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Abstract: Railway turnout systems are one of the most critical pieces of equipment in railway 

infrastructure. Early identification of failures in turnout systems is important to obtain increased 

availability and safety, and reduced operating and support costs. This paper aims to develop a 

method to identify ‘drive-rod out-of-adjustment’ failure mode, one of the most frequently observed 
failure modes. Support Vector Machine (SVM) with Gaussian kernel is used for diagnosis. In 

addition, the results of feature selection with statistical t-test and feature reduction with principal 

component analysis (PCA) are compared in the paper 
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1.     Introduction 

     Condition Based Maintenance (CBM), also called predictive maintenance, is the philosophy of 

monitoring health of a machine by analyzing various signals collected from different sensors in 

order to have the minimum maintenance and failure cost. Diagnosis is a fundamental component of 

CBM and it is defined as the detection of the failure and its current status (i.e., healthy state).  

     Turnout systems are one of the most important electro-mechanical devices in railway 

infrastructure. Failure identification/diagnosis has been attracted researchers and industry in recent 

years. There are three main approaches to identify the failure of a system: a feature-based, 

empirically-based and model-based method. In feature based approach, special features are 

extracted to identify the failures [1]. Empirically-based approaches analyze the difference of 

collected signal from a fault-free sample to identify the failure [4], [5]. Finally, in model-based 

approaches, failure is identified by the deviation amount of the collected signal from a pre-defined 

model [2], [3].  Failure identification methods for turnout systems are summarized in [6].  

     This paper presents a diagnostics method for ‘drive-rod out-of-adjustment’ failure mode, one of 

the most frequently observed failure modes. SVM with Gaussian kernel is used for failure 

classification. In addition, results of the feature selection with statistical t-test and feature reduction 

with principal component analysis are compared in the paper. 

     Section 2 presents the railway turnout system. Section 3 briefly discusses SVMs, and section 4 

gives experiments and results with real data collected from a turnout system. Section 5 concludes 

the paper. 

2.     Railway Turnout Systems  

     Turnout Systems are one of the most important components of the railway infrastructure and 

there exist examples of accidents caused by turnout failures [10]. 
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     Turnout systems allow trains to change their tracks by moving switch blades before the train 

passes. It is a form of single throw mechanical equipment, and it is run by a motor. A turnout system 

includes a motor to start the movement, a gear-box to transfer the movement to drive the arms 

which push back and forth switch blades, and the metal platforms on traverses called slide chairs.  

The motor moves the switch blades in two directions called normal and reverse. Once the 

movement is completed, the switch blades are locked in their position. 

 

 

     A mechanism is provided to move the points from one position to the other (change the 

points). Historically, this would require a lever to be moved by a human operator, and 

some switches are still controlled in this way. However, most of them are now operated by 

a remotely controlled electric motor or by a pneumatic or hydraulic actuator. 

     There are several types of turnout systems such as electro-mechanic, pneumatic or hydraulic. In 

this study, an electro-mechanic type of turnout is used. It is located in Babaeski/Tekirdağ as seen in 

the Figure 2. 

 

 

 

Figure 1: Railway Tracks to be moved by a Turnout System 
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Figure 2: A Turnout System located in Turkey 

      

3.     Support Vector Machines 

     SVM is a strong and famous classification method that has been used in various application 

areas. It is applicable to any kind of data, not necessarily following any particular distribution. 

SVMs are often associated to physical meaning, , require a small amount of training samples, and 

they have  sparse representation [12]. 

     SVM is a two-class classification method that separates the classes with a hyper plane, which 

gives the largest margin between classes. SVM was first introduced by Vapnik in 1995[7]. 

     The goal is to separate unseen data from different classes with minimum classification error. 

SVM reduces the structural risk by separating classes with the largest margin between them. 

     SVM works on the principle of margin maximization between classes [7], see Figure 3. Margin 

maximization is formulated as a quadratic optimization problem. Its solution gives us the class of a 

given sample in the feature space.  

     Kernel methodology is an important aspect of SVM making the advantage of high dimensional 

space without really going to that space. Various kernel functions such as Gaussian and polynomial 

can be used. Readers are referred to [7], [8] for detailed information about SVM. References [14] 

[15] and [16] are two recent examples of application of SVM for failure identification. 

4.     Experiments and Results 

     This section discusses five sub-sections: data collection, feature extraction, feature selection 

feature reduction, and classification. 
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Figure 3: Separation of Classes by Hyperplane 

4.1  Data Collection 

     Data collection is employed on an electro-mechanical turnout with two drive rods, one for each 

rail. A linear position measuring sensor is installed on stretchers of the turnout system and 

measures the linear position of the switch rails. Time-series data are acquired from both normal to 

reverse and reverse to normal movements of a turnout system. Figures 4 and 5 show the sensors 

and the data-acquisition systems, respectively. 

                   

       Figure 4: Installed Sensors on Turnout System                Figure 5: Data Acquisition System 

     There are multiple failure modes in a turnout system. The goal of the study is to determine the 

level of “Drive Rod Out-of-adjustment” failure mode which is one of the most common failures in 

a turnout system. The failure mode is obtained manually by loosening the bolts. Totally, ten 

samples for fault-free and ten samples for failed states are available. When failure modes related 

to loosening of stretcher arm bolts occurs, one can see the change in “Linear Ruler” sensory signal 

as illustrated in Fig. 6. Linear ruler consists of two parts: one is non-moving part installed on the 

slide chair, whereas the other moves with the rail. The magnet on the moving part identifies the 
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location of the rail during the movement. Normal to reverse and opposite were concatenated in the 

figure. The left part of the figure with downward lines represents backward (reverse to normal) 

movements, whereas the right part with upward lines represents the forward (normal to reverse) 

movements. Figure 6 displays the failure-free samples and failed (drive-rod-out-of-adjustment) 

samples together. It is clearly seen in the figure that there are two distinct line groups representing 

both types of samples in the upward and downward lines. The difference in the first one is greater. 
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Figure 6:Linear Ruler Sensor Signals for all Samples 

4.2   Feature Extraction 

     Feature extraction is the process of extracting useful information from raw data. 

Feature extraction is called transforming the input data into the set of features. 

     Among many possible features, six features to be used for classification are mean: (F1), 

standard deviation (F2), variance (F3), slope (F4), maximum (F5), and minimum (F6) of 

the signal obtained from the linear ruler. The main reason on selection of these features is 

their simplicity. Figure 7 displays the features of all samples for two classes (failure-free 

and failed). From these samples, we can observe if the samples are good enough to 

distinguish the classes. As seen from the figures, the standard deviation and the variance 

do not seem to be good features. There exists many separation index used in the literature. 

Even if the quality of the features can be identified visually, Calinski-Harabasz (CH) is 

used in this paper [11].  
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Figure 7: Extracted Features 

4.3  Feature Selection 

     Feature Selection is the technique that chooses a subset of relevant features for building 

robust learning models. The goal of the feature selection is the optimization of the size of 

this subset. 

     The basic philosophy of the feature selection is discarding individual features with poor 

information content, and the remaining information-rich features are examined jointly as vectors. 

     There are many potential benefits of feature selection: Facilitating data visualization and data 

understanding, reducing the measurement and storage requirements, reducing training and 

utilization times and defying the curse of dimensionality to improve prediction performance [13]. 
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     By removing most irrelevant and redundant features from the data, feature selection helps 

improve the performance of learning models by: 

• Alleviating the effect of the curse of dimensionality. 

• Enhancing generalization capability. 

• Speeding up learning process. 

• Improving model interpretability. 

     There are several feature selection methods in the literature such as forward selection, 

backward selection, decision tree method, branch and bound, hypothesis testing (t-test), and 

scatter matrices. 

     T-test is used to quantify the effectiveness of the features for classification. A null hypothesis 

about two classes having an equal mean is analyzed. Table 1 displays the result of t-test analysis. 

Low p-value indicates that classes are distinguishable with the given feature. h = 0 indicates a 

failure to reject the null hypothesis at the 2.5% significance level. In this way, features can be 

sorted from best to worst by p-values as f5 > f6 > f4 > f1 > f3 > f2. Thus the best two features F5 

and F6 selected. 

Table 1: The p-values for all Features 

Feature F1 F2 F3 

p-value 

h-value 

0,00013 

1 

0,4003208 

0 

0,3439391 

0 

Feature F4 F5 F6 

p-value 0,00014 3,43E-08 3,37E-05 

h-value 1 1 1 

4.4  Feature Reduction 

     In this sub-module, a feature reduction method, Principal Component Analysis (PCA) is 

employed. PCA transforms the existing features into new ones by linear transformation. They are 

ranked by their representation ability to the variance of dataset. A given number of features with 

the highest representation ability is selected for classification. 

     By using PCA, our aim is to combine related variables, and focus on uncorrelated or 

independent ones, especially those along which the observations have high variance and also 

aimed to obtain a smaller set of parameters that explain most of the variance in the original data, 

in a more compact and insightful form.  The central idea of PCA is to reduce the dimensionality of 

a data set consisting of a large number of interrelated variables that retain as much as possible of 

the variation present in the data set. This is achieved by transforming to a new set of variables, the 

principal components (PCs), which are uncorrelated, and ordered, so that the first few retain most 

of the variation present in all the original variables.  

     Readers are referred to [9] for details of PCA. Table 2 displays the transformation matrix used 

in PCA. Figure 8 illustrates the direction of new features on two components. 

Table 2: Linear Transformation Matrix 

0.293 0.34313 0.809 0.476 0.023 0.000681 

-0.144 0.181773 -0.031 -0.02 -0.966 0.105943 

-0,6 0.721554 -0.194 -0.16 0.233 -0.02727 

0.0013 -8.64E-05 0.003 0.001 -0.109 -0.994 

-0.776 -0.57166 0.266 0.007 -4.00E-04 -8.83E-05 

0.1277 0.042282 0.486 -0.86 -0.006 0.001135 
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Figure 8: Uncorrelated new features obtained using PCA 

      First, two of these features (X1 and X2) are generated for PCA and used in classification; 

They cover the 98.6% of the total variance as could be seen from Figure 8. Note that X1 and X2 

are the features obtained using PCA and are the linear combination of the existing features 

mentioned section 4.2. The linear transformation matrix used to obtain new uncorrelated features 

is shown in Table 2. 

4.5  Classification 

      Seventy percent of data are used to train SVM, the rest is used for testing SVM classification. 

Gaussian kernel method is used to classify the data both after feature selection and feature 

reduction. As seen from the Fig. 9, one misclassified data exists in the result with feature selection 

approach. Fig. 10 shows the classification result with feature reduction with PCA. The classes in 

the figures represent the ‘failure-free’ and ‘failed’ states of the turnout systems.  
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Figure 9: Feature Selection Classification Results         Figure 10. Feature Reduction Results 

     Classification accuracy results are shown in Table 3. As seen from the table, results with 

feature reduction are better than results with feature selection. Thus, even some of the features 

seem to be not efficient enough. They may carry some value in classification, which can be 

incorporated in the new features obtained in PCA. 

Table 3: Classification Accuracy Comparison 

 Feature Selection Feature Reduction 

Accuracy 83.3% 100% 
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5.     Conclusions 

     Railway turnout systems are one of the most critical components of railway structures. 

Due to safety reasons, it is critical to identify failures in these assets. This paper presents a 

SVM based failure identification method. Drive-rod-out-of-adjustment failure mode is 

selected for the experiment. The failure data are obtained manually. Collected data are 

analyzed with feature selection and reduction with PCA. Finally, SVM is used for 

classification. The usage of features obtained with PCA gives better results than only 

selecting the existing features.  
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