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ABSTRACT 
 

This paper attempts to summarize the application of vibration based similarity analysis as a diagnosis 

technique on train door mechanisms. Moreover, the capability to identify deviations from the baseline 

is also assessed for various defects, such as wear in door rollers, twists or wear in the return rod, defects 

in the linear shaft assembly or pressure reduction in the pneumatic jack. Detecting changes in the 

vibration pattern in the very early stages before breakdown of the door mechanism could give the 

operators enough time for these faults to be corrected at routine scheduled maintenance intervals and 

also enable low cost repairs.  

 

The technique presented is based on capturing a vibration profile or signature, given for any mechanical 

equipment in motion. This signature reflects its operating condition or its specific health condition at a 

certain point in time. All subsequent acquisitions would be then stored and compared to the original 

signature. 

 

Relevant features of the vibration signal are extracted and can be analysed in the time and frequency 

domains, allowing an overall evaluation of the mechanism and identifying subtle changes in its operation. 

In this paper, the analysis is carried out in the time domain, capturing deviations from the baseline  and 

presenting them in regards to the corresponding defect.  
 

1. Introduction 
 

The primary objective of maintenance techniques is to ensure that the operating condition of machines 

and equipment is optimal. However, deterioration in machinery and faults are still broad sources of 

unwanted downtime, risk of safety and high costs of repair. The causes of failure can vary from the way 

the machine is manufactured, installed, operated and/ or maintained. 

 

Even though an operator might not have full control over any of these stages which might occur, it is 

essential to take into consideration the likelihood of failure and the challenges of improving the 

machines’ or mechanisms’ reliability.  

 

A vibrating machinery would normally give signs before failing. The signs can be changes in vibration 

level, temperature, and wear out of lubrication or other visible signs of deterioration affecting the 

performance of the machine. The effect and analysis of such changes have been being examined and 

discussed in various publications. A number of different methodologies are available for use in time and 

frequency domains [1]. 

 

Vibration signature analysis is one of the most widely used techniques for fault identification. It allows 

examination of the vibration pattern of the machinery whilst operating and a baseline is created for use 

in the identification of defects at later stages of operation. When damage incubates and initiates and 

faults are in the process of developing, changes in the vibration spectrum can be observed. By comparing 

these changes with the initial state, the evolution of defects can be followed and suitable mitigation 

actions can be planned.  
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From one type of mechanism to another, their particular behaviour is difficult to predict. Failure can 

take place earlier or later than the recommended or scheduled inspection time. The probability of failure 

over time for a general mechanism is described by the commonly called “bath-tub” curve, a well-

established concept, and substantial in maintenance practices (Figure 1). This model of failure 

probability consists of three periods, namely: an increased likelihood of failure in the early life of the 

machine, not long after being commissioned, followed by a normal life period with a lower and constant 

failure rate, characterised by random failures, and ending with a wear out period characterised by an 

increased failure rate.  

 

 
Figure 1. Bathtub curve of a general machine lifetime [2] 

 

During its operation, the mechanism changes its likelihood of failure, which introduces a higher degree 

of difficulty in diagnosing it.  

 

The conventional non-destructive techniques applied during scheduled or unplanned maintenance will 

deliver the extent of a damage, considering it is large enough for detection, at a given point in time. 

However, some of these techniques are highly dependent on the skills of non-destructive testing 

equipment operator. It is not uncommon that cracks smaller than the ones measured the year before are 

reported. 

 

Therefore, there is a very strong need to employ other, more advanced monitoring techniques to detect 

deterioration or evolution of damages continuously. 

 

Continuous monitoring also gives the opportunity to monitor a wide range of parameters to be captured 

instantaneously. It is offers the chance of what is normal for a particular machinery or mechanism. Once 

the normal operating conditions are defined, identification of deviations is easier to achieve. 

 

Furthermore, continuous monitoring reveals also early signs of failure, certainly, once the behaviour of 

the machinery is understood, as well as the characteristics of faults/defects/damages evolving. Early 

detection of defects has the potential to prevent  unwanted downtime and outages. The cost of repair can 

also be reduced. If suitable changes in operation can be made as part of mitigation action plans, the 

damage evolving can possibly be stopped but this is not easy to achieve.  

 

Defects or damages can always incubate, evolve and show themselves as component or machinery 

failures if ignored. Planned inspections are certainly effective means of detecting defects and damages. 

However, a continuous monitoring system can warn the operators at much earlier stages of damage 



 

 

 

evolution and can enable the operators develop predictive maintenance plans, with the view of replacing 

planning inspection intervals completely in the future. 

 

2. Baseline and Signature Definition 
 

Vibration analysis is a powerful tool in monitoring rotating or moving mechanisms capturing machinery 

distress prior to failure. 

 

Even though standards and guidelines for vibration analysis practices exist (ISO Standards for example), 

the diversity of mechanisms and their changing behaviour over time, as described by the “bath-tub” 

curve alone, makes it difficult to follow one set of rules. Therefore, previous data of the vibration level 

and pattern, taken from the specific machine, can be used more reliably for comparison.  

 

A collection of descriptive information of signal patterns and relevant parameters of the signal, 

characterizing the state of a specific mechanism is what defines a signature.  

Specific features describing the signal can be extracted from the raw data acquired, establishing a basis 

for how the mechanism manifests itself in a normal operating condition, at a specific point in time. 

 

Signals captured by accelerometers can be analysed in time and frequency domains. Evaluating the 

statistical characteristics of the vibration signal in the time domain reveals information mainly about 

certain attributes, such as peak level, standard deviation, skewness, kurtosis and crest factor. The time 

domain signal can be transformed into a frequency domain by means of Fourier methods, carrying out 

further analysis on the amplitude and power spectra.  

 

A time-domain defined signature displays the vibration signal acquisitions as a function of time, having 

the advantage of no data being lost prior to inspection and therefore displaying signs of any faults which 

may arise or have already arisen. 

A  sample of data can be called a baseline and thus characterizing a certain mechanism’s behaviour only 
when it gathers sufficient information about its running state and being stable enough (i.e. its standard 

deviation small) for allowing subtle changes to be detected.  

 

It is of outmost importance to understand that a representative sample of data assigned as a baseline, 

does not necessarily describe a healthy mechanism, but only the behaviour of the machinery in its actual 

state at that specific point in time. It is then a matter of its operator to decide whether that particular 

condition will be regarded as a standard condition, undamaged (“healthy”) or if without evaluating the 
actual performance of the mechanism, the vibration trend will be supervised from the moment of setting 

the continuous monitoring programme into place.  

 

Representative sets of data designated as signatures, can be assessed in regards to the previously defined 

vibration baseline. Once again, the interpretation of changes in the machinery’s vibration pattern is not 
as straight-forward as following a set of guidelines and rules. Only the history of the machinery’s 
behaviour and its previous failure events can help establishing benchmarks and limits of the degree of 

changes, triggering the alarms. 

 

3. Case Study: A Train Door Mechanism 
 

3.1. Application Framework 
 

The challenge of decreasing operational costs, while still complying to regulatory and safety standards 

is faced in almost every industry. Rail industry in particular must ensure punctuality and network speed, 

when the operation is highly dependent on each asset’s condition. Regular manual inspections involve 
high costs for mechanisms which need day-to-day inspection.  



 

 

 

The vibration-based similarity analysis presented in this paper was validated on a train door mechanism 

application, arising from the necessity of finding a good solution for an improved and successful train 

doors operation.  

 

Considered relatively more vulnerable subsystems to failures, frequent failure of the doors brings 

discomfort to passengers and has a negative impact on the operation increasing the costs. Therefore, 

determining the root cause of failures and reliably analysing train door systems has an important 

significance and is necessary for maintenance and optimal design as well. 
 

The mechanical condition and operation can be continuously monitored. Such monitoring includes 

tracking deviations from the vibration baseline, detecting the incipient stage and the rate of deterioration. 

Consequently, the unscheduled interruptions can be minimized, ensuring the maximum time between 

repairs. 

 

3.2. Approach 
 

The relevance of this application lies in the fact that the behaviour of the mechanism was first assessed 

in its unaltered state, being monitored at its present condition, for developing a representative baseline.  

The tests were performed on several areas of interest in the train door mechanism, namely guiding rail, 

guiding rail door trolley, inferior drive arm and locking mechanism. The vibration signals were acquired, 

serving as baseline for comparison with the data to be collected subsequently for the analysis of defective 

conditions.  

 

Once the characteristic motion of the train door and individual vibration pattern is understood, its 

signature can be further monitored, in order to look for changes and ultimately identify a degradation 

trend at its incipient stage.  

 

The subsequent measurements were taken after simulating several realistic defects, which can occur 

during the lifetime of a train door and had been previously reported by various operator. These faults 

were induced by twisting or replacing the initial return rod, unbalancing the superior drive arm, as well 

as reducing the pressure in the pneumatic jack of the plugging movement and locking system, had been 

previously reported by various operator.  

 

The historical information of the mechanism’s performance in its normal running state, evaluated by the 

maintenance engineer, as well as the previously encountered faults offer an overview of the observed 

behaviour of the train door. Therefore, the simulated defects were expected to cause more friction in the 

sliding movement of the door, when twists in the return rod occur. Moreover, a worn out tensioner can 

cause difficulties in sliding and plugging movement of the door and a slower movement and locking 

actuation was expected when the pressure in the flow limiter of the plugging movement and locking 

system’s pneumatic jack is decreased. 
 

Given the specific vibration pattern of opening and closing of the train door, shown in Figure 2 (a, b), 

the two cases cannot be evaluated together. It can be observed that the motion of the door opening has 

a higher impact when the door is pushed outwards, followed by a smoother sliding motion, which is 

opposite to the closing state, characterised by a smooth sliding motion first, ending with an impact when 

the door is pushed inwards and locked. Therefore, a baseline for each case has been defined and their 

pattern was analysed separately.  



 

 

 

 

 
Figure 2. Raw signal collected for an opening (a) and closing (b) case in the undamaged state of the 

mechanism; raw signal collected during opening (c) and closing (d) after simulating a defect 

 

3.3. Feature Selection 
 

A raw vibration signal is a collection of data points over time, obtained from a specific machine or a 

system. The complex spectrum collected generally contains other unnecessary information due to the 

presence of more sources of vibration, each of them generating a particular signal, some of which might 

be outside the area of interest. Therefore, the unwanted information must be methodically excluded, 

such that the remaining comprehensible vibration attributes can be analysed [1]. 

 

While deviations in the raw data can be sometimes directly visible, statistical techniques are used in 

signal processing which reveal faults, difficult to distinguish in the sampled vibration signal. An 

illustration of noticeable deviations in the vibration pattern seen in the raw data is shown in Figure 2 (c, 

d), where the spikes occurring during opening and closing case are not present in the unaltered state. 

Furthermore, in the opening case (Figure 2c), the amplitude of the signal has increased, initially ranging 

between -7g to 8g and reaching -15g in the presence of a defect.  

 

General features of vibration signal, such as mean and peak amplitude, RMS (root mean square) 

amplitude, crest factor, skewness and kurtosis are used for inspection and monitoring procedures.  

 

For the application presented, several parameters were tested for their susceptibility in quantifying the 

variance of the signal magnitude in a time-domain analysis.  

 

The RMS amplitude, in equation (1), often used for describing the vibration signal, represents the 

average amount of energy contained in the waveform. In general, the RMS value of the vibration is 

lower for a defect-free mechanism than the RMS value in a defective system. The increase in RMS level 

relates to the growth of the defect size [3]. 
 𝑥𝑅𝑀𝑆 = √∑ 𝑥𝑖2𝑛𝑖𝑛                                                                (1) 



 

 

 

For detecting early stages of fault condition, there is another parameter commonly used in on-line 

monitoring and it is called the crest factor. Crest factor is obtained from the ratio of peak (xp) to RMS 

(xRMS) values and reveals the prevailing shape of the signal waveform, being indicative of the level of 

impact in the signal [4]. 
 𝐶𝐹 = 𝑥𝑝𝑥𝑅𝑀𝑆                                                                        (2) 

 

Crest factor is considered to be much more sensitive than RMS, detecting small cracks in its initial stages 

and dropping when the defect reaches a more severe stage. It also offers more accurate information than 

using the peak value on its own [5].  

 

It is essential that more than one parameter is included in the analysis, such that vibration level deviations 

which cannot be discerned by one parameter alone, could still be detected by the others.  

It is often the case that discrete impulses, larger in amplitude than the background signal, which do not 

occur frequently enough to be displayed in the RMS level of the signal, would be captured by the Crest 

Factor [3]. 

 

The Euclidean Distance represents a generalization of the three-dimensional notion of physical distance 

in a multidimensional space [6]. Defined in equation below 
 𝐸𝐷(𝑝, 𝑞) = |𝑝 − 𝑞| = √∑ (𝑝𝑖 − 𝑞𝑖)2𝑁𝑖=1                                                 (3) 

 

Considering that p=(p1, p2, p3, …, pN) is the series measurements defining the baseline of the train door 

mechanism and q=(q1, q2, q3, …, qN) is a signature of vibration signals collected at a subsequent time, 

the Euclidean Distance between these signatures represents the dissimilarity between both of them.  

In the signal processing algorithm used for this study, the Euclidean Distance includes two statistical 

parameters, namely mean and standard deviation. The latter is a measure of the variability of the signal 

about its mean value, while the average of the vibration signal computed over a sampled interval is 

referred to as the mean value [4]. The details of similarity analysis are discussed next. 

 

4.  Results of Similarity Analysis 
 

The statistical analysis on the data collected is presented in Figure 4 and Figure 5 for opening and closing 

case. 

 

The results showing the baseline and defect conditions correspond to D1,2,3,4,5,6 respectively along 

the X-axis, in two distinctive areas. The first area contains the initial 15 measurements, representing the 

baseline defined for opening and closing state, respectively. The second distinctive area is formed by 

the following 10 measurements collected in a defective state, for opening case in Figure 3 and closing 

case in Figure 4.  

 

In the same figures, each individual defect is separated along the Y-axis. For all defects analysed, the 

deviation is quantified by the three parameters (RMS amplitude, Crest Factor and Euclidean Distance) 

explained above.  

 

 



 

 

 

 
Figure 3. Signal processing results for the opening case. The parameters used in the analysis, i.e. Crest 

Factor, RMS Amplitude, Euclidean Distance, are linked to the six types of defects simulated (D1 to D6) 

 

 
Figure 4. Signal processing results for the closing case. The parameters used in the analysis, i.e. Crest 

Factor, RMS Amplitude, Euclidean Distance, are linked to the six types of defects simulated (D1 to D6) 

 

The overall results of the signal processing illustrate how the signal attributes are modified in the 

signature of the mechanism for the defective conditions evaluated. Furthermore, depending on each 

defect’s characteristics, i.e. whether more impacting or more friction occurs, not all types of deviations 

from the baseline were distinguished by all parameters chosen for signal processing at the same time.  

 

It can be observed that Figure 5 shows more clearly the differences between the baseline and the 

simulated defects, indicating that when faults are developed, their effect on the closing case of the door 

is more visible than in the opening motion. Such an instance is defect number 5, where the processed 

parameters do not show any conclusive trend, having a high variation in both baseline and defective 

state for the opening of the door, while the same defect affecting the closing case presents a noticeable 

increase in the Euclidean Distance.  

 

5. Conclusions 
 

A great number of data processing algorithms are employed in the industry for identification of faults 

in mechanical systems. This paper presents a similarity analysis methodology, which has been studied 

on vibration data, in the specific case of train door mechanisms. Nevertheless, this analysis method is a 

very generic method and can be applied to data acquired from a variety of sources (such as ultrasonic 

signals, temperature, etc).  

 



 

 

 

In the case study presented, measurements were collected on a normal operating train door mechanism, 

such that a set of vibration signals was regarded as the baseline for the monitoring procedure.  

 

Through the analysis of several simulated defects in the train door system, the Euclidean Distance and 

two other vibration features, namely RMS and Crest Factor were utilized to evaluate the feasibility of 

vibration based similarity analysis in detecting deviations from a defined baseline.  

 

A faulty condition of the train door causes changes in the behaviour of the mechanism and therefore 

variations in the statistical parameters used.  

 

When these variations increase and therefore the difference between the baseline created and the 

subsequent vibration signatures is higher, the defective state of the mechanism is revealed. The RMS 

and Crest Factor values are prone to either increase or decrease in amplitude compared to the initial 

condition, providing a good correlation between the speed and the shock level, while the Euclidean 

Distance measures the deviations from the baseline, irrespective of its trend. The effectiveness of the 

algorithm is verified following examination of six damages experienced in operation. The other 

advantage of the similarity analysis is that it  is a visual method for detecting changes in the vibration 

pattern and relatively easy to interpret its results. 

  

Although predicting the remaining lifetime of a machinery remains a challenge, the results described in 

this study represent a meaningful indicator in evaluating the condition of a train door mechanism in 

operation. Even this information can provide valuable input to technical and decision support processes 

in maintenance practices. 
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