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ABSTRACT 

Railway point machines are actuators that drive switchblades from the current position to the opposite in 

order to offer trains different routes. Point failure can significantly affect railway operations, with 

potentially disastrous consequences. Therefore, early detection of anomalies is critical for the management 

of railway condition monitoring systems. In this paper, we present a data mining solution that utilizes audio 

data to efficiently detection faults in railway condition monitoring systems. The system enables extracting 

mel-frequency cepstrum coefficients (MFCCs) from audio data with reduced feature dimensions using 

attribute subset selection, and employs support vector machines (SVMs) for early detection of anomalies. 

Experimental results show that the system enables cost-effective detection of faults using a cheap 

microphone, and the good detection accuracy was achieved. 
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1.  INTRODICTON 

Railway point machines are the key actuators that provide a means for driving switchblades from the 

current position to the opposite in order to offer trains different routes. Failures in railway point machines 

have a significant effect on train operations [Asada et al., 2013]. Therefore, early detection of anomalies is 

important for the management of railway condition monitoring systems. In order to minimize the damage 

incurred from such failures, it is necessary to develop technology for collecting data and analyzing railway 

point machines. 

Many railway condition monitoring systems are equipped with alarms that apply thresholds to electrical 

sensor readings. However, the application of thresholds does not ensure early detection of faults [Vileiniskis 

et al., 2015]. In addition to techniques based on electrical thresholds, the literature includes a wide variety 

of methods for detecting faults in railway points, including statistical analysis, classification, and model-

based methods. In particular, classification methods are widely used for detecting faults in a variety of point 

machinery [Asada et al., 2013, Vileiniskis et al., 2015]. 

Several recent studies reported on SVM-based classification methods [Eker et al., 2012] using electrical 

signals. Eker et al. [Eker et al., 2012] detected faults using principal component analysis together with SVM 

based on the measurements of a linear ruler, and classified 20 operations of railway point systems as either 
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fault-free or indicative of drive misalignment. Asada et al. [Asada et al., 2013] showed that current and 

voltage sensors can be used to collect electrical active power for railway condition monitoring systems. 

They reported that the combined use of wavelet transforms and SVMs enabled quite accurate detection and 

diagnosis of misalignment faults in electrical railway point machinery. Vileiniskis et al. [Vileiniskis et al., 

2015] presented a methodology for early warning of possible point failure through early detection of 

changes in the current drawn by the point motor, which was more accurate than commonly used threshold-

based methods. 

Unlike present research perspectives, this paper proffers a data mining solution that employs audio data 

to detect faults in railway condition monitoring systems. Firstly, in the data-preprocessing phase, MFCC is 

extracted and feature dimensions are reduced. The SVMs is used to detect fault sounds. Experimental results 

show that this method enables cost-effective detection of faults using a cheap microphone, achieving high 

accuracy levels of 94.3% for detection. The results indicate that acoustic analysis of railway sounds can be 

a reliable method for understanding the condition of railway point machinery. 

2.  FAULT DETECTION OF RAILWAY POINT MACHINES BY AUDIO ANAYSIS 

The proposed real-time system consists of four modules: two online process modules consisting of a 

feature extraction module and a fault detector module, and two offline process modules consisting of an 

attribute subset-selection module and an SVM training module (refer to Figure 1). The feature extraction 

module is based on the MFCC algorithm [Ligges et al., 2014]. The attribute subset-selection module is used 

to select the optimal feature subset with a view to improving the detection and classification speed of the 

entire diagnosis system. This study uses correlation-based feature selection (CFS), which is one of the most 

popular attribute subset-selection methods [Lee et al., 2015]. Following training, the fault detection module 

detects fault sounds by identifying incoming audio signals. Although the SVM training module is intended 

to perform training offline based on the MFCC and CFS, the process is not necessary during the online 

process. 

 

Fig 1. Overall structure for proposed fault detection system by audio analysis 

2.1. SVM  

This section presents a brief review of SVMs. In the linearly separable case, let {𝑥1, 𝑥2, … , 𝑥𝑛} be the 

training set and let 𝑦𝑖 ∈ {+1, −1} be the lass label of a D-dimensional feature vector 𝑥𝑖 . The margin 

maximization problem corresponds to [Cristianini et al, 2000, Eker et al., 2012]: 
 

min [
1

2
𝑤𝑇𝑤 + 𝐶 ∑ 𝜉𝑖

𝑧
𝑖=1 ] 𝑠. 𝑡.  𝑦𝑖(𝑤𝑇𝑥𝑖 + 𝑏) ≥ 1 − 𝜉𝑖;  𝜉𝑖 ≥ 0; 𝑖 = 1, … , 𝑛 (1) 

Here, 𝜉𝑖 is a penalty for misclassification or classification within the margin, and 𝐶(𝐶 > 0) is a tradeoff 

parameter between error term and margin. 
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The approach described here for a linear SVM can be extended to the creation of a nonlinear SVM in 

order to classify linearly inseparable data. In the general mathematical formulation, the kernel function, K, 

is defined as 𝐾(𝑥𝑖, 𝑥𝑗) ≡ 𝜙(𝑥𝑖)𝑇𝜙(𝑥𝑗). In particular, the commonly used kernel function is a radial basis 

function (RBF) as follows: 

𝐾(𝑥𝑖 , 𝑥𝑗) = 𝑒𝑥𝑝 (−𝛾‖𝑥𝑖 −𝑥𝑗‖
2

) , 𝛾 > 0 (2) 

Here, 𝛾 is a standard deviation parameter. 

3.  RESULTS 

Audio data were collected from an NS-AM-type railway point machine at Sehwa Company in Daejeon, 

South Korea, on January 1, 2016. As shown in Figure 2, we collected audio data while simulating three 

fault conditions that include normal data: “ice obstruction,” “ballast obstruction,” and “slackened nut”. The 

first two cases concern obstructions between the stock rail and switchblade of the track points. The 

“slackened nut” scenario may occur when nuts become loose due to a natural process, through train 

vibration, or maintenance misalignment. 

 

Fig 2. Data collection pictures from simulating three fault conditions: (a) ice obstruction, 

(b) ballast obstruction, and (c) slackened nut 

The sounds emitted by the railway points were recorded using a SHURE SM137 microphone (Shure Inc., 

Niles, IL) positioned within one meter of the points, and was recorded onto a Samsung NT-SF310 notebook 

computer. Adobe Audition 3.0 and R package ‘tuneR’ software were used to digitize the recorded signals 

in a personal computer with a Realtek AC97 soundcard at 16bits/44.1kHz sampling rates. Figure 3 

illustrates the waveforms of standard and various fault sound models using Adobe Audition 3.0. 

 
Figure 3. Waveforms for fault and normal sound samples: (a) normal, (b) ice obstruction, 

and (c) slackened nut 

3.1. FAULT SOUND DETECTION 

The proposed system was implemented using a PC (Intel i7-3770K, 16 GB memory), and the experiments 

used the Weka 3.6 software. In addition, ten-fold cross-validation with ten repetitions was used. The 

experiment used 430 fault sound data (140 for “ice obstruction,” 140 for “ballast obstruction,” and 150 for 

“slackened nut”) and 150 normal sound data. The data set is divided into a training set consisting of half of 

the original set (randomly chosen), with the other half used as a validation set.  
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For the MFCC features, 60 frames per sound and 12 cepstral coefficients were used, and 720-dimensional 

features (12 × 60 = 720) were yielded by using tuneR. The lowest and highest band frequencies were set to 

300 and 13,000 Hz respectively, whereas the other parameters were set to default values. In the case of CFS, 

the dimension of the selected optimal-attribute subsets was reduced to 133 using “CfsSubsetEval” in Weka.  

The performance of the proposed system was evaluated via fault detection rate (FDR), false positive rate 

(FPR): True positive (TP: fault sound correctly identified as fault), False positive (FP: normal sound 

incorrectly identified as fault), and True negative (TN: normal sound correctly identified as normal). 
 

𝐹𝐷𝑅 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
× 100, 𝐹𝑃𝑅 =

𝐹𝑃

𝐹𝑃 + 𝑇𝑁
× 100 (3) 

 

According to the experimental results, when using 133 feature vectors, the fault detection accuracy of 

the proposed system is 94.3%, and FPR is 3.3%. An RBF kernel with 0.0275 gamma was used and C was 

set at 1.7 for this cross-validation experiment. These values were chosen by a GridSearch method in a 

training phase. 

4.  CONCLUSION 

The early discovery of anomalies is critical for systems that monitor the condition of railway 

infrastructure. Failure to uncover faults in a timely and precise manner can become a critical limiting factor 

in achieving efficient management of such systems. This work thus presents a timesaving data mining 

solution for identifying faults through the use of audio data. The railway sound-acquisition process was 

performed first, while MFCC was isolated from the data-preprocessing segment. SVM was used in the 

detection of fault sounds. The experimental results demonstrated cost-effective, automatic detection and 

diagnosis of railway faults through the analysis of audio data. The combination of MFCC and SVM detected 

the sounds of railway faults with accuracies of 94.3%. The results confirm that the proposed method 

provides a credible means of investigating railway sounds for understanding the condition of rail points, 

whether used alone or in combination with other known methods. 
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