly detection;
clustering

1. Introduction

Railway transportation is a significant mode of transportation for reasons of envi-
ronmental friendliness, safety, cost, and lower energy consumptions. It is a sustainable
mode of transportation that supports the economic and industrial expansion of the society
through the mobilization of freight and passengers [1]. The growing demand to shift
huge volumes of passengers and freight traffic and the current state of the existing railway
infrastructure are issues that require substantial attention in the field of transportation [2].
Capital expansion of the railway infrastructure is a cost-intensive and time-consuming
approach. Thus, the maintenance and renewal (M&R) process needs to be subjected to con-
tinuous improvement for the existing infrastructure to meet the capacity demand without
compromising the quality of the provided service [3,4].
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The operational capacity of a given railway infrastructure is significantly influenced
by its utilization methods and its technical state or quality [5]. One of the key aspects of
railway infrastructure maintenance is the inter-dependability of its operational capacity
and the infrastructure condition. A high operational capacity with good service quality is
achieved when the infrastructure is in a good state with high quality. With the increase in
capacity utilization, the infrastructure is subjected to a higher traffic load leading to rapid
deterioration of the infrastructure and degradation to its components. This consequently
leads to higher M&R needs which require track possession, and thus eventually resulting in
the reduction in operational capacity. The downtime arising from these M&R of networks is
responsible for nearly half of all the delays to passengers. In Sweden, an average of 572.7 h
per year of delay is incurred due to the failure of components in the railway track [6]. To
mitigate such delays and to ensure safe, sustainable, and reliable operation, the track and
its components need to be inspected frequently.

Rail fastening systems are a vital component in the railway track system as they clamp
the rail to the sleepers, preventing the longitudinal, transverse, and lateral deviation of
the rail from the sleepers, thus aiding in preserving the designed track geometry. Failures
of fasteners can also widen the gauge, increase wheel flange wear, reduce the safety of
train operations, and may lead to catastrophic accidents [7]. At present, the inspection of
track fasteners is carried out by manual inspection or using track inspection cars. Manual
inspections are slow, labor-intensive, pose safety issues for maintenance staff, and are prone
to human errors. Manual inspections are furthermore time-consuming and expensive
for railroad companies, especially for long-term and large-scale development projects.
Fastener inspection based on inspection cars has limited capabilities when it comes to
inspection frequencies and requires track possession during the inspection process, thus
reducing the operational capacity [8]. With the continuous expansion of the railway
network and recent technological developments, an automated rail inspection system
based on machine vision has gained significant importance. To inspect track defects and
detect the presence/absence of the fastening bolts, References [9,10] introduced their vision
system for real-time infrastructure inspection (VISyR) system, which was a fully automatic
and configurable field programmable gate-array (FPGA)-based vision system for real-time
infrastructure inspection. The system used a Dalsa Piranha 2 line camera (Matrox) with
1024 resolution to acquire images of the rail. An image-based detection device comprising
of two industrial laser range scanners, one for each rail, was used by Babenko [11] to
inspect fasteners. On the acquired images, a convolutional filter bank was applied in this
study. Each fastener type had a filter associated with it and the coefficients for each were
estimated using an illumination normalized version of the Optimal Trade-off Maximum
Average Correlation Height (OT-MACH) filter. A track cart was used by Resendiz et al. [12]
to capture the video of the railroad track with off-the-shelf cameras. A texture classification
with a bank of Gabor filters followed by support vector machine (SVM) was used to
determine the location of the rail components from the captured video. Structured light
sensors were employed by Mao et al. [13] to inspect fastener conditions and they used a
decision tree classifier to classify the defects in the fastening system.

The application of automated machine vision for fastener inspection has predominated
over the past two decades, but the detection methods from these images have varied over
time. Image processing and deep learning-based methods are the two commonly employed
methods for detecting fasteners from the images [8]. Locating and segmenting the fastener
region, extracting fastener features, and using a classification algorithm for fastener defect
identification are the three main aspects of the image processing-based method. For detect-
ing missing hexagonal-headed bolts, Marino et al. [9] made use of a multilayer perceptron
neuron classifier. Stella et al. [14] employed principal component analysis and wavelet
transform for pre-processing the fastener images and used a neural network classifier to
detect missing hook-shaped fasteners. To match the fastener images, Yang et al. [15] used
direction field as a template and used linear discriminant analysis (LDA) for matching and
to obtain the weight coefficient matrix. Ruvo et al. [10] adopted an error backpropagation
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algorithm on the rail images to model two types of fasteners and introduced a FPGA-
based architecture [16] using the same algorithm. AdaBoost [17,18], structure topic model
(STM) [19], line local binary pattern (LLBP) [20], support vector machines (SVM) [21], and
edge detection methods [22] are other frequently used techniques to detect fasteners from
rail images. These traditional methods aid in fastener inspection with minimal manpower
and reduced equipment resources; however, the detection accuracy could easily stagnate as
it is difficult to manually design robust and accurate features for rail components due to the
diversity of shapes and complex backgrounds [23]. With the increase in computing power
and development of the graphical processing unit (GPU), deep learning methods [24–28]
for detecting fasteners from rail images have gained substantial importance.

Over the past few years, significant advancements have been made in detecting fas-
teners and identifying the defects from railway track images; however, there are some
underlying drawbacks associated with this method. The robustness and position accuracy
are two major concerns associated with this mode of fastener detection [26]. It is a rela-
tively expensive task to mount and maintain a reliable and high-quality automated visual
inspection system as they are integrated with the operation and are subjected to vibrations,
brightness fluctuations, and motion blurring during high-speed travel. This can deteriorate
the accuracy of fastener condition detection and can raise safety concerns. Furthermore,
the detection task becomes complicated when rail and its components are concealed due to
the presence of rust and dust. Another significant drawback of this method is its inabil-
ity to detect the rail and its components when they are obscured due to the presence of
snow, sand, stones, and other debris. This calls for a removal process or additional rail
surface treatments that add to the expense of the railroad companies. In Sweden, around
298,080 EUR were spent in 2014 to inspect two lines with a track length of ca. 300 km,
of which more than 75% was utilized to inspect track components that exhibit magnetic
characteristics (rail fastening, weld joints, insulation joints, etc.) [29]. With the extension
of high-speed railway networks, the maintenance managers are striving to reduce these
operation and maintenance costs through effective condition-based maintenance (CBM),
while augmenting the quality and capacity of the rail services.

Non-destructive testing (NDT) plays a significant part in the condition-based mainte-
nance of railway infrastructure. Eddy current (EC) testing is one of several NDT methods
that work on the principle of electromagnetism, which is used for examining metallic com-
ponents. In earlier research, the authors proposed a train-based differential eddy current
sensor [6,29] for fastener inspection that can overcome the major challenges associated with
the visual inspection. EC sensors work on the principle of electromagnetism and are not
affected by the presence of nonconductive materials in the sensor-to-target gap. EC sensors
can be used in dirty environments, such as water, oil, etc., where other inspection system
fails. The proposed inspection technique using differential eddy current sensors was able to
detect fastener signature when mounted on a trolley system at a distance of 65 mm above
the railhead. The results presented in the previous literature were based on controlled
measurements carried out on multiple short track sections, where the likelihood of distur-
bances was minimal. The missing clamp detection model in the previous study made use
of supervised machine learning models with data points that had predefined labels to train
the model and optimize their label recognition capacity in a given data set. The present
study reports a case study where the measurement system was mounted on an in-service
freight train and where the fastener condition and other likelihood of disturbances were
unknown. This case study aims to implement unsupervised anomaly detection to the
measurements obtained from a train-based differential eddy current sensor for monitoring
railway fastening systems. The purpose of this study was to facilitate the development of a
train-based automated measurement system for inspecting railway fastening systems and
detect and analyze anomalies from the fastener inspection measurement.

The remainder of this paper is structured as follows. Section 2 elaborates the research
methodology followed for this case study. The results and analysis from the study are
explained in Section 3 and the conclusions and future work are discussed in Section 4.
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2. Methodology

The proposed unsupervised fastener detection models are based on applying algo-
rithms capable of recognizing patterns and relationships in the data, without any prior
knowledge. The devised detection model will make use of two unsupervised machine
learning models. The first model is implemented for detecting anomalous behavior from
the given data points to separate the healthy class from the anomalous class. The next
model will make use of a clustering technique on the data points to segregate them into
different groups to extract meaningful information regarding the anomalous points.

2.1. Data Collection
2.1.1. Differential Eddy Current Sensor—Lindometer

For decades, the eddy current method has been well known for the non-destructive
testing of electrically conductive objects [30]. EC testing is based on the phenomenon of
electromagnetic induction, where an alternating current passing through a conducting
coil creates an oscillating magnetic field. Every coil is characterized by an impedance (Zi),
which is a complex-valued generalization of resistance, for a single frequency sinusoidal
excitation f. The impedance of the coil (refer Equation (1)) [31] can be expressed as:

Zi =
Vi
Ii

= Ri + jXi (where Xi = 2π f Li) (1)

where Vi and Ii are the voltage and current across the coil and Ri is the resistance and Xi is
inductive reactance of the coil with an inductance of Li. Impedance Zi has a magnitude
|Z| and phase ϕ [31] (refer Equations (2) and (3)).

|Z| =
√

Ri
2 + Xi

2 (2)

ϕ = tan−1
(

Xi
Ri

)
(3)

EC inspections are based on Faraday’s law of electromagnetic induction which states
that a circular current is induced in an electric conductor due to an alternating magnetic
induction flux. In turn, the induced circular current, known as the eddy current, creates
a secondary magnetic field that tends to weaken the effect of the primary magnetic field.
As the EC intensity increases in the test piece, the imaginary part of the coil impedance
decreases. The real part of the coil impedance also reduces as the EC contributes to the in-
crease in power dissipation of energy. The new coil impedance (Z f ) (refer Equation (4)) [31]
can be expressed as:

Z f =
Vf

I f
= R f + jX f (4)

EC inspection generally measures this change in coil impedance from Zi to Z f in the
form of either current or voltage signals to extract information of the test piece. EC density
is greatest on the surface and is not uniformly distributed throughout the entire volume of
the test piece. The current flow decreases exponentially as the distance from the surface of
the test piece increases. The skin depth (refer Equation (5)) [31] (δ) is the distance from the
surface at which the eddy current density decreases to a level of ‘1/e’ of its surface value
and is expressed as:

δ =

√
2

µωσ
(5)

where σ is the conductivity given by the reciprocal of resistivity (ρ) σ = 1/ρ, µ is the
magnetic permeability,ω is the angular frequency of the current given by ω = 2πf.

In principle, eddy current sensors are sensitive to local fluctuations of the magnetic
permeability (µ), conductivity (σ), and the geometric form of the material, and hence can
be used to detect inhomogeneities along the rail track [30]. For train-based applications,
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differential EC sensors are preferred. The differential EC sensor used for this case study
was developed by Alstom Transport (Stockholm, Sweden) and was named as ‘Lindometer’.
Figure 1 depicts the proposed sensor consisting of one driver coil ‘D’ and two pick-up
coils ‘P1′ and ‘P2′. The driving coil ‘D’ is driven by a sinusoidal primary current i(t) that
generates an alternating primary magnetic field. Eddy currents are thus induced within
the rail and other electrically conductive components located in the proximity of the sensor.
As a result of these ECs, a secondary magnetic field is generated, which has an opposite
direction to that of the primary field, complying with Lenz’s law.

𝛿  
2

µ𝜔𝜎
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Figure 1. Arrangement of the differential eddy current sensor (Lindometer) measuring over a
railhead.

The information along the rail is represented as variations in amplitude or phase or a
combination of both, which are extracted and analyzed using demodulation techniques.
The size of the driving coil is approximately 18 (z), 70 (x), and 155 (y) mm. The two pick-up
coils are encased by the driving coil which acts as an outer winding. The winding is applied
in one layer with 22 turns using a copper wire of 0.7 mm diameter. The pick-up coils have
a size of 18 (z), 30 (x), and 150 (y) mm, with each coil having a winding applied in one layer
with 94 turn with a copper wire of diameter of 0.16 mm. The two pick-up coils are placed
side by side along the x-direction with a gap of 4 mm.

The two pick-up coils are enclosed by the driving coil and differentially coupled as
depicted in the circuit diagram given in Figure 2. The differentially coupled pick-up coils
cancel out the cross talk between the pickup and driver coil, though not completely. The
resulting voltage u(t) is the result of the induction of the ECs along the rail and the cross
talk residue that are linearly superimposed. The quality of the cross talk cancellation is
determined by the geometrical symmetry between the three coils, and hence the windings
are placed in an even layer with no crossovers. EC is generated in the rail and vicinity along
the x-y plane by the driving coil and the pick-up coils are sensitive only to the z-component
of the generated flux due to the geometrical orientation, as depicted in Figure 1. The
differentially coupled pick-up coils (P1–P2) are sensitive only to the changes in the EC
along the rail and its vicinity. If there is an even surface (as an ideal rail with no other
electrical components or defects) with no change in the geometric form of the material, or
conductivity (σ) or magnetic permeability (µ), the resulting voltage will be zero due to the
induction of similar ECs all across the place. When there is a change in the geometry or
conductivity of magnetic permeability at one single point along the rail and its vicinity,
a change in EC takes place. Only the singular point with the EC change will create a
signal, due to the symmetry of the differentially coupled pick up coils, given by (refer
Equation (6)).

u(t) = P1v(t)− P2v(t) (6)
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Figure 2. Circuit diagram of the differential EC sensor.

The Lindometer encloses two such independent differential EC sensors placed at a
distance of 20 cm apart. The Lindometer uses two driving fields at frequencies of 18 and
27 kHz, respectively. Two channels were installed within the Lindometer to facilitate future
speed measurements using cross-correlation techniques. The above-mentioned frequencies
fall under the rail norms and can be used for inspecting track and its components. For this
case study, only one channel with the driving field of frequency 27 kHz was used for the
measurement along the track. To stabilize the sensor, both against temperature drift and
vibration, the entire unit is vacuum potted with epoxy resin.

2.1.2. Case Study: Train Measurement along the Iron Ore Line, Sweden

The Iron Ore Line (IOL) is the first longer railway in Sweden which was electrified in
1915. It is a 398 km line that runs between Riksgränsen and Boden, Sweden. The track is
designed for single-track use and has a track gauge of 1435 mm. On an average annually,
29 million tons (MGT) of iron ore is transported to the ports of Narvik and Luleå via this
line. The maximum allowed speed for an unloaded freight train is 70 km/h and when
loaded the allowable speed limit is 60 km/h. For passenger trains, the speed can vary from
120 to 135 km/h. Figure 3 depicts the geographical location of the Iron line.
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For the present study, the Lindometer was mounted on an unloaded freight train (refer
to Figure 4) and measurements were carried out from Kiruna (depicted in Figure 3 as a red
marker with a black arrow indicating the direction of measurement). The speed of the train
was 70 km/h, and the measurement was carried out for a length of approximately 2.5 km.
The measurement was recorded using a standard laptop (Dell Ultrabook). The track section
considered for this case study had a concrete sleeper with Pandrol fast clip fasteners. The
measured track section included one Switch & Crossing (S&C) and one bridge as well as
other standard track parts such as insulation joints and welds, etc.
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Figure 4. Lindometer mounted on a freight train.

The measured track in this study is depicted in Figure 5. A total of 3718 sleepers were
recorded where the ground truth was inspected for the final 187 sleepers of the section.
The ground truth included the position of insulation joints, welds, and missing clamps,
etc. In this part, clamps were also manually removed to induce a predefined pattern of
fastener anomalies. The section included 172 sleepers with no missing clamps (called
healthy fastening system), 6 instances with one missing clamp, and 2 instances where both
clamps were missing. The ground truth section also included 4 instances of weld joints and
3 instances of insulation joints.
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2.2. Signal Processing and Feature Extraction

Several signal processing methods were implemented before sufficient information
could be extracted from the raw signal, corresponding to the individual fastening system.
The EC signal had to be demodulated, resampled, filtered, and rotated to extract relevant
features pertaining to the fastening system [29]. The signal processing techniques employed
in this study is depicted in Figure 6 and a detailed explanation of the same can be found in
the previous study [6,29].
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Figure 6. Signal processing techniques for extracting fastener signatures from the raw signal.

The coil impedance experiences a change when they come in the vicinity of fasteners.
The return field from the rail surface modulates the tone from the oscillator. A quadrature
amplitude demodulator was used to extract the signal caused by the impedance variation
and the raw sensor signal was multiplied by its carrier frequency (27 kHz) and low pass
filtered (2 kHz) to extract the baseband. The output from the demodulator is X-axis and
Y-axis signals which represent the real and imaginary parts of the impedance, respectively.
The signal was then resampled from 215.52 to 35.92 kHz.

After demodulating and resampling the sensor signal, a bandpass filter of lower
bound and upper bound of 29 and 34 Hz, respectively, was applied, as the periodicity of the
fastener was found to be in this range. The filtering was carried out to retrieve maximum
information pertaining to the fastener system and attenuate other frequency components
corresponding to noise and other ferromagnetic components.

After demodulation, resampling, and bandpass filtering, the fastener signatures in
the signal were found to be shifted from the in-phase direction. The complex EC signal
was rotated such that the fastener signatures were projected along the in-phase direction to
extract maximum information pertaining to the fastener and have better visualization. The
EC signal was rotated by degree θ or Φ radian, such that the peak amplitude of the fastener
signatures was maximized. The signal was rotated by an optimal angle (found from the
method employed in a previous study [29]) of 255◦ to align the fastener signature along the
in-phase direction.

The bandpass filter and the rotation of the EC signals suppress, to an extent, the
disturbances arising due to the presence of conductive and magnetic material in the sensor-
to-target gap. The bandpass filter was set to extract the fastener signatures and attenuate
other frequency components outside that range, which could alter the energy content
associated with the fastener signatures. The frequency band for the bandpass filter is de-
pendent on the speed of the train and must be adjusted accordingly. Different components
within the railway system have different geometrical shapes, different values of electrical
conductivity, and magnetic permeability. Hence, they will occur at a different angle from
one another from the in-phase direction compared to the fasteners. Since the study aims to
detect fastener signature, the rotation angle was set to align the fastener signatures along
the in-phase direction, thus suppressing, to an extent, information from other disturbances.

Three features are extracted for the individual fasteners, namely arc length of the
complex signal, peak-to-peak, and RMS. The peak-to-peak and RMS feature is obtained
from the real part of the EC signal, whereas the arc length feature comprises information
from both the real and the imaginary part of the EC signal. A total of 3718 fastener
signatures are recorded from the training measurement and thus the feature matrix will
have a size of 3718 × 3.
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2.3. Anomaly Detection

Anomaly detection refers to the problem of identifying data points, events, and/or
observations that deviate from the expected behavior [32]. These non-conforming points
or events or observations are referred to as anomalies or outliers. The general goal of an
anomaly detection approach is to define a region representing the normal behavior and
identify other observations in the data set which do not belong to this normal region as
an anomaly. One of the main challenges for this approach is the availability of labeled
data for the training/validation of models. Based on the availability of the label, anomaly
detection is classified into three categories: supervised, semi-supervised, and unsupervised
anomaly detection. Models using the supervised anomaly detection technique assume
the availability of training data points with labels for both normal and anomalous classes.
The major challenge for this method is to obtain labeled data that are accurate and well
representative of all types of behavior. Labeling is usually performed manually by human
experts and thus requires substantial effort and is cost intensive. Semi-supervised tech-
niques assume that the labels are available only for the normal class during training. The
typical approach employed in semi-supervised anomaly detection is to build models for the
class corresponding to normal behavior and use the model to identify anomalies during the
test stage. Unsupervised anomaly detection techniques, on the other hand, do not require
training data and work on the assumption that normal instances are more frequent than
the anomalies in the data set. Unsupervised learning does not require human expertise to
label the entire length of the data set and are hence more cost-effective.

Two forms of unsupervised machine learning techniques are implemented to analyze
the fastener measurements. The first model was implemented to identify and segregate
the anomalous data points from the healthy or normal ones. The normal behavior in a
railway fastening system is when the fastening system has both the rail clamps intact. To
segregate the data points to normal and anomalous points, a combination of isolation forest
(IF) and connectivity-based outlier factor (COF) were used (briefly discussed below). The
two methods were combined to detect both global and local anomalies. The ground truth
points were used to evaluate the anomaly detection model based on accuracy, sensitivity,
and specificity.

The second method in the anomaly detection model aims to group the anomalous
points into meaningful clusters. The clustering was carried out using the DBSCAN algo-
rithm (briefly discussed below). To overcome the problem of identifying what each cluster
represents, the authors used a smaller set of data from the measurement where the labels
for the data points were known. The smaller set of data was used to identify some or all of
the found clusters in order to know what the clusters represented.

2.3.1. Isolation Forest (IF)

The isolation forest is an ensemble-based unsupervised anomaly detection method
that is an extension of decision trees. It works on the basis of isolation where iterative
partitioning of the input space is carried out to separate a new observation from the rest of
the data. The isolation step creates a tree where an observation is present at each leaf and
each internal node is associated with a split on one variable. The isolation step is repeated t
times creating different trees. An anomaly score is then generated for each data point by
traversing through each tree in the forest. A comprehensive description of the isolation
forest is given by F.T. Liu et al. [33].

2.3.2. Connectivity-Based Outlier Factor (COF)

The connectivity-based outlier factor is an improved version of the local outlier factor
(LOF) [34] where a degree of outlier is assigned to each data point. This degree of outlier is
called the connectivity-based outlier factor. The main difference between LOF and COF
is the computation of neighborhood k. LOF computes the neighborhood using Euclidean
distance, whereas COF uses the short path method called the chain distance to calculate
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the nearest neighbors. Once the neighborhood is computed, an anomaly score is generated
for each data point. A comprehensive description of COF is given by Tang et al. [35].

Isolation forests are sensitive to global anomalies and may often find it difficult to
detect local anomaly points. COF is sensitive to local anomalies and may have difficulties
in detecting global anomalies. An effective anomaly detection algorithm should be able to
detect both global and local anomalies. In most cases, if the chosen algorithm is effective in
finding global anomalies, then they fail to determine local anomalies and vice versa [36].
To overcome the problems associated with this problem, an integrated approach using
both isolation forest and connectivity-based outlier factor is used in this study. A point
is considered as an anomaly only when the point is detected as an anomaly by both
algorithms.

As per the guidelines laid down by the Swedish transport administration (Trafikver-
ket), no more than 4 clamps can be missing within a distance of 20 sleepers (20 sleep-
ers × 4 clamps/sleeper = 80 clamps). This accounts for 5% of tolerance in missing clamps
over 20 sleepers. This information is used to set the threshold value for the anomaly scoring
for both the above algorithms.

2.3.3. DBSCAN

Density-based spatial clustering of application with noise (DBSCAN) is an unsuper-
vised density-based clustering algorithm. DBSCAN works well with arbitrary shaped and
sized clusters and does not require to pre-specify the number of required clusters. DBSCAN
requires two main parameters, epsilon (ε) and the minimum number of points, to form
clusters of the dense region. Epsilon represents the maximum radius of the neighborhood
and minimum points specify the minimum number of data points within the radius of the
neighborhood. The closely packed points group together and form a cluster and the points
that are in low-density regions are marked as noise. A comprehensive description of the
DBSCAN algorithm is given by Ester et al. [37].

3. Results and Discussion

The results for this case study were processed in three steps. First, the signal processing
and feature extraction techniques were carried out on the raw signal obtained from the
training measurement. Second, the extracted features were used as an input to detect
anomalies from the measurement sequence. Third, clustering was carried out to identify
different groups within the measurement points. A set of data points (ground truth) whose
labels were known was used to identify what each cluster represented. The ground truth
was also used to evaluate the anomaly detection method.

3.1. Signal Processing and Feature Extraction

Figure 7 depicts the time signal plot after demodulation, resampling, filtering, and
rotating the raw signal, obtained from the measurement carried out on the track section
having 3718 sleepers. A small window of the time signal is expanded in Figure 7 to depict
fastener signatures. The IQ plot (depicted in Figure 8) shows that the majority of the
fastener signatures (representing healthy behavior) are aligned in parallel with respect
to the in-phase direction. Several signatures are found to be shifted at various angles
with respect to the in-phase direction or the real axis. This is due to the presence of other
magnetic components, such as the weld joints, insulation joints, etc., that have different
magnetic permeability, conductivity, or geometric form. The presence of such components
near a fastening system can affect the induced voltage in the eddy current sensor, thus
causing a deviation in the corresponding signature, and are considered as an anomalous
behavior for this study.



Sustainability 2022, 14, 1035 11 of 20Sustainability 2022, 14, x FOR PEER REVIEW  12  of 
 

 

Figure 7. Time signal after demodulation, filtering, and rotating the raw signal. 

 

Figure 8. IQ plot after demodulating the signal. 

The zero‐crossing in the signal (refer to Figure 7) from the positive to the negative

induction represents the center positioning of the fastening system. The zero‐crossing was

used as a way to segregate individual fastening systems and features were extracted for

the same. The standardized feature values of individual fastener signatures for the 3718

measured sleepers depicted in Figure 9. The feature matrix used in this study for

Figure 7. Time signal after demodulation, filtering, and rotating the raw signal.

Sustainability 2022, 14, x FOR PEER REVIEW  12  of  22 
 

 

Figure 7. Time signal after demodulation, filtering, and rotating the raw signal. 

 

Figure 8. IQ plot after demodulating the signal. 

The zero‐crossing in the signal (refer to Figure 7) from the positive to the negative 

induction represents the center positioning of the fastening system. The zero‐crossing was 

used as a way to segregate individual fastening systems and features were extracted for 

the same. The standardized feature values of individual fastener signatures for the 3718 

measured sleepers are depicted in Figure 9. The feature matrix used in this case study for 

the anomaly detection purpose will make use of these three features and will have a di‐

mension of 3718 × 3 (3718 samples and 3 features). 

Figure 8. IQ plot after demodulating the signal.

The zero-crossing in the signal (refer to Figure 7) from the positive to the negative
induction represents the center positioning of the fastening system. The zero-crossing
was used as a way to segregate individual fastening systems and features were extracted
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for the same. The standardized feature values of individual fastener signatures for the
3718 measured sleepers are depicted in Figure 9. The feature matrix used in this case study
for the anomaly detection purpose will make use of these three features and will have a
dimension of 3718 × 3 (3718 samples and 3 features).
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(a) peak-to-peak, (b) RMS, (c) arc length of the complex signal.

3.2. Anomaly Detection

The feature matrix obtained from above was used as an input to both anomaly de-
tection algorithms. For isolation forest (IF), the number of trees was set as 1000 and a
subsampling size of 128 was used. The contamination parameter for IF was not specified
as this study makes use of unsupervised anomaly detection and no information regard-
ing the percentage of outlier points was known for the entire data set. Figure 10 depicts
the anomaly scores obtained for the measurement points (3718 samples) for both algo-
rithms. The threshold value for both algorithms was calculated using the 95% quantile
of the distribution of anomaly scores. A measurement point with a score lower than the
threshold value was considered as normal or healthy behavior. A measurement point
with an anomaly score greater than the threshold value was considered as an anomaly.
The red marker in Figure 10 corresponds to the identified anomaly and the green marker
represented measurement points that were normal or healthy. Out of 3718 instances, IF
detected 186 anomalies and COF detected 136 anomalies.
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Figure 10. Anomaly scores for all measurement points: (a) isolation forest scores, (b) connectivity-
based outlier factor.

The scatter plot of both the algorithms is depicted in Figure 11. The scatter plot (2-D)
aids in understanding the location of anomalies with respect to the healthy or normal
cluster. For both of the algorithms, most of the anomaly points detected were wide from
the cluster of normal points. IF detected around 76 anomalous points that were close to the
border of the normal clusters. COF, on the other hand, had around 25 points detected as
anomalies that were within or very close to the normal class.
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and anomalous points detected are marked with red markers.

Figure 12 depicts the scatter plot when both IF and COF algorithms were combined.
When both the algorithms were combined, a total of 121 measurement points were detected
as anomalies. Out of the 121 anomalous points, only 10 points were close to or within the
normal cluster, thus indicating that combining the two algorithms was much more efficient
in separating the anomalous points from the normal cluster.
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Figure 12. Scatter plot depicting normal and anomalous points with respect to two features for IF
and COF combined.

The ground truth points were utilized for evaluating the performance of the anomaly
detection algorithms. The ground truth had 187 measurement points whose labels were
available. A total of 172 of the 187 points were healthy or exhibited normal behavior and
15 instances were anomalous in the ground truth points. The anomalous instances included
the presence of missing clamps (both one and two missing clamps within a fastening
system), presence of weld joint, and presence of insulation joint as depicted in Figure 5.
Figure 13 depicts the confusion matrix for the three methods obtained for the ground
truth points. Both IF and COF were able to detect all the anomalous points precisely. The
false negative (where the actual label is positive but incorrectly predicted as negative)
was significantly high for IF and COF. When the two algorithms were combined, the false
negative dropped significantly.
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Figure 13. Confusion matrix for the ground truth points: (a) isolation forest, (b) connectivity-based
outlier factor, (c) IF and COF combined.
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Table 1 depicts the evaluation parameters calculated from the confusion matrix. Accu-
racy, sensitivity, and specificity are used to evaluate the performance of the three methods.
Sensitivity, in this study, indicates the proportion of normal instances that were predicted
correctly. Specificity, on the other hand, is the proportion of anomalous cases that were
predicted correctly. The specificity of all three methods was found to be 100% as it was able
to predict all anomalous points precisely. The accuracy and sensitivity were high when IF
and COF algorithms were combined for the detection purpose, rather than when they were
used individually.

Table 1. Performance of the algorithms on the ground truth points (all scores are in percentile).

Algorithm Accuracy Sensitivity Specificity

IF 88.77 87.79 100
COF 90.90 90.11 100

IF and COF 96.79 96.51 100

3.3. Clsutering Using DBSCAN Algorithm

The two main parameters required for the DBSCAN clustering algorithm, to form
clusters of the dense region, are epsilon (ε) and the minimum number of points. The basic
criterion for choosing minimum number points is to use a value greater than or equal to
the dimension of the data set. The minimum number of points chosen for this study was
four (the lowest value that is accepted for a data set of dimension three). The choice was
based on the fact that a given section will not usually have many fastening systems with
both the clamps missing. The epsilon value is computed from the input data using a ‘k’
nearest neighbor (k-NN) search with the given minimum points (refer Figure 14). ‘k’ is the
number of neighbors of a point, which is one less than the minimum number of points in
the neighborhood. The epsilon value obtained was 0.106.
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The clusters obtained using the DBSCAN algorithm are depicted in Figure 15a. For
epsilon values of 0.106 and 4 minimum points, the proposed algorithm detected 4 clusters
of dense regions with distinct boundaries, and other points were recorded as noise. The
major dilemma with an unsupervised clustering method is in making knowledgeable
interpretations regarding the clusters obtained. From the previous results obtained during
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anomaly detection and system knowledge, the cluster with the maximum number of
points can be inferred as a healthy class. However, the remaining clusters representing the
anomalous point were difficult to interpret.
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Silhouette score was utilized to estimate the quality of the clusters formed by the
DBSCAN algorithm. Silhouette score determines how well each sample lies within its
respected cluster. Normally, the value of the silhouette coefficient is given between [−1, 1].
A score of one represents that the clusters are very dense and nicely separated. A score
of zero depicts that the clusters are overlapping. A score of less than zero means that
data belonging to a cluster may be wrong/incorrect. The proposed clustering model had
an average Silhouette score of 0.8993, representing a good quality of clustering by the
algorithm on the entire data set. Of the samples, 98.78% had an individual score above
zero, representing that the samples were well belonging to their respected clusters. Only
45 samples (1.21%) had a score below zero. All the 45 samples that exhibited a score below
zero were found to be marked as noise by the algorithm.

The ground truth points were utilized to understand and interpret what each cluster
represented. The ground truth measurement points contained 2 instances of a fastening
system with both clamps missing, 6 instances of a fastening system with one clamp missing,
5 instances of weld joints, 3 instances with the presence of insulation joint (refer Figure 5),
and the remaining 172 points represented healthy fastening systems with both clamps
intact. The position of the ground truth points was plotted along with the scatter plot
of the clusters formed and the same is depicted in Figure 15b. All the healthy points
from the ground truth (marked with green circles in Figure 15b) were found along the
region of cluster 1, which had the maximum number of observations within the cluster
(3605 samples). The position of all fastening systems with one clamp missing from the
ground truth measurement (marked with blue triangles in Figure 15b) was found to be
within cluster 2. Similarly, the position of all fastening systems with both clamps missing
(marked with diamonds in magenta) and all weld joints (marked with black squares) was
found within cluster 4 and cluster 3, respectively. However, the position of the insulation
joint (marked in red squares) did not fall into any clusters and was aligned along with
the noise.

Figure 16 depicts the final model obtained by combining the clusters obtained using
DBSCAN with the information obtained from ground truth points. The DBSCAN was
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able to detect and cluster healthy fastening systems, fastening systems with one clamp
missing, fastening systems with both clamps missing, and weld joints separately. Out of the
total 3718 samples, the healthy cluster contained 3605 samples and 31 samples belonged
to weld joints. A total of 14 fastening systems had one clamp missing and 4 fastening
systems had both clamps missing. A total of 64 samples were marked as noise by the
algorithm and the insulation joint from the ground truth points were found along with the
noise. The noise in this study includes various other rail components that have different
magnetic permeability or electrical conductivity or have different geometrical shapes (such
as switches and crossings, insulation joints, bridges, etc.), which will be analyzed further in
future studies by incorporating features specific for such components.
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4. Conclusions and Future Work

In previous studies [6,29], the authors proposed an alternate approach using a train-
based differential eddy current sensor for fastener inspection that can overcome major
challenges associated with automated visual inspection systems. This paper presents an
automated train-based measurement system with the aid of unsupervised machine learning
approaches to facilitate reliable and effective monitoring of railway fasteners by reducing
human biases and error for detection of the state of railway fastening systems. The data
set used for this study was obtained from an actual train measurement along a heavy haul
line in the north of Sweden, where the measurement system was installed on a freight
train and where the fastener condition and other likelihood of disturbances were unknown.
Unsupervised machine learning models were adopted in this study for detecting and
analyzing the underlying patterns and relationships in the data collected.

An anomaly detection model combining isolation forest and connectivity-based outlier
factor was proposed to detect anomalies from the data set and to segregate them from
the normal or healthy class. The performance of the proposed detection algorithm was
evaluated on the ground truth data points, whose label pertaining to their specific condi-
tion was known. The proposed method had higher accuracy, sensitivity, and produced
significantly fewer false negatives than when IF and COF were utilized individually. The
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proposed combined IF and COF method was also able to detect all the anomalous points
precisely. To segregate the anomalies, a clustering method using the DBSCAN algorithm
was also implemented on the data set. DBSCAN yielded four clusters including the healthy
or normal cluster. The normal cluster was identified by combining system knowledge
and the results or information received from the previous anomaly detection model. To
interpret the remaining clusters, the ground truth points were utilized, and the results
show that the model was able to segregate a healthy fastening system from other anomalies.
Furthermore, the model was able to efficiently detect missing clamps (both one and two
missing clamps within a fastening system) and weld joints and segregate them with distinct
boundaries. Around 1.72% (64 samples) of the total samples were marked as noise during
the clustering method. The noise in the measurement can correspond to various other track
components (such as insulation joints, switches, and crossings, etc.) that exhibit different
magnetic properties compared to those of fasteners. Future research will make use of
features relevant to such components and, by considering the angle of rotation pertaining
to such components, further segregate these noises into meaningful clusters.

The current study incorporates only one type of fastener, namely the Pandrol fast-
clip. Future studies will also focus on detecting different types of fasteners that can be
categorized by the rotation angle, as different fasteners have different geometrical shapes.
Future research will also include high-speed measurements, detection of other magnetic
track components, detection and quantification of rail defects, and development of efficient
condition monitoring techniques with the use of artificial intelligence to detect and predict
degradation and faults from big data. The features utilized for this study are subjected to
change when the distance between the sensor and the target object varies (i.e., liftoff effect).
Liftoff for this application can occur due to wheel wear of the train. However, this is a slow
occurring process that can be handled by continuous automatic calibration of the system
where the clusters formed by the healthy signatures are used as a reference. This study will
be carried out in future work.
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