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Abstract 

 

ABSTRACT  

Machines such as point machines and contactors are called Single Throw Mechanical 

Equipment (STME), and the failure of these machines affects the operation of trains 

significantly and may cause accidents, resulting in many human casualties and significant 

economic damage. 

Although condition monitoring methods for these machines have been studied, 

conventional methods using voltage sensors, load sensors, and displacement sensors need to be 

attached directly to the high-voltage circuit or mechanical portion of the equipment which can 

be dangerous to attach and maintain, and when a sensor fails, it can adversely affect the 

functioning of the equipment. In addition, the environment where railway equipment is installed 

is harsh and there is a high possibility of sensor failure due to exposure to iron powder, dust, 

oil, and vibration generated from the tracks, wheels, ballast and passing trains. Air-borne 

acoustic monitoring is attracting attention because these data can be measured in a non-contact 

way from a certain distance, which means there is less risk of the sensor having a negative 

impact on the equipment or of the sensor breaking due to vibration or natural environmental 

factors, reducing the risk of the workers involved in data acquisition and sensor maintenance. 

Furthermore, it may enable low-cost maintenance by monitoring several pieces of equipment 

from a single sensor as sound is spread around. 

Condition monitoring method using acoustic data has attracted attention and a lot of 

research has been done but most research targets are rotating machinery such as axles and 
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bearings. Few studies have applied it to STME, and even in a few cases, it focuses on failures 

that can be detected by existing fault detection methods.  

This thesis proposes a condition monitoring method using acoustic data for STME, and 

faults to be studied are difficult to detect and diagnose by existing methods. In order to verify 

the effective diagnostic technique for STME, normal and simulated fault data are acquired from 

two types of STME, a point machine and a contactor, in this study. A fault diagnosis system is 

developed using features and classification techniques that are expected to be useful from 

previous studies. Using the developed method to diagnose the data of each STME, it was found 

that using the Mel Frequency Cepstral Coefficient (MFCC) as a feature is the most accurate for 

both STME. As for classifiers, both Support Vector Machine (SVM) and K-Nearest Neighbour 

(KNN) could diagnose faults with sufficiently high accuracy for both STMEs, but the accuracy 

using KNN was slightly higher than that using SVM. 

The noise tolerance of the proposed method was also evaluated by adding noise 

artificially. In addition, multiple microphones are used to investigate which location is best for 

data acquisition. Finally, the transferability of the model, in which the model-trained data from 

one machine can be used for other machines, is verified using MFCC as a feature. The 

verification revealed that the combination of MFCC and SVM could improve the transferability 

performance of the model for several faults.  

The verification of this study revealed that fault diagnosis is possible from the acoustic 

data of the STME by using the proposed method, and since this method is tolerant of noise and 

its performance of transferability is high, field deployment would be anticipated to be successful.
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 INTRODUCTION 
 

1.1 Background 

When equipment used in railways and substations malfunctions, it causes accidents, 

resulting in many human casualties and significant economic damage. Therefore, many of the 

facilities are designed redundantly and carefully maintained to ensure safety. However, despite 

all the costs and efforts, accidents due to equipment failure do occur. Due to a point machine 

failure, a derailment happened at Potters Bar and Grayrigg in the UK [1-3]. In 2018, a total of 

54 bullet trains were delayed due to the failure of the point machine in Maibara, Japan, affecting 

about 47,000 people [4]. Also in Japan, in 2021, the moving blade of a contactor in the electrical 

supply system did not open completely due to age-related deterioration, which caused a power 

failure for nearly two hours. In addition, at least three other outages have occurred in Japan 

since 2020 due to malfunctions caused by age-related deterioration of circuit breakers and 

contactors, resulting in a total outage time of more than four hours [5]. In 2012, a fire broke out 

in a substation in the USA due to a ground fault caused by degraded contacts in a circuit breaker, 

resulting in an outage affecting over 5800 customers [6]. 

A single failure of critical Infrastructure components might have a serious effect, and 

due to the high impact of accidents, time-based maintenance (TBM), checking all equipment 

every maintenance cycle, is used for many kinds of them. The cycles are determined by the 

anticipated time of the worst condition breaking and these cycles are applied to all equipment. 

Therefore, even though most equipment can be sufficiently maintained with longer cycles, 

unnecessary and frequent maintenance must be performed on all equipment, which is expensive 

and time-consuming. In addition, maintenance staff usually collect data from equipment only 
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during inspections and maintenance, thus they may miss initial faults and the progression of 

faults as continuous data are not acquired. 

To improve this situation, many infrastructure companies are applying condition-based 

maintenance (CBM) which monitors conditions and performs maintenance only on necessary 

equipment. In CBM, equipment parameters such as current, vibration, and temperature are 

monitored by condition monitoring systems. This technology enables the monitoring of the 

equipment’s condition by using sensors, and it allows the maintenance to be performed only on 

the equipment that needs it. Some systems use a threshold method, which monitors parameters 

continuously and creates an alarm whenever the monitored parameters exceed a predetermined 

value. Therefore, it enables the detection of initial faults and the progression of faults in 

equipment. The use of many condition monitoring technologies has been tried in industry, but 

some equipment is installed in special conditions and environments, which need to be 

considered. First, since malfunctions of railway equipment and substation equipment often have 

a significant impact, sensors should be installed in such a way that they do not affect the 

functioning of the equipment. Second, sensors need to be protected, as frequent breakdowns of 

the sensors require time-consuming and expensive maintenance. Third, since some railway 

equipment is installed inside the tracks, and some use high voltage, maintenance staff, who 

need to approach these facilities when performing the maintenance, are at a risk of accidents 

such as collisions with trains and electric shocks. Therefore, a method of collecting data from 

a certain distance away is desirable. 

Voltage sensors, load sensors, displacement sensors, etc., need to be attached directly 

to the high-voltage circuit or mechanical portion of the equipment, and when a sensor fails, it 

can adversely affect the functioning of the equipment and cause significant damage. According 



Chapter 1 Introduction 

3 

to a report by Chubu and Kinki, of the Industrial Safety and Inspection Department of Japan, 

69 electrical incidents have occurred due to the failure of measurement sensors in the central 

region of Japan since 1986 [7]. Since 2020, at least 13 power outages have occurred in Japan 

due to voltage sensor accidents, with a total of more than 16 hours of outage time. An electric 

shock also occurred when a worker touched the high-voltage part of a voltage sensor [5]. 

Acoustic Emission (AE) and vibration sensors are usually attached to target equipment 

with adhesives, but it is reported that they come off due to vibration and natural environmental 

factors such as rain and heat [8]. When installed outdoors or near industrial machinery, they are 

exposed to harsh environments such as ultraviolet rays, rapid temperature changes, rain, and 

oil. This may cause the sensor to come off or the sensor itself to break down. 

Vibration sensors, AE sensors, etc., need to be mounted directly on or very close to the 

equipment. Current sensors do not need to be installed near the target and are sometimes 

installed in a control room or a lineside cabinet located a short distance away from the target. 

However, if the target is installed outdoors, the cables may leak current, and the current used 

by the target may not be accurately monitored. In addition, if other cables are installed in 

parallel with the cable between the sensor and the target, electromagnetic noise from the other 

cables may have an effect, therefore, it is desirable to install the sensors as close to the target as 

possible to obtain accurate current data. Some railway equipment is installed inside the tracks, 

and some use high voltage; therefore, installing sensors or acquiring data from equipment can 

cause collisions with trains or electric shocks. JR East reported that 10 people have been lost in 

collisions and seven due to electric shocks since 1996 [9, 10]. 

Air-borne acoustic monitoring is attracting attention because these data can be 

measured in a non-contact way from a certain distance, which means there is less risk of the 
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sensor having a negative impact on the equipment or of the sensor breaking due to vibration or 

natural environmental factors, reducing the risk of the workers involved in data acquisition. 

Furthermore, it may enable low-cost maintenance by monitoring several pieces of equipment 

from a single sensor as sound is spread around. 

A survey using Scopus shows that the number of papers related to acoustic monitoring 

in the engineering field started to increase from around 2000. A similar upward trend can be 

seen in research on condition monitoring using current and vibration, which can be attributed 

to the fact that signal processing from a large number of sensors, which was difficult in the past, 

has become possible due to improvements in the performance of computing devices. The 

number of papers has further increased since the late 2010s. Since then, there has also been 

increased research on diagnosing diseases by attaching sensors to the human body. This may 

be due to the development of inexpensive and compact sensors, which has stimulated more 

research. 

Sensor improvement or new technology could make it easier to get acoustic data from 

equipment. Brambilla et al. carried out a project to obtain acoustic data of trains and facilities 

along a track from existing optical fibres by using Fibre Optic Acoustic Sensing (FOAS) 

technology [11]. FOAS can be used to monitor acoustic data from optical fibres, around 20,000 

km of which already exist running alongside Britain’s railways. The implementation of FOAS 

is expected to provide valuable data to enhance remote condition monitoring of assets, improve 

train performance, and reduce disruption cost-effectively. Network Rail has announced a 

contract to develop and trial FOAS [12]. If the data obtained by FOAS are accurate, condition 

monitoring using acoustic data is expected to become more active. 
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As described above, condition monitoring using acoustic data has attracted attention 

and a lot of research has been done but most research targets are rotating machinery such as 

axles and bearings. Few studies have applied it to Single Throw Mechanical Equipment (STME) 

such as railway point machines and contactors. This study focuses on the acoustic monitoring 

of STME, which has not yet been well-studied. 

1.2 Single Throw Mechanical Equipment (STME) 

STME is a type of equipment that switches between two states according to control 

signals [13]. Point machines, contactors, circuit breakers, and doors are examples of STME. 

One of the characteristics of STME is that its operation is not periodic like rotating machinery. 

Due to the different acoustic characteristics, in this study, STME is categorised into two types. 

One is slow switching speed, such as point machines and doors, and the other is fast switching 

speed, such as contactors and circuit breakers. The former switches from one state to the other 

over several seconds by motor, hydraulic, or pneumatic force. The latter uses solenoid coils or 

spring forces to switch states instantaneously. Spectrograms of the operating sound of a point 

machine and contactor are shown in Figure 1. The point machine data show the motor running 

between 0.5 and 3 seconds. Specific frequencies continue for several seconds, and almost no 

sound above 15 kHz can be identified, and high-power sounds are distributed below 5 kHz. In 

contrast, the contactor data show the sound of the moving blade accelerated by the solenoid coil 

impacting the fixed blades between 200 to 300 milliseconds. The sound frequency ranges over 

a wide range, with some sounds reaching nearly 20 kHz. The high-power sound can also be 

seen at close to 10 kHz. These data were acquired in an ideal environment such as a laboratory 

or indoors, but usually, there are noises such as wind and rain or operating sounds of other 
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machines. Although both types of movement are similar, the characteristics of the operating 

sound are different because the operating speeds are different. 

 

Figure 1. Spectrogram of acoustic data of STME 

1.3 Failures and faults 

This section gives definitions of the terms ‘fault’ and ‘failure’ used in this thesis. 

According to the International Electrotechnical Commission (IEC) standard, a fault is defined 

as an ‘abnormal condition that could lead to an error in a system’ and a failure is defined as a 

‘loss of ability to perform as required’. An error is defined as the ‘discrepancy between a 

computed, observed or measured value or condition, and the true, specified or theoretically 

correct value or condition’ [14-16]. In Moubray’s book, a failure is defined as ‘the inability of 

any asset to do what its users want it to do’ [17]. He also mentioned ‘potential failure’ and 

‘functional failure’. A potential failure is ‘an identifiable condition that indicates that a 

functional failure is either about to occur or is in the process of occurring’, and a functional 

failure is ‘the inability of any asset to fulfil a function to a standard of performance which is 

acceptable to the user’. These two terms are used in the P–F curve, which represents the 

behaviour of an asset before it fails, as shown in Figure 2. The interval from point P to F is 
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called the P–F interval, during which appropriate maintenance should be carried out. The 

definitions of the IEC standard and Moubray’s book are also illustrated in Figure 2. 

A failure of STME can lead to accidents and major service interruptions, so it is of 

paramount importance that a failure does not occur. In this study, the terms ‘fault’ and ‘failure’ 

are used as defined by IEC. That is, a fault is a state in which the required operation can be 

performed even if there is a problem in the machine, and a state in which the required operation 

cannot be performed is called a failure. The state in which the machine is properly maintained 

and adjusted is called ‘normal’. As described in section 1.1, the CBM system must detect faults 

before a failure occurs. 

Although there are few examples of acoustic monitoring studies for STME, Lee et al. 

and Cao et al. have reported fault detection and diagnosis results of a point machine using 

acoustic data [18, 19]. However, these researchers’ experiments do not mention how serious 

the faults are that can be detected and diagnosed, and those seem to be serious ones or failures. 

The photographs in Lee et al.’s paper show that large blocks of ice and ballast were used in the 

experiment. Normally, if a gap of more than 3.5 mm is created by an obstruction between the 

rails of a point machine, the switch rail cannot move to the end, and a detector rod will detect 

the obstruction and issue an alarm [20]. Cao et al. used data on faults that can be detected by 

detector rods and controller signals, such as no-load, an obstruction so large that the switch rail 

cannot move completely, and poor contact of the controller contacts. Gear faults were also 

analysed, but it is unlikely that they will occur in the operating environment, as the gears of a 

point machine are usually covered. It would be useful if acoustic data could be used to detect 

and diagnose faults that cannot be detected by conventional detector rods and controller signals. 
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Figure 2. P–F curve and definition of fault and failure 

1.4 Hypothesis 

It is known that rotating machinery faults can cause periodic noise as damaged parts 

make an abnormal sound every revolution. It is known that each fault of rotating machinery has 

a basic frequency, and this frequency is usually used to diagnose faults by using frequency 

analysis and statistical analysis [21, 22]. STME movements, on the other hand, are single-throw, 

non-linear, and delay may occur in the case of a fault [23, 24]. Therefore, it is difficult to use 

techniques for rotating machinery for STME. 

For this reason, some previous researchers used acoustic recognition techniques to 

diagnose serious STME faults by capturing differences in time series data. It is expected that in 

the initial faults of STME that may occur, the components would be damaged or deformed, and 

the balance of the force on the components transmitted to each component would be disrupted. 

With this, unusual sounds, and changes in frequency, intensity, and length of the operating 

sound might happen. Since previous researchers showed that serious faults can be diagnosed 

using acoustic data, it is possible to diagnose faults, even if they are initial faults, by capturing 

the occurrence of changes in the operating sound.  
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This research aims to test the hypothesis that it is possible to use acoustic methods 

to detect faults in STME in the early stages of a fault’s development. 

To test this hypothesis, normal and simulated fault data using a point machine and 

contactors are obtained. Fault detection and diagnosis algorithms are developed, and the 

acquired data are analysed to clarify the following questions. 

・ Which algorithm is most appropriate? (Discussed in Chapters 4 and 5) 

・ How accurate is the system and does that vary by fault? (Discussed in Chapters 4 and 5) 

・ How tolerant is it to noise? (Discussed in Chapters 4 and 5) 

・ Which place is the most appropriate for the microphone to monitor the target? (Discussed 

in Chapters 4 and 5) 

・ Can a fault detection model trained from one machine be transferable to other machines? 

(Discussed in Chapter 6) 

1.5 Scope of this thesis 

The contents of this thesis are as follows. 

Chapter 2: Literature Review 

The literature review investigates condition monitoring techniques using acoustic and 

vibration data of rotating machines and objects that move like STME. Data characteristics, 

feature extraction methods, and classification methods are summarised. Next, a survey of point 

machines and contactors is carried out on their structure, operation methods, and faults. Finally, 

the feature extraction and classification methods for the point machines and contactors are 

proposed. 
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Chapter 3: Methodology 

First, the algorithm of the proposed method is explained. The theory of the feature and 

classification methods used is described. In this thesis, Mel-Frequency Cepstrum Coefficients 

(MFCCs) and Wavelet Packet Decomposition Entropy (WPDE) are used as features and 

Support Vector Machine (SVM) and k-Nearest Neighbours (KNN) as classification methods. 

Chapters 4 and 5: Case studies 

Details of the experiments carried out and the analysis results of the data are described 

in these chapters. Normal and simulated fault data using a point machine and contactors are 

acquired. First, the optimal feature extraction and classification method for fault diagnosis is 

investigated by comparing the classification accuracy. Since data are acquired indoors and the 

effect of background noise is small, white noise is added to the acquired data to simulate an 

outdoor environment, and the effect on classification accuracy is investigated. Subsequently, to 

investigate which frequency ranges are important for improving classification accuracy, several 

bandpass filters are used for data. 

Chapter 6: Transferability 

Transferability is the ability of a model, trained by data acquired from one machine, to 

diagnose faults in other machines. Since it is difficult to obtain simulated fault data from all the 

machines used in the industry, it is necessary to obtain simulated fault data from several 

machines, train the model with the data, and monitor all the machines with the model. The 

transferability of the model is essential to realise this. To enhance the transferability 

performance of the model, a feature selection technique called Minimum Redundancy 
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Maximum Relevance (MRMR) was used and it was found that the model can have 

transferability by selecting the features using MRMR. 

Chapter 7: Conclusion 

This chapter reviews the results of the analysis, summarises the findings of this study 

in response to the research questions described in the hypothesis section, and draws conclusions. 

Future works such as problems that may arise in actual use and to be solved also are discussed. 
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 LITERATURE REVIEW  

2.1 Introduction 

This chapter first describes the background of acoustic monitoring. Many studies have 

been conducted on rotating equipment, but few have been conducted on machines such as point 

machines and contactors which have linear actuation. The structure and the investigation results 

of common failures of point machines and contactors are described. Then, among the condition 

monitoring research methods for these devices, the ones that can be used for acoustic 

monitoring are summarised, and the feature extraction and classification methods used in this 

research are described. Finally, the types and levels of noise that can be added to the acquired 

data for testing purposes are presented. 

2.2 Previous research on acoustic monitoring 

2.2.1 Acoustic monitoring methods for rotating machinery 

When there is an abnormality or fault in rotating equipment, an abnormal sound is 

generated, and the sound is generated at each rotation, thus producing a specific frequency of 

sound. Acoustic monitoring methods in rotating machinery have been widely researched 

because of the convenience of acoustic data acquisition and the versatility of frequency analysis. 

Heng et al. applied a statistical analysis method to sound pressure and vibration signals 

and found that it is possible to detect the fault of a rolling element bearing by comparing the 

statistical value [25]. Lu et al. used a microphone array to obtain acoustic data of rolling element 

bearings. They used the basic frequencies associated with different fault locations of bearings, 

FFT, and near-field acoustic holography techniques to obtain acoustic images in the basic 
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frequency domain. The features from these images were classified by SVM to diagnose faults 

with an accuracy of more than 90% [21]. 

Baydar et al. obtained vibration and acoustic signals from a two-stage industrial helical 

gearbox. They found that the noise content of the acoustic signal changes when the meshing 

characteristics are disturbed by defects in the teeth. They also calculated the pseudo–Wigner–

Ville distribution and found that some faults and their progression could also be detected by 

monitoring their distribution, the continuity of the meshing frequency, and the frequency 

activities outside the meshing frequency range [26-29]. They also showed that monitoring by 

wavelet transform (WT) could also detect faults [27]. WT is one of the methods of time–

frequency analysis and uses the wavelet function as the basis function. In this transformation, 

it is possible to preserve the time-domain information that is lost when determining the 

frequency response by the Fourier transform. 

Liu et al. proposed a new rolling bearing fault diagnosis method based on a short-time 

Fourier transform (STFT) and stacked sparse autoencoders [30]. In this method, a spectrogram 

was calculated from an acoustic signal, a stacked sparse autoencoder was applied to extract the 

fault features automatically, and softmax regression was employed to classify the faults. 

Accuracy was over 97%, and this is better than that of the fault diagnosis method using vibration. 

However, this method requires high computational resources, which may limit its use in real-

time. 

Glowacz et al. used a technique called the Method of Selection of Amplitudes of 

Frequency – Multiexpanded to extract the original features from the acoustic signal of a single-

phase induction motor and classified it as normal, faulty bearing, or faulty bearing and shorted 

coils of auxiliary winding, using Nearest Neighbour classifier, Nearest Mean classifier, and 
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Gaussian Mixture Models [31]. In feature extraction, the spectrum was obtained using FFT and 

the differences in each state were calculated. The feature with the largest absolute value was 

used for learning. 

Thus, statistical and frequency analysis methods are often used for fault detection and 

diagnosis in rotating equipment. As mentioned above, these methods are effective because of 

the periodic noise that occurs during rotating machinery faults, but many of these methods 

would be difficult to apply to STME, such as point machines, contactors, circuit breakers, and 

doors, that switch between two states by control signals, because its operation is not periodic. 

However, STFT and WT might be effective for STME because they include a time-varying 

component as a feature. In particular, WT performs scaling and translating of basis functions, 

which allows analysis over a wide frequency range. Also, because the window size can be 

varied, the computation time can be shorter than with ordinary time–frequency methods such 

as STFT, Wigner–Ville distribution, and instantaneous power spectrum, which require the 

window width to be fixed according to the frequency. 

2.2.2 Point machines 

A point machine is one type of STME, providing multiple routes for trains driving the 

switch rail from one position to another. The structure of a point machine is shown in Figure 3. 

The box of the point machine contains the motor and gears, which move the drive rod 

horizontally. The nut attached to the drive rod pushes or pulls the drive lug to move the stretcher 

bar to which the drive lug is attached. The stretcher bars are attached to the left and right switch 

rails and thus move both switch rails simultaneously. When the switching process is completed, 

the locking mechanism inside the box operates and the switch rail is locked. This prevents the 

switch rail from moving even under the impact of the train passing. When switching to another 
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direction, the switch rail is first unlocked, and then the drive rod starts to move. The detector 

rods are also attached to the left and right switch rails and thus can detect whether the switch 

rails have reached a specified distance. If the switch rail does not move the distance due to 

obstructions or loose nuts, the switch rail cannot be locked, and an alarm is triggered. The 

locking mechanism is adjusted when the point machine is installed. If there is a gap of 3.5 mm 

or greater between the switch rail and the stock rail, the switch rail will not be locked [20]. 

 

Figure 3. The structure of an HW point machine 

Railway equipment is required to have a high level of safety and reliability. Therefore, 

most of it is designed redundantly. However, a point machine cannot be designed in this way. 

Due to the lack of redundancy, the failure of a point machine causes enormous disruption. The 

RSSB reported that point machine failures constituted 4.6% of total delay minutes in the year 

2008/9 [32]. According to Network Rail, point machine failures accounted for only 0.56% of 

all incidents but totalled 3.5% of all delay minutes in the 12 months from 2015 to 2016 [33]. 
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In the UK, many kinds of point machines are in use, depending on rail conditions, 

company policy, and so on. Figure 4 illustrates the number of point machines currently used in 

the UK. The total number of point machines is over 20,000, and the dominant systems in use 

are the HW and Clamplock [33]. Experiments in this study are carried out using the most 

common HW point machine. 

 

Figure 4. The number of point machines used in the UK 
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2.2.2.1 Fault modes of point machines 

According to Hassankiadeh’s project, 2458 point machine failures happened in the UK 

in 2009 [34]. The number of each failure for each mode is shown in Table 1. 

 

Table 1. The number of point machine failures in the UK in 2009 

Failure mode Number of failures Percentage [%] 

Obstruction 986 40.1 

Dry slide chair 441 17.9 

Cracked/broken 233 9.5 

Voiding (ballast) 190 7.7 

Out of adjustment 137 5.6 

Contamination 136 5.5 

Plastic deformation/lipping 127 5.2 

Wear 93 3.8 

Loosed/missing (nuts) 89 3.6 

Others 26 1.1 

Sum 2458 - 
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According to Network Rail’s fault reporting database, a junction experienced 8253 

minutes of delay due to a failure of a point machine in 42 months. Failures with a delay time of 

more than 5 hours are listed in Table 2. These failures account for 76.7% of the total delay 

minutes [35]. 

 

Table 2. Point machine failures from Network Rail’s database 

Failure mode Number of failures Percentage [%] 

Slide chair dry/seized 15 12.4 

Drive rod out of adjustment 8 6.6 

Facing point lockout of 

adjustment 
7 5.8 

Detector rod out of adjustment 4 3.3 

Slide chair 

obstructed/contaminated 
3 2.5 
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 East Japan Railway also listed the number of failures in the Tokyo area from 1996 to 

2005 [36]. The number of failures for each mode is shown in Table 3. The percentage of each 

failure mode is mentioned, but the number of some failure modes is not given. 

 

Table 3. The number of point machine failures in Japan from 1996 to 2005 

Failure mode Number of failures Percentage [%] 

Obstruction 154 31 

Signal equipment failure - 18 

Unknown 85 17 

Dry slide chair 46 9 

Improper sleeper position - 8 

Switch rail misadjustment - 6 

Locking misadjustment - 4 

Insulation failure - 3 

Track abnormal position - 2 

Over-tightening bolts - 1 

Accessories failure - 1 
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According to the fault management system records of S&C service affecting failures on 

Network Rail infrastructure from 2013 to 2018, failures listed in the Table 4 account for 80% 

of the delay costs [37]. 

 

Table 4. Point machine failures from Network Rail’s FMS from 2013 to 2018 

Failure mode (2013-2018) Delay cost (million pounds) 

Cracked cast crossing 23.4 

Null 12.0 

Obstruction 8.8 

Relay contacts HR 8.2 

Dry slide chair / Contamination 7.3 

Relay failure 6.9 

Power supply failure (fuse blown) 6.4 

No cause found 6.4 

Rail position sensor faiure 6.1 

Wear / Damage of switch rail 5.6 

Locking blades out of adjustment 5.2 
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Data from the UK and Japan shown in Table 1, Table 2 and Table 3 suggest that 

obstruction is the most common failure mode, and a dry slide chair is also common. Adjustment 

errors, loose nuts, over-tightened bolts or nuts, and contamination also occur in certain numbers. 

Looking at more recent data as shown in Table 4, it can be inferred that these failures continue 

to occur, given their substantial impact on delay costs. In addition to these faults, voltage drops, 

which have a high probability of occurring, are simulated faults used in the experiment of this 

study. 

2.2.2.2 Acoustic monitoring methods for point machines 

Hamadache et al. summarised the fault detection and diagnosis methods and reviewed 

condition monitoring papers for point machines in 2019 [38]. At the time of writing, there have 

been 11 peer-reviewed papers on condition monitoring of point machines published since their 

survey. The results of their survey and subsequent published papers are summarised in Table 5 

and Figure 5. 

Many studies have monitored current, load force, voltage, and position, but few have 

used acoustic signals. When the faults described in the previous section occur, changes occur 

in the driving force (load) of the point machine. This is the reason why many researchers have 

monitored the force. However, force sensors need to be mounted directly on the point machine, 

and a sensor failure could adversely affect the operation of the point machine. To avoid this, 

point machines for Japanese high-speed trains calculate the load force from current, voltage, 

and motor speed [39]. The reason many researchers have monitored voltage and current is the 

ease of data acquisition and their close relationship to the load force. Usually, point machines 

get their power from a nearby power supply unit. Since these units are installed outside the 

track, data can be easily obtained by installing measurement equipment here. Since the current 
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is closely related to the load force, it is possible to monitor the operation of the point machine 

to some extent by monitoring the current. However, there are many cases where the power 

supply unit and the point machine are far from each other due to the layout of the tracks and 

space limitations. In such cases, the voltage and current of the power supply unit may not always 

be the same as that supplied to the point machine, since most point machines are installed 

outdoors and there is a possibility of voltage drops and leakage currents. The acoustic sensor 

does not need to be directly attached to the machine, nor does it need to consider the effects of 

voltage drop or leakage current, since it measures acoustic data directly from the machine. 

Although there are few examples, several previous studies of point machines have been 

conducted on fault detection and diagnosis using acoustic signals. 
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Table 5. The parameters of the point machines monitored in previous studies 

Monitoring parameter Previous research Number of studies 

Current [40-75] 36 

Force 
[40, 41, 43, 45, 51, 52, 54, 

56, 68-70, 75-79] 
16 

Voltage 
[40, 41, 43, 44, 49, 52, 54, 

55, 61, 69, 70, 73-75, 80, 81] 
16 

Displacement 
[41, 43, 45, 51, 69, 70, 75, 

80, 81] 
9 

Speed [41, 45, 70, 77, 78, 82-84] 8 

Temperature [61, 85-88] 5 

Acoustic signal [18, 19, 89-91] 5 

Torque [81-84] 4 

 

  

Figure 5. The parameters of the point machines monitored in previous studies 
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Lee et al. employed a bandpass filter from 300 Hz to 13 kHz for denoising, used 

MFCCs for feature extraction, and applied SVM to detect and diagnose failures from acoustic 

signals [18]. They collected 430 fault data (140 for ‘ice obstruction’, 140 for ‘ballast 

obstruction’, and 150 for ‘slackened nut’) and 150 normal data. The data were randomly split 

in half, with one half used as the training set and the other as the validation set. The length of 

each piece of data was not mentioned, but the waveform of the data seems to be about 5.5 

seconds. The data were divided into 60 frames, and 12 MFCCs were calculated from each frame. 

These were classified using a multi-layer SVM, which diagnosed faults with 97% accuracy. 

The MFCC is a weighted feature that considers the frequency perception 

characteristics of human hearing, and it is employed in the field of speech recognition and has 

been used in a wide variety of fields. It has the advantages of low computational cost, high 

discrimination capability, and good performance against noise. It is extensively used for 

automatic speech recognition and speech analysis due to these advantages [92-96]. It is also 

used for engine failure diagnosis [97], early classification of bearing failures [98], and quality 

assurance of voice signalling devices [99]. MFCCs are useful for feature extraction because 

they provide both time and frequency information. They also enable the handling of dynamic 

features as they extract both linear and non-linear properties of the signal. Unlike that of rotating 

machinery, the operating sound of STME is not steady, and if something goes wrong, there may 

be a gradual change in the intensity, length, and frequency of the sound. In such cases, MFCCs 

may perform very well as they capture minute changes in the characteristics of sounds. 

SVM is a supervised machine learning method for pattern identification based on 

Vapnik’s statistical learning theory [100]. It can be used for both classification and regression, 

but it is mostly used for classification tasks. It is a fast and reliable classification algorithm and 
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is expected to perform well with a small amount of data. In recent years, artificial neural 

networks (ANNs) have also attracted attention for their high accuracy. However, ANNs require 

a large amount of data to predict the response accurately and need a lot of time and 

computational resources to adjust the parameters, so SVM is more effective when the amount 

of data is small [101]. Santos et al. [101] compared SVMs and ANN to find the best 

classification method for wind turbine failure diagnosis and found that the linear kernel SVM 

is superior to other kernels and ANN in terms of accuracy, training and tuning times; 6551 

pieces of data were used to check the performance and all classification methods had a high 

accuracy of over 96.8%. Considering only the accuracy of classification, both SVM and ANN 

were very useful, but when tuning time and training time were considered, it was concluded 

that SVM with a linear kernel was clearly the most suitable method for this case. The tuning 

time of SVM with linear kernels was less than half that of other SVMs, and the training time 

indicated at least 20% better performance. Comparing the performance of ANN and SVM, the 

tuning time of linear SVM was more than 100 times faster than that of ANN. Furthermore, 

ANN’s parameter adjustments also required finding the optimal number of hidden layers, so 

the actual tuning time would be even longer. Therefore, the computational cost of SVM is small 

and the number of parameters that need to be optimised is small. It is also known to have a high 

classification accuracy for large dimensional data and is used for failure detection in various 

industrial equipment. 

Although the degree of nut looseness in  Lee et al.’s experiment [18] is not stated, the 

combination of MFCCs and SVM may be able to detect slight changes in STME operation 

because it can detect the looseness of nuts. It would be meaningful to investigate how much 

looseness change can be detected by this combination. 
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Sun et al. and Cao et al. conducted experiments using a Chinese point machine to 

verify the effectiveness of the acoustic monitoring method. They simulated nine types of 

failures: 1. no load, 2. indication circuit error due to poor contact, 3. large resistance during the 

switching process, 4. obstacles that are too large to finish the switching process, 5. gears 

meshing loosely in the retarder, 6. gear teeth pitting resulting from an uneven mesh surface 

(level 1), 7. gear teeth pitting resulting from an uneven mesh surface (level 2), 8. gears meshing 

tightly in the retarder (level 1), 9. gears meshing tightly in the retarder (level 2). Sun et al. used 

ten time-domain and three frequency-domain statistical parameters as features to detect failure 

[89]. They applied binary particle swarm optimisation (BPSO) to select optimal features, and 

13 features were reduced to 3 to 4. One-against-one SVM was used to detect the failure and 

found that accuracy was over 99%. They also proposed a method that combines empirical mode 

decomposition (EMD), multi-scale fractional permutation entropy (MFPE), and particle swarm 

optimisation support vector machines (PSO-SVM). They used EMD to reduce the noise and 

calculated MFPE. MFPE is a new feature they proposed that solves the problem of fractional 

permutation entropy without considering the values of the time series. A One-Nearest 

Neighbour classifier, Random Forest, and Naive Bayesian classifier (NB) were used as 

comparators to demonstrate the superiority of PSO-SVM. PSO-SVM was the most accurate of 

all methods, with an accuracy of over 99%. Cao et al. used Wavelet Packet Decomposition 

Entropy (WPDE), statistical time-domain and frequency-domain parameters as features to 

diagnose failure [19]. They applied EMD to get intrinsic mode functions (IMFs) from acoustic 

data. Time-domain parameters, frequency-domain parameters and WPDE were calculated from 

each IMF. They used ReliefF and BPSO to select optimal features from them; 330 features were 

reduced to 18 to 37. They compared accuracy using SVM, NB, k-nearest neighbour (KNN), 
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linear discriminant analysis (LDA), and decision tree with the CART algorithm and found that 

all methods except LDA and CART achieved an accuracy of more than 90%. 

Among their methods, features that use WPDE seem to be effective. Wavelet analysis 

decomposes a signal into shifted and scaled versions of wavelets as Fourier analysis 

decomposes it into sine waves. WT can be broadly classified into two types: continuous wavelet 

transforms (CWT) and discrete wavelet transforms (DWT). CWT is suitable for analysing 

slowly changing behaviour and transient behaviour but has the disadvantage of being 

computationally time-consuming. DWT discretises the scale more coarsely than does CWT and 

can be used for compression and denoising while preserving important features of the data [102]. 

However, the frequency resolution is not enough for practical problems, especially in a high-

frequency range, and insufficient treatment of the high frequency of bearing faults has been 

reported [103]. Wavelet packet decomposition improves on the time–frequency resolution of 

DWT, has sufficient frequency resolution, and is computationally more efficient than CWT. 

Wavelet packet decomposition is a signal processing technique that breaks down a signal into 

a tree structure of wavelet packets, each representing a unique combination of time and 

frequency information, by recursively decomposing the signal into frequency sub-bands and 

analysing each sub-band using WT. During the wavelet packet decomposition, wavelet packet 

coefficients are generated, which represent the signal in each sub-band of the decomposition. 

However, due to the large number of coefficients, WPDE is used instead of coefficients, as it 

can provide useful information on signal complexity and can detect changes that may indicate 

a fault. The use of WDPE reduces the input data dimensionality, making it more manageable 

for processing and analysis. 



Chapter 2 Literature Review 

28 

Analysing the same experimental data with both MFCC and WPDE will show which is 

best for fault classification using acoustic data. 

It has been shown that high accuracy can be obtained using several classifiers. Among 

these methods, KNN has the advantage of a short computation time. KNN is a supervised 

classification method which can predict unknown data by calculating the distance between the 

training data and unknown ones. The unknown data are categorised to their majority class 

among the nearest k neighbours. As with the comparison of feature extraction methods, the best 

classifier can be found by using multiple classifiers. 

Unlike that of rotating machinery, the motion of a point machine is not constant or 

periodic, so previous studies have used time-varying components such as MFCC and WPDE. 

Their results show that it is possible to diagnose failures in a point machine by acoustic signals, 

but these faults seem to be serious ones. As described in section 2.2.2, the point machine is 

adjusted so that if a gap of 3.5 mm or more is created between the switch rail and the stock rail 

due to a large obstruction or loose nut, the detector rod detects it, and an alarm is triggered. In 

the event of a contact failure in the internal circuit, the controller will trigger the alarm because 

the switching process completion signal has not been received. Although the severity of the 

faults was not clearly described in Lee et al.’s experiment (MFCC and SVM) [18], the 

photographs show that the size of the obstruction seems to be large enough to be detected by 

the detector rod. However, the ability to detect the difference between ice and ballast is likely 

to be useful for fault classification. There is no detailed description of the loosened nuts either; 

it would be worthwhile to verify how much looseness can be detected by this method. Since 

Sun et al.’s and Cao et al.’s methods can detect no-load and increased resistance, they may be 

able to detect changes in the load on the machine, such as the drying of the slide chairs. 
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There is little benefit in diagnosing failures using acoustic methods if they can be 

diagnosed by elements of the system itself, such as the detector rod or the controller signal. It 

is also of little use for failures that are unlikely to occur in practice, such as gear failures. If 

faults with a high probability of occurring, described in section 2.2.2.1, can be diagnosed from 

the initial state, this would be a useful condition monitoring method. It is significant to validate 

some of their research methods, as they are likely to be effective against initial faults of the 

point machine. In this study, initial faults that are not detectable by the detector rod or the 

controller signal will be made and it will be verified how well they can be detected by the 

methods in the previous studies. In the case study section, MFCC and WPDE are used as 

features, and SVM and KNN are used as classifiers. 

2.2.3 Contactors 

Contactors and circuit breakers are one of the types of STME. Contactors are electric 

power devices that open and close the circuit when there is no current flowing or when the rated 

current is flowing. However, these devices alone do not cut off an accidental current more 

significant than the rated current in the case of a short circuit or earth fault. Unlike a circuit 

breaker, they cannot cut off an accidental current, but are highly durable against opening and 

closing operations. Both the contactor and circuit breaker have a moving contact (electrode), 

which engages with or detaches from the fixed contact (electrode) to connect or disconnect the 

circuit. The structure of a contactor is shown in Figure 6. Both mechanical structures are similar, 

but a circuit breaker has a mechanism to extinguish the arc and can cut off an accidental current. 

The moving parts are moved very quickly using the force of solenoid coils or springs. 

These machines are a type of STME, like point machines, but they differ from point 

machines in terms of operating speed. These machines operate very quickly, in less than a 
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second, whereas point machines move slowly, taking several seconds. Because of the similarity 

in motion but the difference in speed, the two types of machines will be used as case studies in 

this research. A point machine as a slow STME and a contactor as a fast STME are used in the 

experiments in this study. 

 

Figure 6. The structure of a contactor 

 

2.2.3.1 Fault modes of contactors 

Contactors are widely used where circuits are frequently switched on and off, such as 

in blast furnaces in steel mills, power factor correction capacitors in high-voltage distribution 

networks, and high-speed railways. In the field of railways, they are used in the changeover 

section of Japanese bullet trains and the opening and closing of the propulsion coils of Maglev 

trains [104-106]. A changeover section is a section that separates different power systems. In 

Europe, voltage is not applied here, and it is called a neutral section. In a Japanese high-speed 

railway, this section is connected to one of the next sections by a contactor, and voltage is 
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always applied. This eliminates the need for the train to coast while passing through the section. 

When the train completely enters the section, the contactors are operated, and the power system 

is switched quickly. Therefore, the contactors are operated every time a train passes [106]. Due 

to the high frequency of operation, mechanical failures are the most frequent faults. An 

international study of more than 70,000 circuit breakers in use in 22 countries has shown that 

54.4% of severe failures and 49.3% of minor failures are due to mechanical causes [107]. 

Another study of more than 281,000 circuit breakers in use in 83 countries has shown that 43.5% 

of failures are related to mechanical problems [108]. Unlike the failures of the point machine 

described in section 2.2.2.1, detailed information on how many failures of what type have 

occurred is rarely published in the case of electrical power equipment such as contactors and 

circuit breakers. However, as mechanical failures account for about half of the failures, 

damaged parts, improper parts installation and obstruction are considered in this study. In 

addition to these faults, a lack of grease and spring weakening, which are expected to be more 

likely to occur, are also considered. 

2.2.3.2 Condition monitoring methods for contactors 

A wide range of research has been carried out on condition monitoring of circuit 

breakers and contactors, largely utilising voltage, current, and vibration analysis techniques 

[109-116]. These approaches, however, require direct access to the monitored systems, which 

presents a safety risk, and the nature of the environment means that the risk of sensor failures 

is also increased. For contactors and circuit breakers, little previous research using acoustic 

signals have been carried out. On the other hand, vibration analysis for circuit breakers has been 

widely studied. 
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Hou et al. proposed a fault diagnosis method for a 12 kV circuit breaker [117]. The 

method calculates the WPDE of the vibration and acoustic signals of the circuit breaker and 

SVM is used for classification. In their work, they obtained 30 normal data and two fault data 

(insufficient lubrication of the crank arm, mechanism falling off in moving). Three data from 

each state were used as training data, and the remaining 21 data were used for validation. The 

results showed that the combination of vibration and acoustic data could diagnose faults with 

an accuracy of more than 90%. Although the classification accuracy of this study was high, 

only 10 data were obtained for each state, and the number of data needs to be increased to check 

the generality. 

Huang et al. proposed a method to extract the EMD energy entropy from the vibration 

data of a 72.5 kV SF6 gas circuit breaker and to classify the faults using a multi-layered SVM 

[118]. In this verification, the following three faults were considered: ‘loosening the base screw’, 

‘invalid overtravel of the buffer spring’, and ‘time-delay vibration event caused by the 

inadequate lubrication for the operating mechanism’. Twenty-five data for each fault and 25 

normal data were collected. To demonstrate the effectiveness of EMD and SVM, several 

features and classifiers were combined, and their accuracy was compared. The characteristics 

used were EMD and wavelet packet transform energy entropy, and the classifiers were SVM 

and a back-propagation network. The combination of EMD and SVM was shown to have a 

classification accuracy of 95% for all faults. 

Huang et al. proposed a fault diagnosis method using variational mode decomposition 

(VMD) and a multi-layered SVM for circuit breaker vibration data [119]. They proposed a fault 

diagnosis method using VMD and multi-layered SVMs for three faults: ‘jam fault of the iron 

core’, ‘looseness of the base’, and ‘insufficient lubrication of the connecting lever’. The 
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characteristic is extracted from the vibration of the circuit breaker. Twenty data of each fault 

and normal operation were used for training, and 20 data were used for validation. The results 

showed that the classification accuracy was 100% when using a multi-layered SVM. They also 

validated for the detection of the new faults that were not in the training data. When the 

classifier was not trained on the connecting lever’s lubrication fault, the single SVM could not 

determine the fault. Still, the multi-layer SVM could detect and diagnose the fault as an 

unknown one with 100% accuracy. In actual condition monitoring, it may be difficult to obtain 

all types of fault data in advance, and unexpected faults may occur; therefore, the ability to 

detect and diagnose unknown faults can be very practical. 

Yang et al. proposed a fault classification method for 12 kV circuit breakers [120]. 

The Morphological Correlation Coefficient was used to detect faults, and the ensemble 

empirical mode decomposition Hilbert marginal spectrum energy entropy (EEMD-HMSEE) 

obtained from vibration data was used to train the SVM for classification. Fifty normal data and 

50 of each of the three simulated faults, ‘Oil Damper Failure’, ‘Operating Mechanism Jamming’, 

and ‘Insulation Rod Loosening’, were taken, and 60% were used for training and 40% for 

validation. In the validation, EMD-HMSEE-SVM using EMD as a feature and EEMD-

HMSEE-KNN using KNN as a classifier were also validated, and it was found the proposed 

method’s accuracy was the best for classification. Even when EEMD-HMSEE-KNN was used, 

the classification accuracy was over 96%. To validate the practicality of the proposed method, 

five data were obtained from three circuit breakers of the same type in actual use. Obtained data 

were analysed by the same method and the actual fault of oil damper failure was found by this 

analysis. The verification also found a fault that was not investigated in the laboratory 

(loosening of the transmission shaft). Furthermore, 20 data were obtained from each phase of 

different types of 252 kV circuit breakers and analysed by the same method. As a result, it was 
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found that there was an anomaly in one of the phases. The maintenance staff investigated and 

discovered that a layer of dirt accumulated on the surface of the filter in the oil cylinder had 

caused an abnormality in the brake of the operating mechanism. This abnormality disappeared 

after removing the dirt. These results showed that the proposed method is practical for several 

types of circuit breakers and effective for faults that are not in the training data. 

Most of the studies analysed vibration, but Hou et al. also used WPDE from acoustic 

data for classification [117]. WPDE was also used by Cao et al. for point machine fault 

diagnosis [19], so it is worthwhile to use this method for contactors to confirm its performance. 

In addition to this, MFCC has also been shown to be effective in diagnosing failures in acoustic 

data of point machines [18], therefore, it is important to as certain this method is also effective 

for contactors. Although SVM has been widely used in studies of circuit breakers, KNN has 

also been used with high accuracy in previous studies, therefore, SVM and KNN are used for 

contactors. 

2.3 Background noise level 

In this study, experiments were carried out using a point machine and contactors to 

obtain data. The experiments were carried out in as quiet a place as possible, as the acoustic 

data were measured, but usually, point machines are installed outdoors and contactors both 

outdoors and indoors, so there might be noise such as environmental noise or another machine’s 

operating sound in the data if considering a practical situation. Therefore, noise was artificially 

added to the acquired data in the analysis. This section describes the type and sound pressure 

level (SPL) of the added noise. 
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It is known that the frequency distribution of wind and rain noise is not constant and 

differs depending on the intensity [121-123]. The operating noises of other machines in 

buildings also vary widely, such as that of compressors or the humming noise of a transformer, 

so it is undesirable to add only specific noises for evaluation purposes. Hence, in this study, 

white noise was added to the acquired data to evaluate the effect of general noise on 

classification accuracy. 

The SPL of the operating sound of other machines in a building varies depending on 

the type and its distance from the target, and most pneumatically operated machines have been 

replaced by electric ones, so little of the equipment installed in substations generates loud noise 

like compressors do [124-127]. If there is special equipment which is water-cooled, a pump 

may generate noise, but if the equipment is indoors, it is easier to deal with the noise compared 

with the noise of rain, such as by installing a sound barrier between the monitoring target and 

the noise source or moving the measuring microphone closer to the object to be monitored. 

Because point machines and contactors are installed near railway tracks, there may be a loud 

noise when trains pass nearby, but because they usually operate before or after trains pass, it is 

unlikely that the noise of trains passing would affect monitoring. 

In this study, the SPL of the noise to be added is considered based on noise outside 

such as wind and rain. Although the sound of the wind is not negligible, it does not continue 

compared with the rain. In addition, since the STME is not always in motion and operates only 

when changing the course of a train or switching on and off power equipment, it is considered 

less likely that strong winds are blowing every time the STME operates. On the other hand, it 

keeps raining during the rainy season and may continue to rain when STME operates every 
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time. For these reasons, the sound of rain is likely to influence the acoustic measurement of the 

STME. Therefore, the SPL is considered based on the sound of rain. 

According to the UK climate report, in 2020, there were 170 days with over 1 mm of 

rain per day and 40 with over 10 mm/day [128]. Rainfall is similar in Japan, which has high 

railway usage, with 107 days with more than 1 mm/day and 49 days with more than 10 mm/day 

[129]. Dubout recorded the volume intensity of natural rainfall on an unlined low-slope steel-

trough roof deck, and the resulting SPL in a room beneath it [130]. According to his equation, 

the SPL of 10 mm/hour of rain falling is 72.1 dB, and that of 1 mm/hour is 54.8 dB. Steel roofs 

are known to produce louder rainfall noise, and it has been observed that different materials 

produce 18 dB less sound [131]. In fact, Griffin conducted a 20 mm/h artificial rainfall 

experiment using a 6 mm glass roof and showed the SPL to be about 50 dB [132]. Rain causes 

the roof shingles to vibrate and reverberate, resulting in loud noise indoors; on the other hand, 

outdoors, the rain is expected to be quieter than it is indoors because the impact of the rain is 

weakened by vegetation. If the SPL of rain outdoors is about 18 dB less than with a steel roof, 

it would be 54.1 dB at 10 mm/h and 36.8 dB at 1 mm/h. In this study, 55 dB is used for the SPL 

of heavy rain and 37 dB for the SPL of light rain. The noise of rain inside may be louder than 

outside, but buildings such as substations where contactors and circuit breakers are installed are 

constructed with reinforced concrete to protect the equipment from storms and earthquakes. In 

such buildings, the sound of rain can hardly be heard. 

2.4 Proposed method 

According to previous research, some fault diagnosis algorithms extract features from 

the acquired data and input them into a classifier. This method seems to be effective, but it is 

not clear which feature extraction methods and classifiers are best for STME. Although the 
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same algorithm is used in this study, multiple feature extraction techniques and classifiers are 

used to compare the accuracy. The features used in this study are MFCC and WPDE which are 

also used in the point machine. KNN and SVM, which have been frequently used in previous 

research, are used as classifiers. 

Previous researchers tested with a single microphone, but this method does not reveal 

which position is best for acoustic monitoring. In this study, multiple microphones were placed 

at different locations to acquire data, and the same algorithm was used to verify which location 

data were best for analysis. 

In this study, normal and simulated fault data were acquired from STME to train the 

fault diagnosis model. This method is called supervised learning, but it is necessary to verify 

the transferability of the model to use this method in industry. Transferability is the ability of a 

model trained by acquired data from one machine to diagnose faults in other machines. Since 

it is difficult to obtain simulated fault data from all the machines used in the industry, it is 

necessary to obtain simulated fault data from several machines, train the model with the data, 

and monitor all the machines with the model. The transferability of the model is essential to 

realise this. An image of the transferability of the model is shown in Figure 7. 

 

Figure 7. Transferability of the model 
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The microphone doesn’t have to be in front of the machine because the sound is spread 

around the machine. If data from multiple machines could be collected from a single 

microphone, it would be possible to conduct condition monitoring at a low cost. In this study, 

a fixed microphone was installed in a building which has multiple contactors to acquire data 

from multiple machines from a fixed position and accuracy using these data was verified. 
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 METHODOLOGY 

3.1 Introduction  

As discussed in Chapter 2, a fault diagnosis algorithm, which extracts features from 

the acquired data and inputs them into a classifier, seems to be effective for STME from 

previous studies, but it is not clear which features and classifiers are the best. Although the 

same algorithm is used in this study, multiple features and classifiers are used to compare the 

accuracy. This chapter explains the fault diagnosis algorithm, features, classifiers, and the 

evaluation method of the fault diagnosis model used in this study. The most suitable 

combination of features and classifiers for fault diagnosis of STME will be verified by 

combining features and classifiers which have been shown to be highly accurate in previous 

studies. The features used are the Mel Frequency Cepstral Coefficient (MFCC) and Wavelet 

Packet Decomposition Energy (WPDE), and the classifiers are the Support Vector Machine 

(SVM) and K-Nearest Neighbour (KNN). 

The algorithm for detecting and diagnosing STME faults in this study is shown in 

Figure 8. The data from the experiments were split into two parts: one for training the fault 

classification model and one for validation. K-fold cross-validation was used and 90% of all 

the data was used for training and the remaining 10% for validation. Data were measured in as 

quiet a place as possible so that only acoustic data from the machine were measured. Therefore, 

the analysis algorithm provides a function to add additive white Gaussian noise so that the effect 

of noise on classification accuracy can be verified. It also includes a bandpass filter, which 

enables investigation of the frequency bands in acoustic data that are important for classification. 

Since the dimensionality of the raw data is large, features useful for classification were 
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extracted from the data and used to train the model. Diagnostic results were obtained by the 

model classifying the validation data. The data analysis was conducted using MATLAB 

R2021b. 

  

Figure 8. Algorithm for diagnosing STME faults 

3.2 Features for classification 

In recent years, with the spread of inexpensive sensors, the amount of data acquired by 

condition monitoring has become large. This requires methods to extract features and get a 

compact representation from large amounts of data. Acoustic data contain a lot of redundant 

information, and it takes a lot of computation to analyse it. It is possible to extract useful feature 

vectors from the data, which reduces the dimensionally of the data, shortens the analysis time, 

and reduces storage requirements. Reducing irrelevant and redundant information enables 

improves predictive performance and the ability to generalise models. 
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3.2.1 Mel Frequency Cepstral Coefficient (MFCC) 

The MFCC is a weighted feature that considers the frequency perception 

characteristics of human hearing. It provides both time and frequency information and enables 

the handling of dynamic features as it extracts both linear and non-linear properties of the signal. 

It can be expected to perform very well in the diagnosis of STME faults as it captures minute 

changes in the characteristics of sounds. Veteran maintenance staff sometimes detect faults 

from the operating sound of machines, and it is conceivable that a difference in the MFCC 

occurs when a fault occurs. Although it is possible to analyse sounds outside the audible range 

of humans using special high-performance microphones, most of the operating sounds of point 

machines and contactors are within the audible range (below 20 kHz), as shown in the 

spectrogram in the figure in Chapter 1. In addition, the frequency range that can be acquired by 

most commercially available microphones is within the human audible range, and it is important 

to find effective features within the audible range in order to develop a fault detection method 

that can be realised at a low cost. Since the MFCC can capture the fine features of sound in the 

audible range, it is expected to be effective for fault detection. In fact, it has been used to detect 

failures of point machines. The process of calculating the MFCC is as follows. Firstly, acoustic 

data are processed frame by frame in the time domain, similar to the Short-Time Fourier 

Transform (STFT). Pre-emphasis filtering is applied to emphasise high-frequency components 

of the signal since the power of sound attenuates at higher frequencies. Window processing is 

applied to minimise discontinuities on both sides of the frame. This process lowers the high 

frequency on both sides and emphasises the main signals of the centre of the frame. The Fast 

Fourier Transform is used to convert signals from the time domain into the frequency domain 

and obtain the amplitude spectrum. The obtained amplitude spectrum is multiplied by the mel 

filter bank to obtain the mel frequency spectrum. This is called filter bank analysis, one of the 
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methods to reduce the dimensionality of the spectrum. It is based on the idea of aggregating the 

values of the frequency components over a certain range. The mel filter bank is a multiple 

overlapping triangular bandpass filter in which a frequency axis is taken on a mel scale [133] 

and a filter is allocated to it so that the width of the filter becomes equal. The mel scale, 

commonly used in speech recognition, is a perceptual frequency scale designed to replicate the 

non-linear characteristics of human hearing. It represents frequency bands perceived by the 

human ear as equally spaced. It exhibits logarithmic spacing, indicating that the frequency 

intervals between points on the scale increase as the frequency increases. The mel filter bank 

analysis converts the scale of the frequency from linear scale to mel scale. Then, the logarithm 

is taken from the results. Finally, the mel spectrum is converted to the time domain by a discrete 

cosine transform and the low-dimensional component of the cepstrum obtained is the MFCC. 

The following parameters were used for the calculation of MFCC in this study. A 

frame length of 20–40 milliseconds (ms) with a 50% overlap is commonly used for speech and 

speaker recognition tasks. Shao et al. used a frame size of 20 ms and a 10 ms overlap for 

calculating MFCCs for speaker recognition [134]. Jurafsky et al. mentioned that the frame 

width is often set to 20–30 ms and the overlap length is around 50% to 75% of the frame width 

[135]. According to Rabiner et al., the Hamming window is the most commonly used window 

function in speech processing [136]. In this study, the frame length was set to 30 ms and the 

overlap length was set to 20 ms, and the Hamming window was applied. If the dimensionality 

of the MFCC is increased, the more delicate components of the mel frequency spectral envelope 

can be represented; however, since the dimensionality of the feature vector increases making 

the calculation time long, an MFCC with fewer than 20 dimensions [18, 96, 137, 138] or an 

MFCC and logarithmic energy are often used [94]. The MFCC and its time-varying component 

delta MFCC, and the time-varying component of delta MFCC, delta delta MFCC, are 
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sometimes used [95, 138-140]. Nelwamondo et al. tested the accuracy of bearing failure 

detection by varying the number of MFCCs [98]. The results showed that if the number of 

MFCCs was less than 13, the detection rate increased as the number of MFCCs increased, 

although the detection rate remained almost the same when more than 13 MFCCs were used. It 

is common to use 13 MFCCs in the acoustic monitoring field, and the first coefficient is called 

the DC component which is related to the overall loudness of the signal. In this study, 12 of 13 

coefficients, excluding the first coefficient, the DC component, were used as features to avoid 

classifying conditions by the loudness of the signal. The window frame length is 30 ms, the 

overlap length is 20 ms, and the number of MFCCs is set to 12, so if the data length is 1 second, 

1176 features are calculated per datum. 

3.2.2 Wavelet Packet Decomposition Energy (WPDE) 

WPDE is a measure of signal complexity that is calculated using the Wavelet Packet 

Decomposition (WPD) technique. WPD decomposes a signal into sub-bands of different 

frequencies, and WPDE calculates the entropy of each sub-band to provide a multiscale 

measure of signal complexity that is sensitive to changes in signal structure. WPDE has been 

used as a feature in various applications, including speech recognition, image processing, and 

biomedical signal analysis. Therefore, WPDE is a valuable tool for analysing signals that may 

undergo changes in complexity over time, and its applications are widespread in the field of 

signal processing. By analysing the WPDE values, it is possible to detect the presence of faults 

in machinery. WPDE is an effective feature for condition monitoring because it is sensitive to 

changes in signal complexity that may be indicative of machinery faults. Since WPDE is also 

used for fault detection of point machines and circuit breakers, it is expected to be an effective 

feature for fault detection of STME [18, 117, 141]. 
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Wavelet analysis decomposes a signal into shifted and scaled versions of wavelets 

whereas Fourier analysis decomposes it into sinusoids of specific frequencies. Wavelet 

transforms can be broadly classified into two types: continuous wavelet transforms (CWT) and 

discrete wavelet transforms (DWT). CWT is a time–frequency transform and is ideal for 

analysing non-stationary signals. A signal being non-stationary means that its frequency 

domain representation changes over time. CWT uses a variable-size window to tile the time–

frequency plane whereas the STFT uses a fixed window for local frequency analysis. In signal 

processing, a wide window width is suitable for analysing the low frequency range and a narrow 

window is appropriate to find out fast changes in the signal. Therefore, CWT is ideal for the 

analysis of non-stationary phenomena such as transient behaviour, rapidly changing frequencies, 

and slowly changing behaviour, that contain frequency changes in the time domain, as it allows 

the window width to be varied whereas STFT requires several calculations for changing the 

window width appropriately. DWT discretises the scale more coarsely than does CWT; 

therefore, DWT is useful for signal and image compression and denoising while preserving 

important features. A potential drawback of using CWT is that it is computationally time-

consuming. Although DWT can perform time–frequency decomposition of a signal, it is 

generally believed that the degree of frequency resolution in DWT is not sufficient for practical 

analysis. As a compromise between CWT-based and DWT-based methods, WPD is 

computationally efficient and has sufficient frequency resolution. 

WPD offers better time–frequency resolution than does DWT for non-linear and non-

stationary signal analysis, and it has been proven to perform better than DWT [142]. It extends 

the capabilities of DWT: both the approximate and detail coefficients are decomposed into new 

coefficients, whereas DWT does that only for the approximate one. The detail coefficients store 

information lost between two successive approximations, but DWT does not reanalyse the 
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detail coefficients. The advantage of WPD is that it allows for a more selective and fine-grained 

analysis of the signal, as the user can choose which sub-bands to retain and which to discard, 

based on the information content of the signal. WPD of a discrete-time signal x(t) is defined as: 

𝐶!,#(𝑘) = 	2
!
$(𝑥(𝑡) 𝜓#,2!𝑡 − 𝑘.	𝑑𝑡 

where j is the level of decomposition, k is the node index in the binary tree of wavelet packets, 

𝜓!  is the wavelet function, and 𝐶!,#(𝑘)  is the wavelet packet coefficient. Wavelet packet 

coefficients can represent the original signal in detail, but as input data for machine learning, 

they have the disadvantage of having a large number of features. In fault detection, certain 

frequency components may strongly appear in the signal at the time of failure. WPDE is used 

to capture this with a small number of features instead of wavelet packet coefficients. WPDE 

can be calculated by the following procedure. First, calculate the energy of each sub-band by 

𝐸!,# =1 2𝐶!,#(𝑘)2
$

%
 

Next, compute the total energy of WPD by 

𝐸&'&() =1 𝐸!,#
#

 

Relative energy can be expressed by 

𝑝!,# =	
𝐸!,#
𝐸&'&()

 

WPDE can be obtained by 

𝐻 =	−1𝑝!,# ln 𝑝!,# 
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In this study, WPDE is also used as a feature to compare it with MFCC. In the WPD 

of circuit breaker data, some previous researchers used Daubechies wavelets as mother wavelets 

with a decomposition level of 3 to the vibration data [117, 141]. While many studies have 

analysed circuit breaker vibration data, Hou et al. calculated WPDE from acoustic data as well. 

They applied level 3 decomposition WPD with Daubechies 2 as the mother wavelet and showed 

that insufficient lubrication and mechanism fall-off can be detected by using WPDE as a feature. 

Since those faults can happen in various STMEs, in this study, Daubechies 2 is used as the 

mother wavelet and the decomposition level is set to 3. 

3.3 Classification 

3.3.1 Support Vector Machine (SVM) 

SVM is a widely used supervised machine learning algorithm based on Vapnik’s 

statistical learning theory [100]. The basic idea of SVM is to find a hyperplane that maximally 

separates the data into different classes. SVM has many advantages over other classification 

algorithms, such as high accuracy, robustness to outliers, and the ability to handle high-

dimensional data. SVM is a fast and reliable classification algorithm that requires optimisation 

of a small number of parameters. It is a popular method for the detection of failures in various 

types of industrial equipment. SVM is a powerful tool for binary classification and has been 

extended to handle multi-class classification. In multi-class classification, SVM can be 

implemented using either a one-vs-one or one-vs-all approach. In the one-vs-one approach, a 

binary classifier is trained for every pair of classes, and the final prediction is made by majority 

voting. In the one-vs-all approach, a binary classifier is trained for each class to distinguish it 

from all the other classes. SVM has been used for fault detection and classification of STMEs 

such as point machines and circuit breakers and has been shown to be able to classify them with 
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high accuracy. Although it can be expected to obtain good results, there is no previous research 

using SVM to classify initial faults based on acoustic measurement, so accuracy needs to be 

investigated. 

SVM classifies n-dimensional data into n – 1-dimensional separating hyperplanes. The 

SVM theory is as follows: The hyperplane to classify N data can be expressed by the following 

equation. 

 

𝑊*𝑋+ + 𝑏 = 0			(𝑖 = 0,1,2, …𝑁) 

 

The data belonging to group 1, 𝐺,, and the data belonging to group 2, 𝐺$, satisfy the following 

equation. 

𝑊*𝑋+ + 𝑏 > 0			(𝑋+ ∈ 𝐺,) 

𝑊*𝑋+ + 𝑏 < 0			(𝑋+ ∈ 𝐺$) 

 

Using the label function t, the above equation can be expressed as follows: 

(𝑊*𝑋+ + 𝑏) > 0			(𝑖 = 0,1,2, …𝑁) 

𝑡+ = E 1, (𝑡, ∈ 𝐺,)
−1, (𝑡$ ∈ 𝐺$)
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The distance between a point in n-dimensional space and a hyperplane can be expressed by the 

following equation. 

𝑑 = 	
|𝑊*𝑋+ + 𝑏|

‖𝑤‖  

 

The condition of maximising the margin can be expressed by the following formula. 

𝑚𝑎𝑥-,.𝑀,
𝑡+(𝑊*𝑋+ + 𝑏)

‖𝑤‖ ≥ 𝑀			(𝑖 = 0,1,2, …𝑁) 

 

In general, the hyperplane is invariant if both sides of the hyperplane equation are multiplied 

by any real number, so the condition for margin maximisation can be expressed as follows: 

𝑡+(𝑊*𝑋+ + 𝑏) ≥ 1			(𝑖 = 0,1,2, …𝑁) 

 

For data on the hyperplane, the equation 𝑡+(𝑊*𝑋+ + 𝑏) = 1 is satisfied, and the margin M can 

be expressed as 𝑀 = 1/‖𝑤‖. Therefore, the margin maximisation problem can be described by 

the following equation. 

 

N min
-

1
2
‖𝑤‖$

𝑡+(𝑊*𝑋+ + 𝑏) ≥ 1			(𝑖 = 0,1,2, …𝑁)
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The kernel function in SVM maps the input data into a high-dimensional feature space, where 

a linear decision boundary can be used to separate the data into different classes. The choice of 

kernel function can have a significant impact on the classification performance of SVM, as 

different kernel functions are suited for different types of data. The linear kernel function is 

useful because it simplifies the decision boundary, making it easier to interpret and understand. 

This can be especially useful when the goal is to gain insights into the relationship between the 

input features and the output labels. When considering which features are useful for 

classification, simple boundaries may be helpful in understanding the distribution of the 

features. Therefore, a linear kernel is used in this study. 

The Box Constraint is a hyperparameter in SVM that determines the degree to which 

misclassifications are allowed. It is a regularisation parameter that determines the trade-off 

between maximising the margin of the decision boundary and minimising the classification 

error on the training data. In SVM, the Box Constraint parameter controls the penalty for 

misclassifying training data and constrains the magnitude of the coefficients for the decision 

boundary. A higher Box Constraint value leads to a narrower margin and a more complex 

decision boundary allowing fewer misclassifications, while a lower value leads to a wider 

margin and a simpler decision boundary allowing more misclassifications. In practical 

applications, it is important to find a balance between the number of misclassifications and the 

complexity of the model. Without setting a Box Constraint, SVM may overfit the training data 

and fail to generalise well to unseen data. Thus, it is crucial to set an appropriate Box Constraint 

to achieve a good balance between model complexity and accuracy. A common practice is to 

set the Box Constraint to 1, which allows for some misclassifications while still keeping the 

margin reasonably large. This value is often used because it strikes a balance between 

overfitting and underfitting, and it is a widely accepted default value in many SVM 
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implementations. This is particularly useful when dealing with real-world datasets, where the 

data may contain noise or outliers. In this study, the Box Constraint is set to 1. 

When performing multi-class classification, choosing between the one-vs-all and one-

vs-one methods depends on several factors. One-vs-all builds one binary classifier for each 

class, treating all other classes as a single class, whereas one-vs-one trains one binary classifier 

for every pair of classes. While one-vs-all is more straightforward to implement and can handle 

large numbers of classes, it may suffer from imbalanced data, where some classes have few 

examples, and also from ambiguities between classes that are difficult to separate. On the other 

hand, one-vs-one directly models the interactions between each pair of classes, which can lead 

to higher accuracy than one-vs-all in some cases, especially when the data are imbalanced or 

the classes are overlapping. In this study, the one-vs-one method for multi-class classification 

was applied, as it offers several advantages over one-vs-all. Specifically, a dataset from a 

condition monitoring system might contain multiple classes that are not well balanced, with 

some fault classes having much fewer samples than normal or other common faults, and one-

vs-all may struggle to achieve satisfactory results for these classes, as the model has to rely on 

a few examples only. On the other hand, one-vs-one can leverage the similarities and 

differences between classes more effectively, leading to better classification accuracy overall. 

Furthermore, the computational cost of one-vs-one is manageable by choosing only serious 

fault classes. Therefore, one-vs-one is expected to be a promising approach for our multi-class 

classification task. 
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3.3.2 K-Nearest Neighbour (KNN) 

The KNN algorithm is very simple and has the advantage of shortening the learning 

time. It is a non-parametric machine learning algorithm that can be used for both binary and 

multi-class classification. KNN is based on the idea that similar data points should have similar 

labels. The algorithm works by comparing the distance between a new data point and the data 

points in the training set to find the k nearest neighbours. The predicted class of the new data 

point is determined by a voting scheme among the k nearest neighbours. It is also used for fault 

classification of point machines and circuit breakers so it is expected that this would also be 

effective for STME [19, 120]. KNN is also used and its accuracy is compared with SVM to 

validate which classifier is suitable for fault classification. The algorithm for KNN for multi-

class fault classification is as follows: 

First, given a training dataset and its corresponding class labels, and a test dataset, for 

each test data point, calculate the distance between the test data point and each data point in the 

training set. A commonly used distance metric is Euclidean distance, and it was used in this 

study. Select the k closest data points to the test data point based on the calculated distances. 

Determine the class of each of the k nearest neighbours and use a voting scheme to determine 

the predicted class label for the test data point. One common voting scheme is simple majority 

voting, where the predicted class label is the class label that appears most frequently among the 

k nearest neighbours. Reducing the number of k increases the likelihood of overlearning. In 

addition, when performing multi-class classification, it is preferable that k is larger than the 

number of classes because the number of training data around the test data is used for 

classification. The value of k was set at 10 in this study. 
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3.4 Validation 

There are several evaluation metrics for machine learning, including Accuracy, 

Precision, Recall, F1 score, ROC curve, and AUC [143]. Accuracy is the percentage of correct 

results out of all predictions. It is the number of correct answers divided by the total number of 

data. Precision is the percentage of positive predictions that are positive. It is the number of true 

positives divided by the total number of data predicted to be positive. Recall is the ratio of 

predicted positives to actual positives. It is the number of true positives divided by the total 

number of actually positive data. The F1 score is a harmonic mean of Precision and Recall, with 

a higher score indicating better performance. The ROC curve plots the True Positive Rate (TPR) 

against the False Positive Rate (FPR) for different thresholds. It is a useful visualisation tool 

for comparing the performance of different models and selecting the optimal operating point. 

AUC is the area under the ROC curve. It summarises the overall performance of a binary 

classifier across all possible thresholds. 

The failure of industrial equipment causes significant service impact and damage, so 

maintenance and replacement are performed before the equipment fails. Therefore, most of the 

condition monitoring data from industrial machinery are normal data, with only a small amount 

of failure data, resulting in an imbalanced dataset. When dealing with an imbalanced dataset, 

Accuracy, ROC curve, and AUC may not be appropriate evaluation metrics for machine 

learning models. This is because Accuracy does not take into account the imbalanced nature of 

the data, and may lead to high accuracy due to the model’s ability to accurately predict the 

majority class while performing poorly on the minority class. Similarly, the ROC curve and 

AUC are based on TPR and FPR, which may be biased towards the majority class and may not 

provide an accurate assessment of the model’s performance on the minority class. Precision, 

Recall, and F1 score are better suited for evaluating the performance of models on an 
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imbalanced dataset as they take into account both the TPR and FPR of the minority class. 

Additionally, Precision and Recall are especially useful for identifying models that have high 

precision in detecting the minority class. Therefore, when evaluating machine learning models 

on imbalanced datasets, it is important to carefully select appropriate evaluation metrics that 

accurately capture the model’s performance on the minority class. 

Precision, Recall, and the F1 scores are expressed by the following equation using True 

Positive (TP), False Negative (FN), and False Positive (FP). The relationship between TP, FN, 

FP, and True Negative (TN) is shown in Table 6 as a confusion matrix. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 	
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
(3) 

𝑅𝑒𝑐𝑎𝑙𝑙 = 	
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
(3) 

𝐹1	𝑠𝑐𝑜𝑟𝑒 = 	
2𝑇𝑃

2𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁
(4) 

Table 6. Confusion matrix 

 Predicted fault Predicted normal 

Actual fault TP FN 

Actual normal FP TN 

 

FP is the number of normal data diagnosed as a fault. FP means a diagnostic result is 

wrong but as the equipment is fine there is no risk of an accident, but the more FPs there are, 
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the less confidence the maintenance engineers have in the system. FN means that faults are 

missed, increasing the probability of accidents and this is known as a wrong-side failure in the 

railway field [144, 145]. The most important thing when considering condition monitoring of 

industrial machines is not to miss any faults as the damage caused by a failure is significant. TP 

and FN are more important than FP; therefore, in the condition monitoring of industrial 

machines, a fault detection model should be evaluated by Recall rather than Precision. However, 

if the models are evaluated only by Recall, a model that diagnoses all data positively will also 

be evaluated as having high performance, so in this research, Recall will be used for evaluation, 

and the F1 score also will be used to check the balance of the model. 

3.5 Summary 

This chapter explains the fault diagnosis algorithm, features, classifiers, and evaluation 

method of the fault diagnosis model used in this study. The algorithm used in this study is 

shown in Figure 8. Of the data acquired in the experiment, 90% of the total is used for training 

and 10% is used for validation by k-fold cross-validation. When evaluating the effect of noise, 

additive white Gaussian noise is added. Additionally, for investigation of the crucial frequency 

range in the analysis, a bandpass filter is employed to obtain data from the required range. 

The MFCC and WPDE, which are features used in this study, and SVM and KNN, 

which are classifiers, have been previously explained in this chapter. In summary, the MFCC 

is calculated using the MATLAB mfcc function. For the calculation, a window frame length of 

30 ms is employed with an overlap length of 20 ms, and a Hamming window is used. Twelve 

MFCCs are used, excluding the first coefficient which is the DC component. The WPDE is 

calculated using the modwpt function, Daubechies 2 is used as the mother wavelet, and the 

decomposition level is set to 3. For SVM classification, the templateSVM and fitcecoc 
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functions are used, and the Box Constraint is set to 1. For KNN classification, the fitcknn 

function with Euclidean distance is used and k is set to 10. 

Although these methods have been used in point machines and circuit breakers in 

previous research, their accuracy has been investigated only for serious failures or an 

insufficient amount of data have been verified. In this study, a sufficient amount of initial fault 

data is acquired to verify how accurately the combination of these techniques can diagnose 

faults. Accuracy is verified by Recall and F1 score. In the condition monitoring of industrial 

machinery, it is important not to miss a fault, because missing a fault causes a large amount of 

damage. Recall is a suitable metric to evaluate a model for how accurately it can diagnose faults. 

However, since a model that diagnoses all data as faults is also highly evaluated when 

evaluation is performed only by Recall, the balance of the model is also investigated using the 

F1 score. 

In the next chapter, experiments on a point machine and contactors will be described. 

The features of data obtained from experiments will be extracted and classified by the method 

described here, and their accuracy will be compared. 
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 EXPERIMENT WITH SLOW STME: POINT 

MACHINE 

4.1 Introduction  

To confirm the effectiveness of the proposed method, two types of STME were used 

to acquire data and investigate the diagnostic accuracy of the proposed method. As mentioned 

in Chapter 1, STME is categorised into two types: one is slowly operated and generates sound 

in the low-frequency range, such as point machines or doors, and the other is operated at high 

speed and generates sound in the high-frequency range, such as contactors or circuit breakers. 

To investigate whether the proposed method is effective for general STME, this study uses both 

types of STME, slow STME and fast STME. This chapter describes the details of the 

experiment and results for slow STME. A point machine is used as the first experimental target. 

A point machine is a type of STME that moves a set of points to change the route of a train. It 

uses motor or hydraulic power to move the rails over a period of several seconds. The sound of 

the movement is long and mostly in the low-frequency range. In the experiment, normal and 

simulated fault data were obtained. Classification accuracy was compared to determine the 

optimal feature extraction and classification method for fault diagnosis. Since the data were 

acquired indoors and the effect of background noise is small, white noise was added to the 

acquired data to simulate an outdoor environment to investigate the effect on the classification 

accuracy. 
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4.2 Experiment using a point machine 

To investigate the accuracy of mechanical fault diagnosis by using acoustic data, tests 

were conducted using an HW point machine. The structure of the HW point machine is shown 

in Figure 9. The point machine contains the motor and gears, which move the drive rod, and 

the motor side nut or the undriven side nut attached to the drive rod pushes or pulls the switch 

rails. When the switching process is completed, the locking mechanism inside the point 

machine operates and the switch rail is locked. When switching to another direction, the switch 

rail is first unlocked, and then the drive rod starts to move. In this experiment, the direction in 

which the switch rail moves away from the point machine was defined as Normal to Reverse 

(NR), and the direction in which the switch rail approaches the point machine was defined as 

Reverse to Normal (RN), as shown in Figure 9. 

 

Figure 9. Structure of HW point machine 
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Acoustic data were collected from the HW point machine in a laboratory at the 

University of Birmingham. Two microphones were used for data acquisition, one (mic point) 

placed next to the point machine and the other (mic track) placed in the track. Microphone 

positions are shown in Figure 10. Table 7 shows the measuring equipment used in this test. As 

described in Chapter 2, obstruction is the most common failure of point machines, and a dry 

slide chair is also common. Contamination and adjustment errors such as loose nuts and over-

tightened bolts or nuts also occur in certain numbers [34-36]. In addition to these faults, voltage 

drops have a high probability of occurring. Therefore, obstruction, dry slide chair, 

contamination, loose nut, over-tightened nut, and voltage drop were used as simulated faults in 

the experiment of this study. 

 

Figure 10. Location of microphones 
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Table 7. Measuring equipment 

Measuring equipment Model Range 

Microphone GRAS 46E 3.15 Hz 〜 20 kHz 

Current sensor Current transducer HTR 50 −50 A ~ 50 A 

Force sensor Rail pin −17 kN ~ 17 kN 

Displacement sensor SLS 190 0 ~ 250 mm 

 

The point machine was operated every 10 seconds and the data were acquired. Each 

piece of data was collected for 4.5 seconds from 0.5 seconds before the current supply to the 

motor exceeded 10 A. Data were obtained for each direction ‘NR’ and ‘RN’. The test schedule 

is shown in Table 8. 
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Table 8. Test schedule 

Data type Number of data NR Number of data RN 

Contamination 125 129 

Dry slide chair 495 499 

Normal 849 851 

Obstruction (motor side) 167 167 

Obstruction (undriven side) 317 313 

Voltage drop 87 88 

Loose nut (motor side) 144 147 

Loose nut (undriven side) 73 74 

Over-tightened nut (motor side) 137 133 

Over-tightened nut (undriven 

side) 
240 242 

 

Since the point machine had not been used for many years, rust and dust had stuck on 

the slide chair. A slide chair is a component of a rail track and is placed underneath the rail, 

providing a flat surface for the rail to sit on and distributing the weight of the train more evenly. 

The position of the slide chair is shown in Figure 10. It also helps the movement of the switch 

rail as grease is applied to it. Some point machines used in industry are stained by iron powder 

from rails and rusted, and this condition is called contamination. In the experiment, this 
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condition was defined as a contamination and data were obtained under this condition. After 

data acquisition, all slide chairs were cleaned up and dried to make the condition of dry slide 

chairs. A dry slide chair is a condition in which the grease on the slide chair is washed away by 

rain, and the switch rail movement becomes impaired. In this condition, the resistance of the 

switch rail and the slide chair increases and may cause failure. In this study, the condition after 

cleaning the slide chair was defined as dry slide chair and data were collected. After that, grease 

was applied, and normal data were obtained. Each condition of the slide chair is shown in Figure 

11. 

 

Figure 11. Condition of the slide chair 

To simulate obstruction, thin metal plates were applied to make a gap between the 

switch rail and the stock rail. The gap made by a metal plate is shown in Figure 12. Since many 

point machines are installed near train stations, rubbish falls from the platform onto the tracks 

and sometimes gets stuck between the rails. In rural areas of Japan, turtles sometimes wander 

onto the track from a level crossing, move along to the point machine, and get caught between 

the rails of the point machine [146]. In the case of a large obstruction, it is immediately removed 

by maintenance staff because an alarm is triggered due to incompletion of the point machine 

operation; however, in the case of a small obstruction or one crushed by the force of the point 

machine, there is no interference with the operation and there may be a delay in noticing the 
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presence of the obstruction. If it is a small obstruction, the point machine tries to move the 

switch rail completely and keeps applying the force, which will continue to apply greater force 

than designed and may cause a failure. In this study, the gap was set to less than 3.5 mm as 

detector rods can detect gaps over 3.5 mm [20]. The gap was made on both the motor side and 

the undriven side. The case with obstruction on the point machine side is called ‘obstruction 

motor side’, and the case on the opposite side is called ‘obstruction undriven side’ in this study. 

 

Figure 12. Obstructions between switch rail and stock rail 

To simulate a voltage drop, the voltage supplied to the point machine was reduced 

from the standard voltage of 110 V to 105 or 100 V. There are many cases where the power 

supply unit and the point machine are far from each other due to the layout of the tracks and 

space limitations. In such cases, the voltage and current of the power supply unit may not always 

be the same as that supplied to the point machine, since most point machines are installed 

outdoors and there is a possibility of voltage drops and leakage currents. Since the power supply 

unit is equipped with a voltage sensor, the voltage at the unit can be measured, but if a leakage 

occurs in the cable between the unit and the point machine, the unit’s sensor cannot detect a 

voltage drop. If the acoustic data of the point machine are changed by a voltage drop and it can 

be detected, the voltage sensor of the unit can be reduced. 



Chapter 4 Experiment with slow STME: point machine  

63 

To simulate loose nuts and over-tightened nuts, the nuts attached to the drive rod were 

loosened and over-tightened. The nuts adjusted in this experiment were the motor side nut and 

the undriven side nut shown in Figure 9. Loosening the nuts of a point machine can cause 

serious accidents such as derailment [3]. Nuts that are not properly tightened are known to 

loosen more quickly than those that are properly tightened. A loose nut sometimes happens 

because nut tightening requires a particular technique [147]. Past railway accident 

investigations have confirmed that some maintenance staff were not adequately trained or 

familiar with the correct procedure for tightening nuts [3]. Therefore, it is regularly checked by 

maintenance staff, but because there are many opportunities for adjustment, it is possible that 

inappropriate maintenance such as loosening or excessive tightening may occur when checks 

are performed by staff with inappropriate knowledge. The case with the nut on the motor side 

loosened is called ‘loose nut motor side’, and the case with the nut on the undriven side loosened 

is called ‘loose nut undriven side’. Over-tightening cases are called in the same way ‘over-

tightened motor side’ and ‘over-tightened undriven side’. 

Example time-domain representations and power spectrograms for both normal and 

fault data are shown in Figure 13. Comparing the signals, no clear difference can be seen, but 

the dry slide chair produces low-frequency sound after 4 seconds. Also, the operation time is 

slightly longer for the voltage drop and over-tightened nut. Low-frequency sound is generated 

after around 3.5 seconds in normal data, but it cannot be confirmed in over-tightened nuts. No 

observable differences can be seen clearly in the other fault data; therefore, it needs 

investigation using a feature extraction method to identify differences. 
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Figure 13. Spectrograms for each condition of signal and power (NR direction) 

4.3 Classification accuracy 

Accuracy was evaluated by Recall and F1 score metrics as described in Chapter 3. 

MFCC and WPDE were used as features and SVM and KNN were used as classifiers. Details 

of these methods are also described in Chapter 3. Table 9 shows the Recall and F1 score for the 

classification of all faults by each feature extraction method and classifier. When MFCC was 

used as the feature, it was found that both Recall and F1 scores were more than 99% regardless 

of the classifier. On the other hand, the use of WPDE was found to be impractical due to a 

considerable drop in accuracy. 
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Table 9. Recall of the fault diagnosis 

Feature 

extraction 
Classifier Mic 

NR RN 

Recall [%] F1 score [%] Recall [%] F1 score [%] 

MFCC 

SVM 

Point 99.6 99.8 99.2 99.6 

Track 99.3 99.7 98.9 99.4 

KNN 

Point 99.6 99.6 99.6 99.8 

Track 99.6 99.7 99.4 99.7 

WPDE 

SVM 

Point 49.0 61.5 42.1 57.8 

Track 16.7 27.2 30.4 45.5 

KNN 

Point 79.9 82.7 77.1 81.8 

Track 63.5 69.1 67.0 74.8 

 

4.3.1 Classification accuracy using MFCC 

When MFCC was used as the feature, NR data seemed to be diagnosed slightly more 

accurately than RN data. To investigate the results further, confusion matrices were created , as 

shown in Figure 14 and Figure 15. Each figure has four matrices, which are the results of 

classifying the data in the NR direction obtained from ‘mic point’, the data in the RN direction 

obtained from mic point, the data in the NR direction obtained from ‘mic track’, and the data 

in the RN direction obtained from mic track. The top two matrices are for data acquired from 

the mic point and the bottom two are data from the mic track. The two on the left are for data 
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in the NR direction, and the ones on the right are for data in the RN direction. Figure 14 shows 

the classification of these four sets of data by SVM and Figure 15 shows the result using KNN 

as a classifier. From all the figures, it can be seen that most faults were diagnosed accurately as 

well as detected. However, some faults appear to have been diagnosed as normal, especially 

when SVM was used as the classifier. These are called False Negatives (FN), and when RN 

data are used, there seem to be slightly more FN, reducing the Recall. When using KNN, the 

number of FN is smaller than when using SVM, but the number of False Positives (FP) is larger 

than that for SVM. 
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Figure 14. Diagnostic results by MFCC-SVM 

In the case of ‘obstruction motor side’, ‘obstruction undriven side’, and ‘over-

tightening undriven side’, the results of the NR data are better than those of the RN for both 

classifiers. As for ‘obstruction motor side’, since the obstruction was placed on the motor side, 

it was thought that the RN direction operation would produce a louder collision sound of the 

rail and the object, and would be able to classify the fault more accurately; however, the NR 

data were more accurately diagnosed. The accuracy of both NR data of ‘obstruction motor side’ 

and RN data of ‘obstruction undriven side’, where the switch rail did not hit the object, were 

expected to be low as there wasn’t a collision sound in the data; however, both faults can be 

diagnosed with high accuracy. This suggests that there is a more important factor to diagnose 
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an ‘obstruction’ rather than collision sound. It is probable that the initial position of the rail 

changes due to the presence of the obstruction, which changes the sound of locking and 

unlocking the switch rail. Figure 16 shows the amplitude of operating sound of ‘obstruction 

motor side’ for each direction. The NR data from both microphones turned out to be louder than 

those of RN side, especially for the unlocking phase. The NR data of the mic point is over 17% 

louder (greater SPL) than the RN, and the unlocking phase of the data is over 30% louder. The 

SPL of the unlocking phase of NR was higher than that of RN, and it is thought that the higher 

accuracy could be obtained because the clear difference of features was captured. The SPL 

seems to be a factor in the higher accuracy of the analysis result of ‘mic point’ than that of ‘mic 

track’. The mic point data is over 90% louder than mic track data, and it is considered that the 

difference in the characteristics became clear. 

  



Chapter 4 Experiment with slow STME: point machine  

69 

  

Figure 15. Diagnostic results by MFCC-KNN 

The same phenomenon seems to occur during over-tightening. When the undriven side 

nut is over-tightened, it makes sense that RN data are diagnosed correctly as the nut would 

move the switch rail earlier than usual and push the switch rail more against the stock rail than 

usual, resulting in a significant difference in the operating sound. However, since the data in 

the NR direction were also classified without error, it is conceivable that excessive tightening 

of nuts causes a change in the locking mechanism and a large difference in the sound at the time 

of unlocking. 

 

Figure 16. Amplitude of operating sound for each direction 
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In the case of ‘loose nut motor side’, KNN can accurately diagnose data in either 

direction, although SVM misdiagnosed several data as normal. When the nut on the motor side 

is loosened, it is assumed that a large difference occurs in the NR direction as the nut cannot 

push the switch rail enough, and little difference occurs in the RN direction since the nut is 

unlikely to directly affect the movement of the switch rail. However, as RN data were also 

classified accurately, it is conceivable that when the nut on the motor side is loosened, the force 

pushing the switch rail against the stock rail becomes weak and the position of the switch rail 

changes more on the motor side than usual. This changes the sound of unlocking, and the RN 

data were accurately classified. 

Both SVM and KNN could diagnose a voltage drop with 100% accuracy. Although the 

voltage was only changed by about 4.5~9%, it is considered that the differences in the MFCC 

appeared due to the changes of the motor rotation speed by lowering the voltage. The voltage 

of a point machine installed outdoors is likely to drop due to electric leakage, and many point 

machines have voltage sensors. If the microphone eliminates the need for voltage monitoring 

sensors, it can be expected to reduce the maintenance cost of point machines. 

When ‘dry slide chair’ was classified by SVM, there were more FNs in the NR 

direction, but when using KNN, only one FN was present in the RN direction and NR data were 

diagnosed with 100% accuracy. When comparing the difference in accuracy between 

microphones when using SVM, the accuracy of mic point is higher even though the state of the 

slide chair was changed. This suggests that the sound from the point machine is more important 

than the rail when diagnosing faults. Overall, diagnostic performance appears to be higher when 

using KNN as a classifier for all faults. 
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Diagnostic performance depending on the position of the microphone was investigated 

and it was found that the data acquired by the microphone near the point machine had higher 

diagnostic accuracy regardless of which classifier was used. The spectrograms for mic point 

and mic track are shown in Figure 17. The SPL of mic point is larger when unlocking from 0.5 

to 1.2 seconds and locking from 2.5 to 3.5 seconds. This is because there is a locking mechanism 

in the point machine. On the other hand, the SPL of the track microphone becomes larger for 

the sound of the switch rail moving on the slide chair between 1.2 and 2.5 seconds. Before the 

analysis, it was thought that the abnormal condition could be detected from sound changes of 

the rail moving on the slide chair due to the large noise of the rail colliding with obstruction, 

contamination, and the dry condition; however, considering the analysis results, it was 

concluded that locking or unlocking the switch rail is more effective for diagnosing the 

abnormal condition. Since locking and unlocking sounds are effective in diagnosing 

abnormalities, it is considered that the diagnostic accuracy of mic point increased with a larger 

SPL of the sound in those parts. 

  

Figure 17. Sound spectrogram for each microphone 
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4.3.2 Summary of accuracy using MFCC 

The analysis described in section 1.2.1 revealed that it is possible to diagnose point 

machine faults with high accuracy using either SVM or KNN classifiers when MFCC is used 

as the feature. SVM results in more FN, while KNN results in more FP, and KNN was found 

to be slightly more accurate than SVM. A detailed analysis of the classification accuracy shows 

that the sounds of locking and unlocking are important factors when classifying faults. The 

reason why the accuracy of the RN data for many faults was high is that because the sound of 

unlocking was larger than that of the NR data, and the clear difference of features could be 

calculated. At first, in the case of an obstruction or lack of grease, it was expected that the sound 

of a rail colliding with an obstruction or the sound of a rail moving on a slide chair with 

insufficient grease would be important for the diagnosis; however, data from mic point with a 

high SPL of unlocking were classified with higher accuracy than data from mic track with a 

high SPL of moving rail sound. This also supports the importance of the sound of unlocking. 

Furthermore, the higher accuracy of mic point for most faults is probably due to the larger SPL 

of the unlocking than for mic track. For these reasons, when using an MFCC, it is important to 

acquire the sound of the unlocking at a high SPL, and a mic point that can achieve this is the 

most suitable position for diagnosis. 

4.3.3 Classification accuracy using WPDE 

When WPDE was used as the feature, the Recall was drastically reduced compared to 

MFCC. Figure 18 and Figure 19 show classification accuracy using WPDE. It is revealed that 

most of the data were accurately diagnosed when MFCC was used, but when WPDE was used, 

most could not be diagnosed correctly. When SVM was used as the classifier, most of the fault 

data except for ‘over-tightened undriven side nut’ were misclassified as normal. As detection 

accuracy of ‘over-tightened undriven side nut’ is high, when this fault occurs, a distinct noise 
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is generated, which makes a large difference in WPDE. Most of the other faults, that were 

almost accurately diagnosed by MFCC, were not accurately diagnosed by WPDE, suggesting 

that there is little difference in each frequency band, although there are some differences in the 

time component of the operating sound data. 

 

 

  

  

Figure 18. Diagnostic results by WPDE-SVM 
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Figure 19. Diagnostic results by WPDE-KNN 
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changes in the time component and this should be the reason WPDE cannot detect a voltage 

drop. 

Although the sound of rail movement due to contamination and dry slide chairs should 

also cause changes in the frequency component, the combination of WPDE and SVM seems to 

have had difficulty in diagnosing abnormalities. 

Noise during locking and unlocking is also expected to occur when there is an 

obstruction or a loose or over-tightened nut, but the detection rate of these faults was low. The 

reason for this is that the operating sound data of the machine itself are longer than the length 

of the abnormal noise and the difference of WPDE becomes small. However, the use of KNN 

as a classifier improved the accuracy a little. In particular, the dry slide chair and over-tightened 

nut of the NR data acquired from mic point could be diagnosed with a certain degree of accuracy. 

In the case of the dry slide chair, as was the case with the MFCC, the mic point data had better 

diagnostic accuracy, suggesting that when a fault occurs, there is a change in the operating 

sound of the point machine rather than the operating sound from the rail. For the same reason, 

an over-tightened nut should also generate noises in the point machine. The reason why SVM 

could not detect this might be related to the distribution of features. SVM cannot classify with 

high accuracy unless the distribution of features is linearly separable. KNN is relatively 

adaptive to data with non-linear boundaries because it classifies based on the distance between 

data points. This may have allowed KNN to classify them with a certain degree of accuracy. 

The reason why ‘loose nut’ could not be detected by WPDE is that it does not generate 

much abnormal sound compared to ‘over-tightened nut’. Initially, it was assumed that the 

abnormal sound was generated by the locking mechanism because the position of the switch 

rail changes as the position of the nut changes. The lock rod has a cutout, and the locking bar 
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enters the cutout to lock the point machine so that the switch rail does not move after switching 

the position. The structure of the locking mechanism is shown in the red frame of Figure 20. 

When the nut of the drive rod is loosened or over-tightened, it changes the position of the switch 

rail, and also the position of the lock rod, as it is connected to the switch rail. This may make 

the locking bar and lock rod, which normally do not touch each other, rub together to produce 

an abnormal sound. When the undriven side nut is loosened, the switch rail cannot achieve its 

proper position and neither can the lock rod, locating the position more to the undriven side 

than usual. This makes the locking bar touch the motor side of the lock rod cutout. 

 

Figure 20. Structure of the point machine 

If so, the detection rate for both ‘over-tightened nut’ and ‘loose nut’ cases should be 

high. However, the high detection rate for ‘over-tightened nut’ and the low detection rate for 

‘loose nut’ suggest that the abnormal sound is not only generated from the locking mechanism 

but also generated from other parts or components. Spectrograms were made to investigate the 

abnormal sound generated during the locking phase of ‘loose nut’ and ‘over-tightened nut’. The 

generated spectrograms are shown in Figure 21. 
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Figure 21. Sound spectrograms for over-tightened and loose nuts (NR direction) 

Spectrogram investigation revealed that there was no significant noise in the locking 

phase when the nut was loosened. In both cases of ‘loose nut’ and ‘over-tightened nut’, the 

abnormal sound from the motor before locking was found to be larger than normal. This is 

caused by a load on the motor that is different from the normal load due to the different position 

of the nut. In addition, it was confirmed that the timing of the locking was changed by changing 

the position of the nut. The reason why both ‘loose nut’ and ‘over-tightened nut’ could be 

diagnosed with high accuracy using MFCC is that it captures the characteristics of the abnormal 

sound of the motor and the difference of the timing of the locking. On the other hand, WPDE 

failed to capture these features, which may have reduced the accuracy of identifying ‘loose nut’. 

However, for over-tightening, it was found that low-frequency sound is generated during the 

locking phase. As it is possible to diagnose ‘over-tightened nut’ using WPDE, it suggests that 

WPDE captures this feature to classify the data. 

This abnormal sound occurs in a frequency band almost equal to the rotation speed of 

the motor (500 Hz), and it is highly possible that it occurs near the motor. In addition, since it 
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is caused by excessive nut tightening, it seems to be caused by the fact that the switch rail meets 

the stock rail and the motor tries to keep running even though there is no more space to move. 

In such a case, the clutch is activated to prevent excessive load on the motor. 

The abnormal sound happening in the case of ‘over-tightened nut’ is thought to be due 

to clutch slipping. The clutch is a mechanical device used to transmit or shut off the power of a 

motor to the main gear. It allows for smooth starting and stopping of gears without stopping the 

motor. The clutch consists of a pressure plate, a friction plate, and a flywheel. When the clutch 

is engaged, the pressure plate presses the friction plate against the flywheel, transmitting power 

from the motor to the gear. When the clutch is disengaged, the pressure on the friction plate is 

released, disconnecting the motor power from the gear. If an unexpected or excessive load is 

applied to the motor while the clutch is engaged, clutch slipping happens. This means that the 

friction plate is unable to effectively grip the flywheel, resulting in a loss of power transmission 

to the wheel and the production of a squealing sound or a grinding noise as the friction plate 

slips against the flywheel. If the nut is over-tightened, the switch rail is already attached to the 

stock rail, but the motor tries to keep turning and clutch slipping occurs. The movement of each 

component when the nut is over-tightened is described as follows. 

The drive rod to which the nut is attached is connected to the sliding yoke in the point 

machine. The structure of the point machine is shown in Figure 20. The part shown in red is 

called the Scotch yoke mechanism, which converts the rotational motion of the motor into 

horizontal motion. The gear in the clutch connected to the motor rotates the main gear, and the 

rolling bearing attached to the main gear pulls the sliding yoke and changes the direction of 

motion. When the drive rod nut is over-tightened, the switch rail contacts the stock rail early. 

Normally, as soon as the switch rail touches the stock rail, the machine is locked and stops 
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operation. However, if the nut is excessively tightened, the machine tries to continue to operate 

even after the switch rail contacts the stock rail, and the switch rail is subjected to a large 

reaction force from the stock rail. The reaction force from the stock rail also exerts excessive 

force on the drive rod through the drive lug. This force may cause excessive load on the motor 

through the sliding yoke and main gear, resulting in clutch slipping and an abnormal sound. 

When the nut is loosened, the motor is not overloaded because the motor is not subjected to 

excessive force from the stock rail. This could be the reason for the low fault detection accuracy 

for ‘loose nut’ but a high rate for ‘over-tightened nut’ by WPDE. 

4.3.4 Summary of accuracy of using WPDE 

It was found that classification accuracy is significantly reduced when WPDE is used 

compared with MFCC. While MFCC can capture fine sound changes, WPDE seems to capture 

only large changes. Only over-tightening could be detected with relatively high accuracy. On 

the other hand, because loose nut was not detected with high accuracy, it could be that WPDE 

can capture the abnormal sound of the motor generated only during over-tightening. 

Considering the results of section 1.2.2, it was found that the MFCC is the best method for 

diagnosing faults using acoustic data. 

4.4 The effect of noise 

Since point machines are usually installed outdoors, noise such as wind and rain is 

mixed in when taking the acoustic data of the point machine. To examine the effect of noise on 

the proposed method, white noise was added to the data. The SPL of added noise was 37 dB 

and 55 dB corresponding to light and heavy rain, respectively [130, 131]. Table 10 and Table 

11 show the results of adding noise. Considering fault detection and diagnostic accuracy, it is 

better to use MFCC as a feature: when using MFCC, even if noise equivalent to heavy rain is 
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added, it was found that it has little effect on accuracy. The results for mic point and mic track 

also show that mic point is more accurate. This is because the data from mic point are over 90 % 

louder than the track one and therefore, less affected by noise. It can be expected to detect and 

diagnose a point machine fault with high accuracy without being affected by noise in an actual 

outdoor field. 

Table 10. Recall of fault diagnosis with 37 dB noise 

Feature 

extraction 
Classifier Mic 

NR RN 

Recall [%] F1 score [%] Recall [%] F1 score [%] 

MFCC 

SVM 

Point 99.6 99.8 99.1 99.5 

Track 99.6 99.8 98.9 99.5 

KNN 

Point 99.7 99.7 99.6 99.8 

Track 99.3 99.4 99.4 99.7 

WPDE 

SVM 

Point 49.0 61.5 41.9 57.6 

Track 16.9 27.3 30.1 45.2 

KNN 

Point 79.4 82.3 77.3 81.9 

Track 63.5 68.9 66.6 74.8 
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Table 11. Recall of fault diagnosis with 55 dB noise 

Feature 

extraction 
Classifier Mic 

NR RN 

Recall [%] F1 score [%] Recall [%] F1 score [%] 

MFCC 

SVM 

Point 99.6 99.8 99.3 99.6 

Track 99.3 99.7 98.7 99.3 

KNN 

Point 99.7 99.7 99.1 99.5 

Track 99.6 99.7 99.3 99.6 

WPDE 

SVM 

Point 49.0 61.3 46.7 62.3 

Track 46.6 60.8 37.5 53.4 

KNN 

Point 78.6 81.5 77.7 82.4 

Track 71.7 76.3 71.7 78.9 

 

4.5 Important frequency range of operating sound 

It is conceivable that the operating sound of the point machine includes various sounds 

such as the rotating sound of the motor, the sound of the rail being dragged, and the sound of 

the locking mechanism. To investigate which frequency band affects the diagnostic accuracy, 

the MFCC was calculated from operating sound data after applying bandpass filters, and the 

calculated accuracy was compared by using SVM. Each accuracy was calculated by varying 

the lowest and highest frequencies of the bandpass filters. The lowest frequency tested was 20 
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Hz and the highest was 20 kHz. Two hundred and 10 bandpass filters were investigated, with 

the lowest and highest frequencies of the bandpass filters varying by 1000 Hz. Since it takes 

time to calculate the accuracy using all the data, it was calculated by randomly selecting 10 sets 

of data for each condition. The results are shown in Figure 22. The top 10% of accuracy is 

shown in red and the bottom 10% in blue. The results revealed that the accuracy of the data 

increased when including sounds around 11 kHz. On the other hand, if sounds around 3 kHz 

are included, the accuracy decreases. From this result, it was found that the frequency range 

around 11 kHz is important for diagnosing the condition. On the other hand, since the accuracy 

decreases when 3 kHz sounds are included, it is considered that this frequency range contains 

noise and sound unrelated to condition diagnosis. By using a bandpass filter to acquire 

important frequency bands, the effect of noise can be reduced, and accuracy can be enhanced. 

 

Figure 22. Recall of each bandpass filter 
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4.6 Summary and findings 

In Chapter 1, the hypothesis that it is possible to diagnose the initial faults of STME, 

such as point machines, from acoustic data was described. The investigation in this chapter 

proved that initial faults can be detected and diagnosed with high accuracy for a point machine. 

The answers to the following research questions in the same chapter were found by this analysis. 

・ Which algorithm is most appropriate? 

It was found that the combination of MFCC and SVM (MFCC + SVM) and of MFCC and KNN 

(MFCC + KNN) enables fault detection and diagnosis with high accuracy. Accuracy for both 

is sufficiently high, but MFCC + KNN was found to be slightly more accurate than MFCC + 

SVM. It was also found that WPDE can diagnose faults to some extent with accuracy for some 

types of faults, but many misdiagnoses occur. This may be because the difference of each 

frequency band did not increase even when the fault occurred, and the WPDE was not capable 

of capturing minute time-varying components such as MFCC. 

・ How accurate is the system and does that vary by fault? 

When the MFCC was used as a feature, it was found that all faults could be detected and 

diagnosed in more than 95% of cases. Most faults can be accurately classified, but some 

misclassification of ‘loose nut’ and ‘obstruction’ occurs. However, it can be said that the 

diagnostic performance of all faults is sufficiently high. 
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・ How tolerant is it to noise? 

It was found that the proposed method has little effect on classification accuracy even when the 

data are mixed with noise at heavy rain levels. Even if there is noise, it can diagnose the 

condition of the target, so practical application is expected. 

・ Which microphone position is most appropriate? 

For all faults, the analysis accuracy of the data acquired by the microphone near the point 

machine was the highest. It was found that the microphone should be placed close to the point 

machine because the sound generated from the point machine can be used to detect and 

diagnose faults with high accuracy. Since the point machine is slightly away from the centre of 

the track, installing a microphone near the point machine is expected to reduce the risk rather 

than installing a microphone inside the track. 
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 EXPERIMENT WITH FAST STME: 

CONTACTORS 

5.1 Introduction 

This chapter describes the details of the second experiment to verify whether STME 

faults can be diagnosed by acoustic data and the results of the data analysis. The second 

experimental target is a contactor. A contactor is a switch used to turn an electric circuit on and 

off and uses a solenoid coil or spring force to move a moving blade. Most contactors operate in 

less than one second, a shorter operation compared to point machines. Since the moving and 

fixed blades collide with each other at high speed, the operating sound has a wide frequency 

range. To investigate the diagnostic accuracy for impulse sounds containing high frequency 

bands, normal and simulated fault data are obtained from the machines as in Chapter 4. Features 

are extracted from the data and the accuracy is calculated with each feature and classifier to 

find the best combination. As with the point machine, since the data were acquired indoors to 

capture only the acoustic data from the target, white noise was added to the acquired data to 

simulate other machines’ sound, and the effect on classification accuracy was also investigated. 

5.2 Experiment using contactors 

To investigate the accuracy of mechanical fault diagnosis by using acoustic data, tests 

were conducted using 6.6 kV contactors. The structure of a contactor is shown in Figure 23. 

The contactor has two moving parts, one at the top and the other at the bottom. The electrode 

connected to the moving part engages with and detaches from the fixed electrode to connect 
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and disconnect the circuit. Figure 24 shows the movement of the components when the 

contactor is opened and closed. The following procedure switches the contactor on and off. 

1. The plunger is accelerated by the current flowing through the solenoid coil. This causes the 

upper and lower moving parts to move downwards and upwards. 

2. The opening springs are shortened, and the moving contact (electrode) contacts the fixed 

contact, thus forming a circuit. 

3. After the circuit is formed, the current flows through the holding coil, which attracts the 

plunger and continues to form the circuit. 

4. The holding coil’s current is stopped, and the opening spring force returns the moving part 

to its original position. 

This mechanism is designed to ensure that the circuit is safely opened in a power failure. 

 

Figure 23. Structure of the contactor 
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Figure 24. Movement of contactor components through opening and closing 

In the test, one normal contactor and one damaged contactor were used. The damaged 

contactor (contactor B) had a broken bolt in the lower moving part, although it could be opened 

and closed. All contactors were installed in the same cabinet. As described in Chapter 2, most 

failures of circuit breakers are related to mechanical problems [107, 108]. Similar failures are 

likely to occur with contactors that are similar in structure to circuit breakers. Since contactors 

operate more frequently than circuit breakers, a lack of grease in moving parts, weakening of 

springs that are repeatedly compressed, improper position of components, and loosening nuts 

can also be considered. Since operating the contactor with the nut loosened can cause the 

machine to break, obstruction was simulated in this study as loosened nuts may come off and 

get caught between the moving parts. Metal powder may be generated by wear of the moving 

part due to long periods of operation. It is also conceivable that metal powder and dust may 

accumulate as an obstruction between the moving parts. 
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In this study, the following multiple faults shown in Table 12 were considered to have 

happened and data for those simulated faults were obtained from contactor A. A lack of grease 

is quite likely to occur because of the frequent use of machines. When the grease runs out, it is 

expected that the friction of the sliding surface increases, making an unusual high-frequency 

sound, and the operating time increases. It is also conceivable that the spring may become weak 

due to frequent use. As the spring weakens, the initial position of the moving blade changes, 

which appears to make a difference in the sound when the blade starts moving. Since many 

parts move frequently, the parts wear out and metal powder may be generated. Not only metal 

powder but also dust can accumulate, and there is a high possibility of such kinds of objects 

being caught between moving parts. It is conceivable that a nut or some parts may come off due 

to high-frequency operation and be caught in a moving part as well. If obstruction happens, an 

abnormal sound is expected to occur as the blade hits the object. Pins connecting parts may also 

shift from their normal position due to frequent operation. If a pin slips and the connection 

between the components becomes weak, the balance of power may be changed, and the timing 

of the operating sound may change. 

Table 12. Simulated fault modes 

Fault number Fault mode 

Fault 1 Lack of grease 

Fault 2 Spring weakening 

Fault 3 Obstruction 

Fault 4 Improper pin position 
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Table 7 shows the measuring equipment used in this test. Since the contactors were 

installed inside the cabinet, one microphone (mic inside) was placed next to the contactor inside 

the cabinet, and other microphone (mic door) was placed in front of the contactor outside the 

cabinet. Microphone positions are shown in Figure 10 and Figure 26. Two acceleration sensors 

were installed, one for each of the upper and lower solenoid coils, and four current sensors were 

installed to measure the closing and holding current of the upper and lower coils. 

Table 13. Measuring equipment 

Measuring equipment Model Range 

Microphone RION UC59 10 Hz ~ 20 kHz 

Accelerometer RION PV91C 1 Hz ~ 15 kHz 

Current sensor HIOKI CT9691 - 

Data recorder HIOKI MR8847A - 

 

 

Figure 25. Location of measuring equipment and contactors 
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Figure 26. Measuring equipment (inside mic and data recorder) 

A damaged contactor was used, which had been damaged in an endurance test carried 

out in the past to check its durability. Periodic maintenance was carried out every 60,000 cycles 

in the test, and after 1.8 million cycles, the bolt leading to the bottom moving part was found to 

be broken. The structures of the normal and damaged contactors used are shown in Figure 27. 

In the damaged contactor, the bolt connecting the bottom plunger and the moving part was 

broken. The system continued to operate despite the plunger and moving part being separated 

from each other as the accelerated plunger would contact the moving part to carry it upward. 

When holding current is stopped, the components would fall separately. 
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Figure 27. Structure of normal and damaged contactors 

Details of each simulated fault are shown in Figure 28, Figure 29, Figure 30, and Figure 

31. In simulated fault 1 (lack of grease), the grease applied to the sliding parts of the contactor 

was removed. The greased areas are highlighted in Figure 28. 

 

Figure 28. Simulated fault 1: lack of grease 
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In simulated fault 2 (spring weakening), a weakening of the upper opening spring was 

simulated. If a spring is used frequently, it is expected that it will be compressed over time, and 

the force will be weakened. To shorten the spring, a tape was applied between the fixed part 

and the damper. Although it is desirable to replace the normal spring with a spring with a small 

spring coefficient to create an actual fault condition, the fault was simulated by shortening the 

spring because it takes time and effort to prepare and replace a proper spring. By using the tape, 

the behaviour at the time of opening is different from that in the actual fault but the length of 

the spring can be shortened arbitrarily, and the gradual change can be observed; therefore, tape 

was applied. The thickness of the tape was varied between 1, 3, 5, and 20 mm, and the data for 

each case were obtained. In the actual fault, repeated operation shortens the spring length and 

weakens its force. Using tape to simulate this situation shortens springs that are not actually 

shortened, so the force of the springs is stronger than in the actual fault. However, the spring 

length of the contactor used in this study is more than 110 mm and the force of the solenoid 

coil is also powerful because the blade is opened and closed at high speed. Therefore, the effect 

of increasing spring force by compression of about 1~5 mm is small, and in the case of 1~5 

mm, it is considered that the actual fault can be accurately simulated. In the case of 20 mm 

compression, applying tape cannot accurately simulate actual fault conditions, so it was not 

used to calculate classification accuracy, but only to investigate important features for fault 

detection discussed in Chapter 6. In this simulated fault, the motion of closing is the same as 

that of the actual fault, but the motion of opening is different from that of the actual fault. 

Normally, the moving part is pulled up by the force of the spring and in contact with the damper. 

If the force of the spring is weakened, the moving part can no longer be pulled up completely, 

and the position of the moving part becomes lower than its normal position, creating a gap 

between the fixed parts and damper. In the actual fault, when the holding state ends, the moving 
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part goes back and through the initial position and goes up and down repeatedly from the initial 

position, and then gradually decays and returns to the initial position. However, in the case of 

the simulated fault, the moving part cannot go up beyond the initial position because the tape 

is attached, and the speed instantly becomes zero or rebounds at the initial position. For this 

reason, only closing data were used in the verification of the fault diagnosis. 

 

Figure 29. Simulated fault 2: spring weakening 

In simulated fault 3 (obstruction), objects were placed between the moving contact and 

the fixed contact. The placed objects were a piece of cloth (1 mm thick), a piece of tape (1 mm 

thick), a piece of rubber (5 mm thick), and a piece of wood (20 mm thick). The reason for using 

a piece of cloth was to simulate dust accumulating on the blade. Contactors have many 

frequently moving parts that wear out and this produces metal powder, and in addition this, 

metal powder from the rails and dust from the ballast sometimes lie thick on the blades, 

requiring the filter of the cabinet to prevent dust and regular cleaning of the contactors. If dust 

accumulates faster than expected due to faulty filters or poor maintenance, resistance between 

the blades is likely to increase and malfunction may occur, and there is currently no way to 

detect this fault. When dust accumulates, it is considered that the high frequency range of the 

impact sound of the blade is attenuated, and this is why cloth was used to simulate this condition. 
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It is also conceivable that high-frequency operation may cause the obstruction of some 

components which have come off due to loosened screws, stress concentration, or fatigue. The 

parts that are likely to get caught are dampers that continue to exert force and screws and nuts 

that are likely to become loose. If these are caught between the blades, the impact sound itself 

may be reduced, or conversely, increased. To simulate this condition, rubber similar to the 

damper and wood that generates a loud noise when the blade is struck, as well as screws and 

nuts, were used as obstruction materials. 

 

Figure 30. Simulated fault 3: obstruction 

In the case of simulated fault 4 (improper pin position), the pin of the lower part 

connecting the coil plunger and the moving part was displaced from its proper position. Even 

if the pin was displaced, the contactor could be opened and closed. 
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Figure 31. Simulated fault 4: improper pin position 

Example time-domain representations and power spectrograms for both normal and 

fault data are shown in Figure 13. The fault data of broken bolt, lack of grease, and obstruction 

have an observable abnormal sound before the blade impact. No significant difference can be 

seen in the other fault data, and it seems to require investigation to identify differences that are 

not easily observable. Although it is difficult to tell the differences in these data by conventional 

analytical methods, it is possible to calculate the difference of the distribution of each frequency 

component and the time change by using WPDE and MFCC, and it is expected to have some 

clear differences. It can be expected to find useful differences by analysing many data using 

KNN and SVM, even if the differences are small. In this study, each feature is calculated from 

the data obtained from the machine, and the classification accuracy of the classifier is calculated 

and evaluated. Which coefficients of the calculated features contribute to the classification 

accuracy will be discussed in Chapter 6. 

To prevent the solenoid coil from overheating, the contactor operation was performed 

once in every 15 seconds. In this way, opening and closing data were acquired once every 15 

seconds. The test schedule is shown in Table 8. First, to verify whether fault detection by 

acoustic data is possible, data were acquired in September 2020 using contactors A and B, 
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which have large differences in operating sound. Then, an algorithm for fault detection was 

prototyped, and since it was expected to be accurate to some extent, and to investigate the 

diagnosis performance, the data of the fault with a small sound difference were also acquired 

from contactor A in February 2021. 

Each set of data was collected for one second from 0.05 seconds before the control 

signal voltage exceeded 50 V. Data were obtained for each switching on and off. In the building 

where the contactor is installed, equipment other than the contactor is also installed, and the 

pump for cooling runs irregularly, so some of the data include the sound of the pump and its 

interference loudness was over 75 dB. Since both normal and fault data contain this sound, data 

containing noise were also used in the analysis to simulate a more realistic situation. 
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Table 14. Test schedule 

Date Data type Contactor 

Number of data 

Closed 

Number of data 

Open 

Sep 2020 

Normal A 118 117 

Broken bolt B 341 341 

Feb 2021 

Normal 

A 

99 95 

Lack of grease 333 331 

Obstruction 106 110 

Spring weakening 276 241 

Improper pin position 71 79 
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Figure 32. Spectrogram for each condition of signal and power 

5.3 Classification accuracy 

Table 9 shows the Recall and F1 score for normal and abnormal classification by each 

feature and classifier. It can be confirmed that all features and classifiers can classify faults with 

high accuracy over 95%. 
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Table 15. Recall of the fault diagnosis 

Feature Classifier Mic 

Closed Open 

Recall [%] F1 score [%] Recall [%] F1 score [%] 

MFCC 

SVM 

Inside 99.6 99.4 98.6 97.9 

Door 99.5 99.3 98.4 97.9 

KNN 

Inside 100.0 98.7 100.0 97.6 

Door 99.7 98.7 99.9 96.3 

WPDE 

SVM 

Inside 99.7 95.0 99.8 94.8 

Door 98.5 94.9 98.8 94.4 

KNN 

Inside 98.3 94.3 98.3 94.4 

Door 96.5 94.3 98.4 93.9 

 

As a trend of the analysis results, when MFCC is used, it seems that the closed data 

can be diagnosed more accurately than the open data when the Recall and F1 score are 

considered. As mentioned in the above paragraph, which explains the details of the simulated 

fault, spring weakening is not included in the result of open data. When the contactor is closed, 

the plunger is accelerated by the coil and the moving part moves at high speed and collides with 

the fixed blade, whereas when the contactor is opened, it returns to its original position at a 

slower speed by the spring force than when it is closed. If there is an abnormality or difference 

in the state of the contactor, it is likely that the acoustic data will be more different in the closing 
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phase, as the moving part moves at high speed and may make a loud abnormal sound. This may 

be one of the reasons why the analysis results for the closed data were better than for the open 

data. Comparing the results of the inside and door microphones, the inside microphone has 

better classification accuracy. The signal-to-noise ratio (SNR) might be the reason for this result 

and SNR might be another factor that can affect the accuracy of analysis results. Accurate 

analysis might be carried out if only the acoustic data from the target can be measured, but as a 

matter of fact, the acoustic data from equipment other than the target will also be mixed in, 

reducing the accuracy. The better performance of the inside mic is thought to be due to the SNR 

being higher than that of the door one; as the inside mic is located inside the panel, it measures 

less noise from other equipment compared to the door one. The performance of the classifiers 

was found to be highly accurate in diagnosing faults, regardless of whether SVM or KNN was 

used. However, when considering the F1 score, KNN had a higher number of FPs than did 

SVM, resulting in a lower F1 score. When WPDE is used, Recall is high, but the F1 score is 

lower than in the case of MFCC. The difference in accuracy depending on the mic location is 

the same as in the MFCC case, with the inside mic providing better accuracy. SVM seems to 

be superior to KNN as a classifier. 

It is thought that one of the reasons for the lower accuracy of WPDE compared to 

MFCC is its ability to capture changes in the time component as a feature value. MFCC divides 

one second of data into 98 pieces in the calculation process in this analysis and calculates the 

feature values for each analysis window. Therefore, if there is a large difference at a certain 

time in the acoustic data, the feature values of that analysis window will change significantly. 

For example, in the case of a broken bolt or obstruction, there is a possibility that an abnormal 

sound is generated at a certain time, and in the case of lack of grease, spring weakening, or 

improper pin position, there may also be a delay in operation. In the case of MFCC, such 
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detailed differences can be captured in the feature values. While MFCC is based on the 

decomposition of a signal into overlapping time windows and the calculation of cepstral 

coefficients for each window, WPDE decomposes a signal into sub-bands of different 

frequencies using wavelet packet decomposition and then calculates the entropy of each sub-

band. WPDE calculates the entropy of each sub-band by summarising the changes in each 

frequency band, which may result in a loss of fine-grained temporal information and does not 

capture the temporal dynamics of the signal explicitly. 

Figure 33, Figure 34, Figure 35, and Figure 36 show the diagnostic results of each 

method. It is revealed that most of the data were accurately diagnosed when MFCC was used, 

but when WPDE was used, there were many cases of FP and misdiagnosis of different faults. 

  

  

Figure 33. Diagnostic results by MFCC-SVM 
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Figure 34. Diagnostic results by MFCC-KNN 
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Figure 35. Diagnostic results by WPDE-SVM 
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Figure 36. Diagnostic results by WPDE-KNN 
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misdiagnoses, which supports the fact that the inside mic can detect minute differences. In the 

case of a broken bolt, the diagnostic accuracy is almost 100%, suggesting a clear difference in 

the operating sound. In this study, each piece of operation data was verified one by one. Since 

spring weakening and lack of grease faults progress gradually, it is highly likely that the data 

before and after the test data are also fault data. A higher fault detection accuracy can be 

expected by verifying multiple data (3 to 5 operations) instead of diagnosing data one by one. 

5.4 The effect of noise 

To investigate the effect of noise, white noise was added to the acoustic data acquired 

by the microphone. Since the frequency of noise generated around the target is not constant, 

white noise uniformly distributed over the whole frequency range was used to investigate the 

effect of general noise. The SPL of the noise to be added were 37 dB and 55 dB, which 

corresponds to light and heavy rain, respectively. Table 10 and Table 11 show the results of 

adding noise. No combination of features and classifiers significantly reduced the accuracy of 

the diagnosis when 55 dB of noise equivalent to heavy rain was added. In the case of MFCC-

SVM, the Recall accuracy was reduced by up to 0.9% and the F1 score accuracy by about 0.8%, 

but it could be said that the classification accuracy was sufficiently high even when there was 

noise. In the case of MFCC-KNN, it was found that the addition of noise had no effect on the 

Recall rate or F1 score. MFCC-SVM was the most accurate when there was no noise, but 

MFCC-KNN was more accurate when there was heavy rain-level noise. WPDE-SVM was 

found to have little impact on accuracy even when there was noise. In the case of the closed 

data of WPDE-KNN, the Recall was reduced by 0.4% and the F1 score was also reduced by 

0.3% by the addition of noise. A review of these results shows that noise does not significantly 



Chapter 5 Experiment with fast STME: contactors 

106 

affect diagnostic results. To investigate the further effect of noise, the accuracy was investigated 

by adding more than 55 dB noise. 

Table 16. Recall of fault diagnosis with 37 dB noise 

Feature Classifier Mic 

Closed Open 

Recall [%] F1 score [%] Recall [%] F1 score [%] 

MFCC 

SVM 

Inside 99.4 99.1 99.0 98.3 

Door 99.5 99.1 97.9 97.6 

KNN 

Inside 98.9 98.9 99.9 97.8 

Door 98.5 98.5 99.8 96.0 

WPDE 

SVM 

Inside 99.7 95.0 99.6 94.7 

Door 98.4 94.8 98.7 94.3 

KNN 

Inside 98.0 94.1 98.5 94.4 

Door 96.2 94.0 99.1 94.2 
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Table 17. Recall of fault diagnosis with 55 dB noise 

Feature Classifier Mic 

Close Open 

Recall [%] F1 score [%] Recall [%] F1 score [%] 

MFCC 

SVM 

Inside 99.0 98.6 99.0 98.3 

Door 98.6 98.5 98.0 97.5 

KNN 

Inside 100.0 98.9 100.0 97.8 

Door 99.6 98.6 99.9 96.1 

WPDE 

SVM 

Inside 99.7 95.0 99.6 94.7 

Door 98.4 94.8 98.7 94.4 

KNN 

Inside 97.9 94.1 98.5 94.4 

Door 96.1 94.0 99.1 94.2 

 

For noise louder than 55 dB, the SPL was determined by referring to the sound of 

passing trains, since STME is often used for railway facilities. In Japan, there is an upper limit 

on the noise generated by the Shinkansen bullet train. The standards for regulating the 

environmental conditions of Shinkansen noise are established to preserve the living 

environment and contribute to protecting people’s health [148]. According to this standard, the 

noise generated by the Shinkansen should be 70 dB or less in residential areas and 75 dB or less 

in other areas, including commercial and industrial areas, where the normal living conditions 

shall be preserved. Zannin et al. measured the noise of trains passing through residential areas 
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in large Latin American cities. According to their measurements, the noise levels in the 

proximities of the rail line varied from 68 to 80 dB [149]. In this study, noise of 80 dB was 

added on the assumption that the equipment was installed beside a railway. The diagnostic 

results with noise of 80 dB are shown in Table 18. 

The closed data result with noise of 80 dB showed improved accuracy in most 

combinations compared to the one with noise of 37 dB, and 55 dB. On the other hand, in the 

case of open data, it was found that the accuracy was degraded in most combinations, except 

WPDE-SVM. Figure 37 shows the variation in diagnostic result when noise was added; the 

evaluation was performed by multiplying the Recall and F1 score by the root, so that both Recall 

and F1 score values can be considered. 
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Table 18. Recall of the fault diagnosis with 80 dB noise 

Feature Classifier Mic 

Closed Open 

Recall [%] F1 score [%] Recall [%] F1 score [%] 

MFCC 

SVM 

Inside 99.6 99.2 98.3 97.9 

Door 99.0 98.8 97.8 97.5 

KNN 

Inside 100.0 98.9 99.9 97.5 

Door 99.9 99.0 99.8 95.4 

WPDE 

SVM 

Inside 99.7 95.4 99.8 94.8 

Door 99.2 95.2 100.0 94.8 

KNN 

Inside 97.9 94.4 98.7 94.4 

Door 96.5 93.9 98.5 93.9 
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Figure 37. Variation in diagnostic accuracy with noise (up to 80 dB) 

When noise is added, the accuracy is expected to decrease as the noise is louder, but the 

opposite phenomenon occurred in the closed data. When 37 and 55 dB noise was added, the 

accuracy decreased, but when 80 dB noise was added, the accuracy increased. The reason for 

this may be that the added noise made a difference in the features used for diagnosis. Since the 

SPL of the contactor is large, the addition of 37 dB or 55 dB may not be enough to mask its 

acoustic data. Instead, it is likely that acoustic data of other machines are drowned out by the 

white noise. When acoustic data are collected by a microphone, sounds from equipment other 

than the target machine are also collected. Although these sounds did not originally contain 

useful information to diagnose the condition of the target, they may have influenced the 

classification. When there was no noise, high diagnostic accuracy was obtained in this study, 

which might be due to the use of subtle noise changes as feature values other than changes in 
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the acoustic data of the target device. To give a specific example, if a machine other than the 

target is operating during the acquisition of normal data of the target and the machine is not 

operating during the acquisition of simulated fault data of the target, the normal data contain 

the operating sound of the machine as features. The classifier may also use its operating sound 

features for classification. By adding white noise, those fine noises were masked, and accuracy 

might become decreased. Figure 38 shows the spectrograms of the signals with 37 dB and 55 

dB noise. Since the SPL of the operating sound of the contactor is large, it can be seen that 

white noise hardly affects the acoustic data of the contactor. 

 

Figure 38. Spectrogram of the signal with noise (Closed data, 37 dB and 55 dB) 
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is considered that the 80 dB noise drowns out the unrelated part and increases the accuracy. The 

spectrogram with 80 dB noise is shown in Figure 39. It can be confirmed that the operating 

sound of low frequency, less than 500 Hz, at around 0.0~0.2 seconds and the sound at around 

0.5~0.9 seconds were drowned out a little bit by the white noise. On the other hand, there seems 

to be no significant effect on the waveform at around 0.2~0.4 seconds. This can be seen more 

clearly when 100 dB noise is added. A spectrogram with 100 dB noise is also shown in Figure 

39. All but the strongest sound in the 0.2~0.4 second interval is drowned out by noise. Even 

when 100 dB of noise was added, Recall and F1 score were greater than 95% when MFCC was 

used as a feature; therefore, it can be said from this analysis that the data in this area is highly 

important in diagnosing the condition of the contactor. 

 

Figure 39. Spectrogram of the signal with noise (Closed data, 80 dB and 100 dB) 
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According to the results of the analysis above, the classification accuracy increases 

because the addition of noise with a certain SPL can drown out acoustic data that are not 

important for classification. However, if a louder noise is added, even important parts are 

drowned out, which is expected to reduce the accuracy. To test this hypothesis, further 

investigation of the trend was done by adding more noise. If the hypothesis is correct, adding a 

certain amount of noise will drown out the parts that are not necessary for classification and 

increase the accuracy, but the effect of noise will appear from a certain point as an important 

part is drowned out, and decrease the accuracy. The SPL of added noise were 70 dB, 90 dB, 

and 100 dB. Figure 40 shows the transition of classification results when noise was added. 

 

 

Figure 40. Variation in diagnostic accuracy with noise (up to 100 dB) 
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As mentioned above, in the case of closed data, adding a small noise slightly increased 

the accuracy, and adding a large noise seemed to affect the parts that were important for 

classification and decreased the accuracy. The phenomenon where the accuracy increased by 

adding a small amount of noise could not be confirmed in open data, but the accuracy decreased 

rapidly by increasing the SPL of the noise. This is probably because the noise drowned out most 

of the acoustic data of the contactor. Although a sharp drop has not been confirmed in the closed 

data, it is expected that adding noise of more than 100 dB reduces the accuracy as it does for 

the open data. 

This analysis shows that the proposed method is highly resistant to noise. Both closed 

and open configurations can diagnose the condition with high accuracy, but closed data can 

diagnose the condition with greater accuracy. It was found that MFCC was more accurate than 

WPDE, but in the case of MFCC, the accuracy decreased as the noise increased. However, 

when closed data are used for analysis, the accuracy of WPDE exceeds MFCC when the noise 

exceeds 100 dB. Since it is unlikely that noise exceeding 100 dB would be mixed in with data 

under a monitoring environment (if noise exceeding 100 dB is mixed in with the monitoring 

data, measures such as installing a sound barrier between the noise source and the microphone 

or installing the microphone closer to the target should be taken), it can be said that using MFCC 

as a feature can diagnose the condition with the highest accuracy. The above analysis proves 

that the method proposed in this study can accurately diagnose the condition of the contactor. 

It was also found that high accuracy can be maintained even when there is noise such as rain. 
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5.5 Summary and findings 

The hypothesis, described in Chapter 1, is that even in the case of an initial fault, the 

operating sound of STME changes due to damage or deformation of the parts, making it 

possible to detect and diagnose the faults by acoustic data. In the case study of this chapter, it 

was clarified that the contactor’s faults could be diagnosed with high accuracy even in the initial 

condition. Answers to the following research questions were also able to be obtained. 

・ Which algorithm is most appropriate? 

The verification shows that the combination of MFCC and KNN (MFCC + KNN) is the most 

accurate for fault detection. The combination of MFCC and SVM (MFCC + SVM) also gives 

sufficient accuracy, being found to be only slightly less accurate than MFCC + KNN. MFCC + 

KNN is the most accurate combination for classifying normal and abnormal states, but it also 

misdiagnoses some faults as other ones. On the other hand, MFCC + SVM is more accurate 

than MFCC + KNN in diagnosing faults. It can be said that the combination of MFCC and SVM 

is the best overall. Using WPDE, it was found that faults could be diagnosed with some degree 

of accuracy for some faults, although the accuracy was lower than that of MFCC. 

・ How accurate is the system and does that vary by fault? 

When the MFCC is used as the feature for closed data, faults can be detected with more than 

99% accuracy and all faults can be diagnosed with an accuracy of more than 95%, but some 

normal data are misdiagnosed as lack of grease, and the diagnostic performance of normal data 

falls below 90%. The diagnostic accuracy of the closed data is higher than that of the open data. 

Diagnostic performance for all faults is high, but the accuracy for a lack of grease is low 

compared with the others, and there are some misdiagnoses with normal, suggesting that there 
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are small differences between a lack of grease and normal data. It was found that the use of 

KNN as a classifier also reduces the diagnostic performance of spring weakening. 

・ How tolerant is it to noise? 

Noise was added to the data to investigate the effect on the system of noise. The results showed 

that the addition of noise equivalent to heavy rain (55 dB) had little effect on diagnostic 

accuracy. It was also found to be tolerant to the level of noise of trains passing through (90 dB). 

Adding noise slightly improved the diagnostic accuracy. This may be because the added white 

noise drowned out other noise recorded by the microphone unrelated to the condition diagnosis, 

and only high SPL sounds important for diagnosis were used for classification. 

・ Which microphone position is most appropriate? 

The investigation results showed that the microphone inside the cabinet was more accurate than 

was the door one. One of the reasons for this is that the SPL of the contactor is higher because 

the inside microphone is closer to the contactor compared to the door one, and it is placed inside 

the cabinet so there is no barrier between the microphone and target. Another possible reason 

is that while the door microphone outside the cabinet was directly affected by the operating 

noise of other machines, the inside microphone was located inside the cabinet, making it 

difficult for noise from other machines to mix in. The results show that it is desirable to set the 

microphone as close to the observation target as possible and acquire the target data at a high 

SPL. It was also found that when the object is placed inside the cabinet, placing the microphone 

inside the cabinet makes it less susceptible to external noise and is ideal. 
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 TRANSFERABILITY 

6.1 Introduction 

From the validation in Chapters 4 and 5, it became clear that it is possible to diagnose 

the condition of STME from acoustic data. However, the fault diagnosis model must have 

transferability to be used in practical deployment. Transferability is the ability of a model, 

trained by data acquired from one machine, to diagnose faults in other machines. Since it is 

difficult to obtain simulated fault data from all the machines used in the industry, it is necessary 

to obtain simulated fault data from several machines, train the model with the data, and monitor 

all the machines with the model. Transferability of the model is essential to realise this. Image 

of the transferability of a model are shown in Figure 41 and Figure 7. To monitor machines in 

operation, it is necessary to acquire simulated fault data from several machines and make the 

model with normal data from many machines in operation as shown in Figure 41. This model 

should be used to monitor many machines in operation. Normal and simulated fault data were 

acquired from contactors A and C in this study. In the investigation of transferability, a model 

was created using normal data from both contactors and simulated fault data from one contactor 

in the training phase as shown in Figure 7. The transferability was investigated by determining 

whether the model can detect other fault data that are not in the training data set. 
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Figure 41. Transferability of the model in practical development 

 

Figure 42. Transferability investigation of this study 

6.2 Transferability experiment 

Additional experiments were conducted to investigate the transferability in this study. 

In this section, the same method used in Chapter 5 was used for contactors to investigate the 
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by using same method, so additional investigation was needed for improvement. Details of the 

improvements are described in the next section. 
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the best fault diagnosis performance, was used as the feature. As for classifiers, both SVM and 
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which is more suitable for practical use. The contactor used in this experiment was contactor C, 

installed inside the same cabinet as contactors A and B, used in Chapter 5. As in the experiment 

Classifier
model

Training data

T Classifier
model

Fault

Normal

Validation data

Tr
ai

ni
ng

 p
ha

se

Va
lid

at
io

n 
ph

as
eNormal data 

Simulated fault data

Z

UVY

YX

MNOP

TUVY

Z

MNOP

TUVY

MNOP

Classifier
model

Training data

CA

A

Classifier
model

Fault

Normal

CA

CA

Validation data

Tr
ai

ni
ng

 p
ha

se

Va
lid

at
io

n 
ph

as
eNormal data of 

machine C

Simulated fault 
data of machine A

CA

CA



Chapter 6 Transferability 
 

119 

described in Chapter 5, one microphone was installed next to the contactor in the cabinet (mic 

inside) and another in front of the cabinet door (mic door), and the type of microphone was the 

same as that used in Chapter 5. Microphone positions are shown in Figure 10. The data of mic 

inside were used for transferability analysis as the diagnostic results were better than those of 

mic door. The simulated faults were also the same as in Chapter 5 (lack of grease, spring 

weakening, improper pin position and obstruction) and the level of spring weakening and 

obstruction was set to 1 mm in this case. About 50 data were acquired for all faults. Since more 

than 50 normal data could not be acquired in the December 2022 experiment, normal data 

acquired in January 2021 were also used for validation. The test schedule is shown in Table 8. 

 

Figure 43. Location of measuring equipment and contactors 
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Table 19. Test schedule 

Date Data type Contactor 

Number of data 

Closed 

Number of data 

Open 

Sep 2020 Normal A 118 117 

Jan 2021 Normal C 234 241 

Feb 2021 

Normal 

A 

99 95 

Lack of grease 333 331 

Obstruction 106 110 

Spring weakening 276 241 

Improper pin position 71 79 

Dec 2022 

Normal 

C 

25 25 

Lack of grease 54 54 

Obstruction  54 54 

Spring weakening 53 53 

Improper pin position 50 50 

 

The same algorithm used in Chapter 5 was used for the data of contactors A and C. 

One of the contactor’s data were used for training and those of the other one were used for 
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validation. The results are shown in Figure 44 and Figure 45. In the case of MFCC + SVM, all 

data were classified as ‘improper pin position’ and as ‘lack of grease’ or ‘normal’ in the MFCC 

+ KNN case. The reason for this result is that each contactor has its own unique features, and 

data from the same contactor can be classified without any problem as the model can capture 

its characteristics; however, when it comes to classifying a different contactor’s data, the model 

does not have the characteristics of the target, and is trained based on the characteristics of a 

different contactor, which may cause confusion and misclassifies data into different classes. 

The number of features used in this analysis is 3528, but the number of features that are 

important for classification may be limited. 
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Figure 44. Transferability performance (MFCC + SVM) 
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Figure 45. Transferability performance (MFCC + KNN) 

6.3 Feature selection 

To improve model transferability, it is necessary to remove the unique characteristics 

and find the common ones for each fault. To investigate which features are important in 

classifying each fault, the importance of each feature was investigated using techniques called 

Principal Component Analysis (PCA) and Minimum Redundancy Maximum Relevance 

(MRMR). PCA and MRMR are two commonly used techniques to reduce the dimensionality 

of data in the field of machine learning and data analysis [150, 151]. Investigation was done by 

using ‘obstruction’ closed data that were likely to have common characteristics in the data of 

both contactors. Randomly selected 50 normal and obstruction data were used for training, 

Diagnostic results of A by model C (Close) Diagnostic results of A by model C (Open)

Diagnostic results of C by model A (Close) Diagnostic results of C by model A (Open)
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regardless of the contactor, although there were more than 50 obstruction data in contactor C, 

because there were only about 50 obstruction data in contactor A. 

6.3.1 Principal Component Analysis 

PCA is a linear dimensionality reduction technique used to reduce the number of 

features in a dataset while retaining most of the important information. The main idea behind 

PCA is to project high-dimensionality data onto a lower-dimensionality subspace, where the 

data variance is maximised. The advantages of PCA include its ability to reduce the 

dimensionality of large datasets, identify underlying patterns in the data, and improve the 

computational efficiency of machine learning algorithms. However, PCA assumes that the data 

are linearly correlated, and it may not work well if the data have a non-linear structure. 

Therefore, an investigation was conducted to see how the transferability performance could be 

improved by using PCA. The Explained Variance Ratio (EVR) must be determined when using 

PCA. The EVR is a metric used in PCA to assess the amount of information captured by each 

principal component in a dataset. It measures the proportion of the total variance in the original 

data that is explained by each principal component and is typically expressed as a percentage. 

In the investigation, the MATLAB pca function was used for calculation of features, and EVR 

was varied from 80% to 95% in 5% increments. The accuracy was measured in each case. The 

results are shown in Table 20 and Table 21. The analysis result of the contactor A data for the 

model trained by contactor C data is described as ‘result of A by model C’. The results show 

that using PCA does not improve the transferability of the model for the data of either contactor. 

The PCA was expected to select important features for detecting ‘obstruction’ and improve 

transferability performance, but no improvement in performance was observed using either 

classifier. Since PCA is a dimensionality reduction technique and does not consider the 
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classification importance of the features, this may be the reason why PCA could not improve 

transferability performance. 

Table 20. Transferability performance for obstruction (MFCC + PCA + SVM) 

EVR [%] 

Result of A by model C Result of C by model A 

Recall [%] F1 score [%] Recall [%] F1 score [%] 

80 17.9 30.2 0.0 0.0 

85 29.2 44.9 0.0 0.0 

90 18.9 31.7 0.0 0.0 

95 18.9 31.7 0.0 0.0 

 

Table 21. Transferability performance for obstruction (MFCC + PCA + KNN) 

EVR [%] 

Result of A by model C Result of C by model A 

Recall [%] F1 score [%] Recall [%] F1 score [%] 

80 100.0 29.4 95.3 55.2 

85 100.0 29.4 89.6 50.5 

90 100.0 29.4 100.0 50.8 

95 100.0 29.4 90.6 49.5 
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6.3.2 Minimum Redundancy Maximum Relevance 

MRMR is a feature selection technique used to select the most informative features 

from a dataset by maximising the relevance of the features to the target variable and minimising 

the redundancy between the selected features. The main advantage of MRMR is that it can 

identify the most important features in a dataset, which can improve the accuracy of machine 

learning models and reduce overfitting. However, MRMR can be computationally expensive 

and may not work well if the data have a high degree of correlation between the features [150]. 

Therefore, an investigation was conducted on how the transferability performance of each 

classifier could be improved by using MRMR. For feature calculation, the fscmrmr function 

was used. Table 22 and Table 23 show the classification accuracy when MRMR is used for 

each classifier. It was found that it is possible to improve the transferability by using only a 

small number of important features, both SVM and KNN can classify data with high accuracy, 

and better performance can be acquired with fewer features. Comparing the results for SVM 

and KNN, it appears that SVM performs better when using fewer features. 

Table 22. Transferability performance for obstruction (MFCC + MRMR + SVM) 

Number of 

features used 

Result of A by model C Result of C by model A 

Recall [%] F1 score [%] Recall [%] F1 score [%] 

30 74.1 44.0 98.1 74.1 

10 83.3 61.2 100.0 97.3 

5 100.0 71.1 100.0 94.7 

2 100.0 77.1 100.0 100.0 
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Table 23. Transferability performance for obstruction (MFCC + MRMR + KNN) 

Number of 

features used 

Result of A by model C Result of C by model A 

Recall [%] F1 score [%] Recall [%] F1 score [%] 

30 99.1 55.0 83.3 52.0 

10 70.8 50.2 79.6 62.3 

5 62.3 67.0 98.1 71.1 

2 95.3 97.1 100.0 79.4 

 

MRMR uses relative information to capture non-linear relationships between features, 

whereas PCA is a linear transformation technique that captures the maximum variance in the 

data. While PCA can reduce the dimensionality of the data, it may not always select the most 

informative features for prediction tasks. On the other hand, MRMR can select relevant features 

that are most informative for the task at hand, leading to improved accuracy. This is why 

MRMR can improve the transferability of the model. The distribution of features selected by 

MRMR is shown in Figure 46. It can be confirmed that normal and obstruction data of 

contactors A and C are clearly separated. 
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Figure 46. Distribution of selected features 

Analysis of both contactors’ data revealed that the most important feature was the 

MFCC, calculated from window frames in the 180 ms to 210 ms part of the analysis data. In 

the presence of obstruction, this MFCC was found to become large. Figure 47 shows the MFCC 

for normal and obstruction conditions. In both cases of contactors A and C, it can be seen that 

the value near the 19th position of the first MFCC becomes stronger. A larger first coefficient 

of MFCC indicates a smaller distribution of frequency components in this analysis window 

frame. For comparison, Figure 47 also shows a spectrogram of the data in this analysis window 

frame. It was confirmed that the frequency distribution range was smaller when there was an 

obstruction compared with the normal case. In this experiment, a piece of cloth was used for 

the obstruction, which seems to have absorbed the high-frequency sound generated by the 

impact of the blades and reduced the distribution of the frequency components, and this is 

expected to happen when dust accumulates on the blade. Furthermore, because changes occur 

in the MFCC of the analysis window frame including the moment when the obstruction collides 

with the blade, if the size of the obstruction is larger than in this case, it is expected that the 

value of the MFCC of the former analysis window frame will change. The spectrograms and 

MFCC for 1 mm and 5 mm obstructions are shown in Figure 48. In the case of a 5 mm 
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obstruction, the blade collides with the object faster, resulting in a collision sound before 200 

ms. This increases the value of MFCC of the former time frame compared to the 1 mm case. 

From this verification, it was confirmed that any contactor with an obstruction causes a change 

in the MFCC when the blade collides with it. It was also clarified that the size of the obstruction 

can be diagnosed by the position of the changing MFCC. 

  

Figure 47. MFCC and sound spectrogram for each condition 

  

Figure 48. Sound spectrogram and MFCC for obstruction 
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6.4 Feature selection using MRMR 

Since feature selection by MRMR was found to be effective for the detection of 

obstructions, the same technique was applied to other faults (lack of grease, spring weakening, 

and improper pin position) and those features were used for classification. The results are shown 

in Table 24, Table 25, Table 26, and Table 27. The tables are divided by the operating direction 

of the contactor and classifier. From the results, it was found that the model had high 

transferability with both SVM and KNN for closed data, even for spring weakening. 

In the case of a lack of grease, data from contactor A (data A) could be detected with 

high accuracy, but data from contactor C (data C) could not. One possible reason is the level of 

grease removal. When data C were acquired, the experimental time was limited, and grease was 

removed in a short time. It is possible that a small amount of grease remained on the sliding 

surface of the moving parts, which is difficult to swipe in a short time. Even though the area to 

which grease was applied was cleaned up, the grease might not have been removed completely. 

On the other hand, when data A were acquired, there was enough time for the experiment, and 

the grease removal was carefully carried out. The grease was removed from the application area, 

the contactor was operated several times, and the grease was wiped off again. Removal of the 

grease adhering to the moving parts was also performed as much as possible. Therefore, the 

grease was almost completely removed in data A, while a small amount of grease possibly 

remained in data C, which may have made classification of data C difficult. 

It also turned out that there is little transferability for improper pin position. In the case 

of this fault, there may be no significant change in the operation of the contactor, as the 

connecting pin was simply shifted from its original position and still connected the moving 

parts and plunger firmly with no wobbling. Because there were no significant differences, 
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common characteristics may not have emerged in both contactors. If the operation had been 

repeated more than a few hundred times with the pin out of proper position, it is expected that 

the condition would have further worsened or an unexpected force would be loaded, resulting 

in a difference in operation. 

It was found that there is little transferability of models for open data. As for the lack 

of grease, it is conceivable that a larger difference occurs in the closed data in which parts move 

faster under the condition without grease. In the case of an obstruction, unlike for the closed 

data, in which the blade collides with an object at high speed, there was no significant difference 

in acoustic data as the blade simply moves away from the object. As closed data have the same 

trend, there is also little difference in open data between the normal and improper pin position 

data and it seems to be difficult to find the common features in both contactors. In the case of 

spring weakening, tape was used to simulate the fault. As a result, the open data for spring 

weakening behaved differently from the actual fault; therefore, spring weakening open data 

were not used in this study. More details can be found in Chapter 5. 
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Table 24. Transferability performance of closed data (MFCC + MRMR + SVM) 

Fault mode 

Result of A by model C Result of C by model A 

Recall [%] F1 score [%] Recall [%] F1 score [%] 

Lack of grease 97.6 79.7 96.3 37.3 

Spring 

weakening 
92.8 88.7 100.0 78.5 

Improper pin 

position 
0.0 0.0 0.0 0.0 

Obstruction 100.0 77.1 100.0 100.0 
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Table 25. Transferability performance of open data (MFCC + MRMR + SVM) 

Fault mode 

Result of A by model C Result of C by model A 

Recall [%] F1 score [%] Recall [%] F1 score [%] 

Lack of grease 26.3 38.1 0.0 0.0 

Improper pin 

position 
53.2 42.6 0.0 0.0 

Obstruction 13.6 16.1 100.0 28.9 

 

Table 26. Transferability performance of closed data (MFCC + MRMR + KNN) 

Fault mode 

Result of A by model C Result of C by model A 

Recall [%] F1 score [%] Recall [%] F1 score [%] 

Lack of grease 95.8 79.2 85.2 30.5 

Spring 

weakening 
87.3 86.8 84.9 73.8 

Improper pin 

position 
0.0 0.0 0.0 0.0 

Obstruction 95.3 97.1 100.0 79.4 
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Table 27. Transferability performance of open data (MFCC + MRMR + KNN) 

Fault mode 

Result of A by model C Result of C by model A 

Recall [%] F1 score [%] Recall [%] F1 score [%] 

Lack of grease 33.8 44.1 0.0 0.0 

Improper pin 

position 
58.4 42.9 0.0 0.0 

Obstruction 20.0 23.3 100.0 28.9 

 

6.5 Performance variation by fault level 

Comparing the spring weakening results in Table 24 and Table 26, the data of contactor 

A have higher transfer performance. This might be because of a difference in the level of the 

fault, since data A contain fault data for 1 mm, 3 mm, and 5 mm but data C contain only 1 mm 

data. It is conceivable that higher-levels faults are more easily detected and common features 

are more prominent; therefore, differences in transferability performance by level were 

investigated. Data for contactor C were used for training and data of each level for contactor A 

were used for validation. The results are shown in Table 28. Transferability performance for 

spring weakening for each levelComparing the 1 mm, 3 mm, and 5 mm results, it was found 

that the expected high transferability performance of the high-severity faults was incorrect. The 

performance for 3 mm data was the highest, and the performance for 5 mm was lower than that 

of than others. This doesn’t mean that 5 mm faults are difficult to detect, but that a model trained 

by only 1 mm, minor-level fault data, cannot detect 5 mm faults with high accuracy. It is 
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probable that the important features for detecting minor faults (1 mm and 3 mm) and those for 

severe fault (5 mm) are different and that is why the performance for 5 mm faults was degraded. 

Table 28. Transferability performance for spring weakening for each level 

(result of A by model C, closed data) 

Fault level 

MFCC + MRMR + SVM MFCC + MRMR + KNN 

Recall [%] F1 score [%] Recall [%] F1 score [%] 

1 mm 92.7 80.9 87.8 80.3 

3 mm 97.6 83.8 92.1 83.0 

5 mm 69.2 40.4 61.5 40.0 

 

It was expected that if the features extracted from the minor faults were used for 

detection of severe faults, diagnostic performance could be higher compared to that for minor 

ones, as severe faults should have significant differences in features, but it was found that the 

distribution of selected features differed between minor and severe faults by investigation. 

When the features calculated from data C (1 mm) are selected by MRMR, the first delta delta 

MFCC in the data from 310 ms to 340 ms is the most important. Delta delta MFCCs are the 

second temporal derivatives of the MFCCs. They are used to capture the changes in the spectral 

features over time and provide additional information about the dynamic behaviour of the 

acoustic signal. In other words, there is a difference in the rate of change of the first MFCC 

when comparing normal and spring weakening data for contactor C. The distribution of this 
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feature of data A was also investigated for each fault level, and those features are shown in 

Figure 49. As the feature is selected from data C, the distribution of data C is clearly separated. 

  

  

Figure 49. Distribution of features selected from data C 

In the case of 1 mm and 3 mm (minor faults), the features of data A are also clearly 

separated as they are for data C. Therefore, model C was able to classify minor faults of data A 

with high accuracy. However, in the case of 5 mm, classification becomes difficult because the 

features are not separated, and the normal and fault features are mixed. For further investigation, 

the 20 mm fault level data were obtained from contactor A and the distribution of the features 

was investigated. The distribution is shown in Figure 49 as well. Normal and fault features were 

mixed as at the 5 mm level, and this is why the severe data cannot be classified with high 
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accuracy by model C. Important features of data A for 1 mm and 3 mm (minor faults) were also 

investigated by MRMR, and it was found that the first delta delta MFCC of 290 ms to 310 ms 

was the most important, and this is very close to the feature in the case of data C (first delta 

delta MFCC in the data from 310 ms to 340 ms). However, when it comes of the levels of 5 

mm and 20 mm (severe faults), the second MFCC of 210 ms to 240 ms and the first MFCC of 

390 ms to 420 ms were selected. From these results, it was found that the delta delta MFCC is 

important in the case of minor levels of spring weakening. Delta delta MFCCs are the second 

temporal derivatives of the MFCCs, usually used to capture the changes in the spectral features 

over time; it is conceivable that in the case of minor spring weakening, the initial position of 

the spring is slightly different, so that a subtle difference occurs when the blade accelerates, and 

it also makes differences in the delta delta MFCC. On the other hand, in the case of severe 

weakening (5 mm and 20 mm), the initial position is very different and the distance between 

the moving blade and the fixed blade is small. As a result, it is expected that the moving blades 

are not accelerated sufficiently and that makes a large difference in acoustic data. This analysis 

showed that the severity of the fault changes the optimal features for diagnosing the condition. 

The effective features for each level found in this study are listed in Table 29. As optimal 

features for each fault level are different, it is also expected that the progress of a fault can be 

followed by monitoring these features simultaneously. There is a change in delta delta MFCC 

at the beginning of the fault, and when the fault becomes serious, MFCC begins to change. 
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Table 29. Effective features for diagnosing each level of spring weakening fault 

Fault mode Effective feature 

Spring weakening (1 mm & 3 mm) First delta delta MFCC of 290 ms to 340 ms 

Spring weakening (5 mm) Second MFCC of 210 ms to 240 ms 

Spring weakening (20 mm) First MFCC of 390 ms to 420 ms 

 

6.6 The effect of noise 

Finally, an investigation was conducted on how resistant the transferability of the 

model is to noise. The closed data of contactors A and C were used for the investigation and 

white noise was added to the data to investigate how the accuracy varies with noise. The SPL 

of added noise were 55 dB, the same as those added in Chapter 5. The results are shown in 

Table 11 and the accuracy without noise (described in Table 24 and Table 26) is summarised 

again in Table 30 for comparison. 
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Table 30. Transferability of the fault diagnosis without noise 

Feature Classifier Fault 

Result of A by model C Result of C by model A 

Recall [%] F1 score [%] Recall [%] F1 score [%] 

MFCC 

SVM 

Lack of grease 97.6 79.7 96.3 37.3 

Spring weakening 92.8 88.7 100.0 78.5 

Obstruction 100.0 77.1 100.0 100.0 

KNN 

Lack of grease 95.8 79.2 85.2 30.5 

Spring weakening 87.3 86.8 84.9 73.8 

Obstruction 95.3 97.1 100.0 79.4 
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Table 31. Transferability of the fault diagnosis with 55 dB noise 

Feature  Classifier Fault 

Result of A by model C Result of C by model A 

Recall [%] F1 score [%] Recall [%] F1 score [%] 

MFCC 

SVM 

Lack of grease 93.4 73.4 1.9 0.9 

Spring weakening 81.2 66.0 86.8 67.2 

Obstruction 90.6 94.1 100.0 93.9 

KNN 

Lack of grease 86.2 70.7 0.0 0.0 

Spring weakening 78.6 66.9 69.8 43.5 

Obstruction 87.7 88.2 100.0 76.1 

 

In the case of a lack of grease, the result for data A is more accurate than that for data 

C, as is the case without noise shown in Table 30. In the absence of noise, some data were 

correctly classified in the case of the result for data C, but after the addition of noise most faults 

were misclassified as normal, and Recall became almost 0%. The reason for the decrease in the 

F1 score of the result of A is that the number of FPs (number of normal data misclassified as 

faults) increased. It is thought that the noise drowned out the difference between normal and 

fault data and caused the increase of FP. In the case of spring weakening, the trend of 

classification accuracy is similar to that in the case without noise. Accuracy is lowered by 

adding noise, and in the case of KNN, the number of misclassifications is large, making it 

difficult to apply it in practical use. As for obstruction, it was found that the fault can be detected 

with sufficient accuracy even when there is noise. Considering the analysis results of this 
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chapter, it seems that SVM shows better transferability performance when there is noise. When 

there is no noise, the transferability for some faults is lower than that for KNN; SVM is still 

accurate enough. In addition to this, as SVM has better accuracy in diagnosing faults as proven 

in Chapter 5, it is concluded that SVM provides the best performance for contactors. 

In order to enhance the transferability of the fault detection model, it is important to 

narrow down the features of faults common to contactors. It was found that the transferability 

performance was different for each fault, and high performance was obtained even when there 

was noise. A lack of grease can be detected with high accuracy for the contactor A data. The 

reason why the contactor C data could not be detected is that the wiping off of grease from 

contactor C was insufficient and the difference between normal and fault data was slight. In this 

verification, it was found that even if a small amount of grease is left over from wiping, the 

contactor works properly. In order to improve the transferability of the model for lack of grease, 

it is necessary to obtain data with the grease completely wiped off and conduct a further 

investigation. 

6.7 Summary and findings in this chapter 

This chapter investigates the transferability of the fault detection model by using 

contactor data. Normal and simulated fault data were obtained from two contactors, and data 

from one contactor was used for training and those from the other used for validation. In the 

first verification, MFCC, used in Chapter 4 and found to be effective, was used, but the 

transferability could not be confirmed. This was thought to be because too many features which 

are not related to detecting the fault were used. Therefore, PCA and MRMR were used to 

narrow down the features to be used. 
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The results showed that high transferability performance can be obtained when MRMR 

is used for feature selection. It was also found that when MRMR is used, performance becomes 

better when the number of features is reduced. High performance can be obtained in the cases 

of obstruction and spring weakening; however, it could not be confirmed in the case of improper 

pin position. This is probably since even when the pin is about to come off, the operation of the 

contactor itself is not much different from the normal condition. It also could not be obtained 

for a lack of grease for contactor A data, as grease removal was not complete. It seems that 

clear differences compared to normal conditions are required to obtain transferability 

performance. 

It was clarified that the important features for the detection of spring weakening differ 

depending on the fault level. By using this, not only the level of a fault but also monitoring of 

the progress of the fault can be expected. 

Finally, the effect of noise on the transferability performance was investigated. When 

there is noise, the transferability performance can be confirmed for spring weakening and 

obstruction, although the performance is reduced. As for a lack of grease, the performance 

dropped significantly when the contactor C data were analysed. This might be caused by 

insufficient grease removal as described above, and no significant difference could be 

confirmed compared to the normal condition. 

The investigation in this chapter revealed that choosing the number of features using 

MRMR results in high transferability performance. This performance was confirmed using both 

SVM and KNN classifiers. Since this performance does not degrade even when there is noise, 

it can be expected to be applicable for practical use. 
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The analysis in this chapter revealed the answers to the following research questions 

that could not be answered in Chapters 4 and 5 among those listed in Chapter 1. 

・ Can a fault detection model trained from one machine be transferable to other machines? 

It was found that it is possible to obtain transferability by selecting features using MRMR. High 

performance can be obtained in the case of spring weakening and obstruction which cause a 

large difference from normal conditions. It is difficult to obtain transferability when there are 

no significant differences from the normal condition, such as in the initial state of a lack of 

grease, but it is expected to be detectable when a fault progresses, and the grease almost 

disappears. Considering the results of analysis in Chapter 5, the following conclusions can be 

drawn. If the simulated fault data can be obtained from the monitoring target, the model can 

detect even faults with little difference from normal conditions, such as a lack of grease and 

improper pin position, by training the model with all the MFCCs calculated from the obtained 

data. If it is not possible to obtain simulated fault data from the monitoring target, it is possible 

to detect the faults, such as obstruction and spring weakening, which differ significantly from 

normal conditions by selecting features by MRMR from data from the same type of machine. 

In addition to this, it was found that important features are different depending on the level of 

a fault, suggesting the possibility of monitoring the progression of faults. 
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 CONCLUSIONS 

7.1 Summary of the findings 

In this study, the hypothesis was made that STME faults can be detected and diagnosed 

from acoustic data in the early stage, and to test this hypothesis, a literature search, experiments, 

and analysis were performed. 

It was found from previous research that MFCC and WPDE as features and SVM and 

KNN as classifiers are expected to be useful for fault diagnosis of STME. A fault diagnosis 

algorithm was developed using these techniques and used to analyse the data obtained in the 

experiments to determine which combination had the highest accuracy. 

Some STME uses different driving units even if the movement of the parts is similar, 

and there are differences in the speed and characteristics of the acoustic data. Because of this, 

STME is categorised into two types in this study. One is slow STME switching slowly, such as 

point machines and doors, and the other is fast STME switching at fast speed, such as contactors 

and circuit breakers. In the experiments, data were acquired from two types of STME to verify 

the proposed method is effective for general STME, by investigating the performance of the 

proposed method for two different types of STME. A point machine and contactors were used 

to acquire the data. The point machine and the contactor are both STME, and the movement of 

the machine itself is similar, but the operating sound is different. A point machine is a machine 

that operates over several seconds, and the operating sound has mainly low-frequency 

components, and a contactor works within a second and the operating sound extends to the 

high-frequency range. 
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Although some previous studies of condition monitoring using acoustic data did 

experiments with a single piece of STME, this study is novel in that data were obtained from 

multiple pieces of STME with significantly different operating characteristics. In addition to 

this, since most failures previously found to be detectable are serious ones that can be detected 

by means other than acoustic data, and most of them can be detected by the detection methods 

already installed in machines, this study targeted the early stage of faults that cannot be detected 

by conventional methods. A literature survey was conducted on the faults and frequency of 

occurrence in each type of STME, and it was decided to investigate contamination, dry slide 

chair, loose and over-tightened nuts, obstruction, and voltage drops in the point machine, and 

broken bolts, lack of grease, spring weakening, obstruction, and improper pin position in 

contactors. 

To prove the hypothesis that these STME faults can be diagnosed from acoustic data 

in the early stage, this study provides answers to the following research questions: 

・ Which algorithm is most appropriate for fault diagnosis? 

MFCC and WPDE were expected to be effective from previous research, so accuracy 

using these features was calculated and compared. It was found that using the MFCC as a 

feature is the more accurate for both the point machine and contactors. The combination of 

WPDE and classifiers was found to be able to diagnose point machine faults to some extent 

with accuracy for some types of faults, but many misdiagnoses occur. This is because the 

WPDE can capture significant acoustic changes, such as abnormal clutch sounds, caused by 

excessive tightening of nuts but cannot capture the difference of minute time-varying 

components caused when most minor faults happen. When WPDE was used for contactors, the 

accuracy did not decrease as much as when it was used for the point machine. This is because 
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contactors operate at high speed and the SPL of the operating sound is large, and there is a 

significant difference in the frequency domain when a fault occurs compared to the point 

machine. 

As for classifiers, both SVM and KNN can diagnose faults with sufficiently high 

accuracy for both case studies, but the accuracy using KNN is slightly higher than that using 

SVM. The accuracy is almost the same when using KNN and SVM, but FN occur when using 

SVM. Although the number of FN that occur is small, FN mean missing faults, which is a 

problem directly linked to safety; therefore, it can be said KNN is the best classifier for fault 

diagnosis from the operating sound of STME. 

・ How accurate is the system and does that vary by fault? 

In both case studies, all faults were found to be diagnosable with more than 95% 

accuracy using MFCC as the feature regardless of the classifier. In the case of the point machine, 

all faults could be diagnosed with more than 97% accuracy, and as most faults are diagnosed 

with nearly 100% accuracy, Recall is 99%. Although some misclassification of ‘loose nut’ and 

‘obstruction’ occurs, it can be said that the diagnostic performance for all faults is sufficiently 

high. In the case of contactors, each fault can be diagnosed with an accuracy of more than 95%, 

and as most faults are diagnosed with nearly 100% accuracy, Recall is 99%. The diagnostic 

performance for all faults is high, but the accuracy for ‘lack of grease’ and ‘spring weakening’ 

is low compared with others, and there are some misdiagnoses with normal, suggesting that 

there is little difference between those faults and normal data. Although some misdiagnoses 

occur in some types of faults in both case studies, this system can diagnose all faults with over 

95% accuracy. 
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・ How tolerant is this proposed method to noise? 

Since many machines are installed outdoors, noise with an SPL equivalent to light rain 

(37 dB) and heavy rain (55 dB) was added to the data to investigate its effect on classification 

accuracy. As a result, it was found that the proposed method is sufficiently tolerant to noise for 

both cases. Especially for contactors, the classification accuracy did not decrease much even 

when considerable noise equivalent to trains passing nearby (80 dB) was added. It is considered 

that the SPL of the operating sound of the contactor is larger than that of the point machine and 

the effect of noise is lower. In other words, the effect of noise can be reduced by increasing the 

SPL of the target operating sound as much as possible. It is desirable to install the microphone 

closer to the target or install a sound barrier between the target and the noise source, to increase 

the SPL. 

・ Which place is the most appropriate for the microphone to monitor the target? 

Analysis of the two case studies revealed that placing the microphone close to the 

monitoring target’s drive unit and increasing the SPL of the operating sound of the target 

machine are important to improve accuracy. It is desirable to place the microphone near the 

drive part where the motors and gears are installed, for equipment as large as a point machine. 

This is because even if something abnormal occurs near the rail, the abnormal force or vibration 

is transmitted to the driving part, or the related abnormality occurs to the driving parts. This is 

evidenced by the fact that the accuracy of the microphone near the point machine was higher 

than that of the microphone on the track in the case of ‘obstruction’ and ‘dry slide chair’ of the 

point machine. When an obstruction or dry slide chair occurs, the sound of the rail colliding 

with the obstruction or the sound of the rail being dragged will of course change, but the position 

of the parts and the force of the load also change due to the fault, and a larger abnormal sound 
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is generated in the locking mechanism, gears, clutch, and motor. Therefore, it is desirable to 

place the microphone near the driving unit. 

It was also found that it is better to install the microphone inside the cabinet when the 

target machine is installed inside a cabinet. This is because noise mixed in such as operating 

sound from other machines can be reduced because of the cabinet, and the SPL of the operating 

sound of the target equipment can be raised. Previous studies using acoustic data have not 

examined the location of acoustic data acquisition. This study revealed that the accuracy can be 

improved regardless of the type of fault by placing the microphone near the driving unit. This 

finding will be useful for future research using acoustic data. 

・ Can a fault detection model trained from one machine be transferable to other machines? 

It was proved that the fault detection model has transferability by selecting important 

features using MRMR. In the verification, normal and simulated fault data were acquired using 

two contactors. The model trained by data acquired from one machine could not diagnose faults 

of other machines by using all features. Overfitting seemed to occur for one machine because 

many features were used for training. In this study, a feature selection technique called MRMR 

was used to select the important features and it was proved that it is possible to improve the 

transferability of the model by narrowing down the features, in the case of ‘obstruction’ and 

‘spring weakening’. This is because many of the features obtained from operating sound are 

not important and related to condition diagnosis, and it is considered that they behave as noise 

when diagnosing multiple machines. Therefore, it was possible to improve performance by 

selecting features that were important for classification, eliminating features that were not 

important, and using only those that were important for diagnosis. On the other hand, in the 

case of ‘improper pin position’ and ‘lack of grease’ when grease was not completely removed, 
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transferability could not be confirmed even when MRMR was used. This is probably since even 

when the pin is about to come off, the operation of the contactor itself is not much different 

from the normal condition. For ‘lack of grease’, it seems that clear differences could not be seen 

because the remaining grease smoothed the sliding surface of parts sufficiently so that there 

was no significant difference in operation compared to normal operation. MRMR makes it 

possible to select only important features common to all machines and remove other unrelated 

features in case there are significant differences between normal and abnormal conditions. This 

analysis revealed that to make the model transferable, it is necessary to select important features 

by MRMR. It was also found that when there are multiple levels of fault, such as spring 

weakening, important features differ by level, so when using the transferability of the model, it 

is necessary to select the optimal features using MRMR for each level of fault. 

This analysis clarified that, in the case of using the transferability of the model, SVM is 

more accurate than KNN. Therefore, in this study, it is concluded that KNN is the best classifier 

for fault diagnosis using its target machine operating sound and SVM is the best for fault 

diagnosis using the transferability function. 

Usually, after equipment is installed, its operation is checked. An operation check is 

also performed in the precise maintenance every few years. Some simulated fault data can be 

taken at this time, and using these data with KNN, it is possible to monitor the target equipment 

with high accuracy. If there is an operational risk in acquiring simulated fault data or when it 

takes time and effort to acquire simulated fault data from all facilities in the case of installing a 

large number of assets, those facilities can be monitored with high accuracy by acquiring 

simulated fault data from the same type of facility, selecting the calculated features with MRMR, 
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and diagnosing with SVM. For these reasons, it is concluded that the most appropriate classifier 

should be selected depending on the constraints of the target equipment. 

The verification revealed the answers to each research question. It became clear from 

the first answer that the faults of both types of STME could be accurately diagnosed by using 

MFCC, KNN, and SVM. It is concluded that KNN and SVM are both adequate classifiers, but 

KNN is superior in that it has fewer FN. Since it is difficult to apply this method for practical 

use if there is a fault whose fault diagnosis accuracy is low, it was also investigated how much 

the accuracy changes with the fault. As a result, it was found that all faults could be diagnosed 

with high accuracy. In addition, since noise other than from the target machine might be mixed 

in in the real environment, noise was artificially added to examine its effect on the diagnostic 

accuracy. It was found that there was no significant effect on the diagnostic accuracy of this 

method even in the presence of environmental-level noise. Although it became clear that 

abnormalities could be diagnosed with high accuracy by sound, there was no knowledge of the 

best place to acquire data, so microphones were placed in several locations and the accuracy of 

each was compared. This revealed that the accuracy can be enhanced by placing the microphone 

near the machine’s drive unit. Finally, it was verified whether there is transferability in the fault 

diagnosis model, because sometimes it is difficult to obtain simulated fault data from all 

machines. The results show that some models are transferable. When using training data 

acquired from one machine to monitor the same machine, it was proved that KNN is more 

accurate, but it was also revealed that SVM is more accurate when using the transferability of 

the model. Thus, it was concluded that high accuracy can be obtained by using KNN if 

simulated fault data can be acquired from the target, and using SVM if simulated fault data 

cannot be acquired, but can be acquired from the same type of STME. 
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The analysis in this study shows that the proposed method using MFCC and KNN can 

classify STME faults with high accuracy when simulated fault data can be obtained from the 

monitoring target. The results show that the accuracy does not change with the type of fault, 

and all faults can be classified with high accuracy. It was also found that the accuracy does not 

degrade when noise that could occur in a real environment where the target is really monitored, 

such as outdoors, is mixed in. It was also proved where to place the microphone for higher 

accuracy. In addition, even if the simulated fault data cannot be obtained from the target, it was 

found that some faults can be detected by obtaining simulated fault data from the same type of 

STME and selecting the features with MRMR and diagnosing them by SVM. 

In summary, it can be said that the hypothesis that STME faults can be diagnosed using 

acoustic data is correct. In addition to this, the answers to the research questions were also 

uncovered, thus revealing useful facts to improve diagnostic accuracy. Investigation of the 

transferability of the model was also conducted and proved that faults can be detected even for 

machines without training fault data, by selecting features. This research is advanced in that it 

solved the problem of transferability, and field deployment would be anticipated to be 

successful. 

7.2 Recommendation for future works 

In this study, multiple experiments were conducted to obtain normal and simulated 

fault data, proving that these data can be classified with high accuracy. However, since the 

speed of sound varies with temperature and humidity, there is a possibility that the sound 

features will change with the seasons. The effect of seasonal variation should be investigated. 

It is desirable to install microphones on the target for a long period of time, take normal and 

simulated fault data of each season, and verify whether they can be classified with high accuracy. 
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Because it is difficult to obtain simulated fault data in all seasons, it is meaningful to investigate 

whether models trained on data acquired in one season can diagnose fault data in other seasons. 

If the data can be classified regardless of the season, there is a strong expectation that the 

method could be applied in the field in the rail industry. 

Transferability of ‘improper pin position’ could not be confirmed in this study. This is 

thought to be because a large difference did not occur as the pin was only slightly out of position 

compared to normal, but if the contactor was repeatedly operated under this condition, a 

difference might occur at some point. The same thing might happen in the case of ‘lack of 

grease’. When the transferability was investigated in this study, the fault detection accuracy of 

contactor C did not increase. It is thought that there was a little grease remaining and this was 

enough to lubricate the parts of the contactor. However, it is conceivable that if the contactor is 

operated repeatedly in this condition, a detectable difference may occur at some point. It is 

meaningful to examine at what point this abnormal condition can be detected when the 

contactor is repeatedly operated under this condition. Although the number of data used in this 

study is in the thousands, it is desirable to investigate the difference between the early and late 

stages of operation by acquiring and analysing more than tens of thousands of data over a long 

period of time with insufficient grease or misaligned pins. If this is clarified, the performance 

of transferability of ‘improper pin position’ and ‘lack of grease’ are expected to be improved. 

Analysis of data acquired over long period time also makes it possible to investigate transitions 

in the data, and the findings expected to be obtained by this will be valuable for research areas 

using sound. 

The proposed method of this study made it possible to diagnose abnormalities by 

catching slight differences in the operation sound. However, it was not possible to analyse in 
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detail which part of the sound affects the fault diagnosis. Once this is known, more appropriate 

microphone locations, optimal sampling rate, frequency bands, and times to acquire will be 

revealed. These are important for practical application of this method. Data masking and using 

acoustic cameras are expected to address this problem. In this study, all of the acquired data 

were used for analysis, but it is possible to mask part of the data and examine which time data 

and frequency band data would reduce accuracy if masked. This would make it clear which 

time and which frequency bands of sound data are important for diagnosis. Once the time and 

frequency of sound that are important for condition diagnosis are known, it will be possible to 

detect where that sound is coming from by using an acoustic camera. An acoustic camera is a 

measuring instrument that combines a video camera with a microphone array using multiple 

microphones to identify the source of sound by the time difference between the sounds acquired 

by the individual microphones in the array. By analysing the frequency of the acquired sound, 

it is possible to visualise which frequency sound is generated from where. If the source of an 

important sound can be identified, placing the microphone close to the source can be expected 

to improve accuracy. 
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