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Abstract: Fault detection is a crucial step in condition based maintenance requiring. The 
importance of fault diagnosis necessitates an efficient and effective failure pattern 
identification method. Artificial Neural Networks (ANN) and Support Vector Machines 
(SVM) emerging as prospective pattern recognition techniques in fault diagnosis have 
been showing its adaptability, flexibility and efficiency. Regardless of variants of the two 
techniques, this paper discusses the principle of the two techniques, and discusses their 
theoretical similarity and difference. Eventually using the commonest ANN, SVM, a case 
study is presented for fault diagnosis using a wide used bearing data. Their performances 
are compared in terms of accuracy, computational cost and stability. 

Keywords: Failure pattern recognition, artificial neural networks (ANN), support vector 

machines (SVM), fault diagnosis. 

1.   Introduction 

As artificial intelligence techniques, the Support Vector Machines (SVM) and the 
Artificial Neural Networks (ANN) can be used for failure diagnosis. Both techniques have 
the ability to automatically learn and remember relationships among input data. This 
learning process can be supervised or unsupervised. Supervised learning requires a set of 

empirical data ),( yx , paired up as input and output, to estimate the dependency 

between x , y . To achieve the learning, the ANN and the SVM adjust their internal 

parameters to minimize the margin between real output y and predicted ŷ . In Artificial 

Intelligence, this learning process is called training.  When the minimal error has been 

determined, the relationship between x and y is established and the tool is used to make 

further predictions.  
     The ANN and the SVM are the most popular artificial intelligence techniques for fault 
diagnosis. Yang et al. propose a method to diagnose bearing failures using Neural 
Networks to classify data, whereby features are extracted from spectrum analysis [1]. 
Samanta et al. diagnose bearing failures using time domain features; the ANN is also used 
as a classifier. Hajnayeb et al. use the ANN to perform feature selection for ball-bearings. 
The SVM is also widely used for condition monitoring in state-of-the-art research [2]. 
Abbasion et al. use the SVM as a classifier to diagnose rolling element bearings [3]. 
Sugumaran et al. use the multi-class SVM to diagnose bearing faults using features 
extracted from the time domain.  
     The paper compares the performance of the SVM and the ANN in fault diagnosis and 
is an improved version of Yuan et al. [4]. Section 2 explains the principles of the ANN 
and the SVM, while Section 3 discusses their computational complexity. Section 4 
provides a numerical study, and Section 5 presents the discussion.     
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2.   ANN and SVM in Principle 

The ultimate objective of the ANN and the SVM is to find a learning algorithm 
maximizing the generalization ability. The generalization ability can be bounded by a 
formula described as [5]:  

                                                     )()()(
h

l
RR emp Φ+= θθ                                                   (1) 

In this formula, )(θR  denotes the real risk of the function with parametersθ  and it is the 

quantitative measurement of the generalization ability. )(θempR  is the empirical risk. 

)/( hlΦ denotes the confidence of )(θempR , where l is the number of data sets and h is 

the VC dimension of the admissible functions. More complex functions have a higher 

)/( hlΦ  and a lower )(θempR . Formula (1) suggests that a good learning algorithm 

minimizing )(θR should balance the empirical risk and the confidential interval.  

 
Figure 1: Risk Bound of Learning Algorithm 

The ANN and the SVM achieve this goal in different ways: The ANN fixes )/( hlΦ  but 

minimizes )(θempR ; the SVM fixes )(θempR but minimizes )/( hlΦ . The different 

ways to accomplish the same goal result in myriad learning algorithms in various forms. 
In this sense, Formula (1) unifies ANN and SVM. The next two sections describe the 
principles of the ANN and the SVM. 

2.1  Artificial Neural Networks 

Artificial neural networks are simplified artificial models based on the biological learning 
process of the human brain. The ANN has been widely used in recent years for many non-
linear applications, including classification, function approximation, control filter, pattern 
recognition etc. Numerous attempts have been made to use the ANN for machinery fault 
diagnosis. For example, an application of the ANN to pre-process, compress and classify 
vibration spectrum and time signals for bearing faults is demonstrated by Hajnayeb et al.  
[6]. Li et al. use it to diagnose motor rolling bearing faults  [7]. Raheem et al. propose an 
approach to diagnose bearing failures using ANN and Laplace wavelet [8]. Liu et al. use 
the neural network to detect bearing defects [9].  
   There are numerous neural networks available with different implementation methods, 
and thus having different complexity and performance. The simplest ANN is McCulloch-
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Pitts’s neuron [10] shown in Figure 2. nxxx ,..., 21 are the inputs of the neuron and the 

weights iw are adjustable parameters. The optimum of iw  is obtained by minimizing the 

discrepancy between the desired output and the real output. ∑ denotes the addition of  

these weighted inputs, ∑= ii xwz . Finally, )(Σ=f  is the activation function that 

defines the output of the neuron.  

 

Figure 2: McCulloch-Pitts’s Neuron 

   The ANN uses numerous neurons to construct a multi-input and multi-output neural 
network. In condition monitoring, the multi-layer neural networks are the most commonly 
used type of ANN. The topology of this kind of neural network is shown in Figure 3. 

 

Figure 3: Three-layer ANN 

   This type of ANN is called “feed forward ANN;” the data flow is strictly forward and 
not cyclic, so there is not feedback connection, and the loop is not closed. The feed 
forward ANN is the most common type of ANN used in engineering. 

2.2  Support Vector Machines 

The SVM was originally developed for classification. Figure 4 provides a simple 
illustration of the classifier. Suppose there are two classes of dots (black and white). The 
solid line shown in Figure 4 separates them. This line is named “separator” or 
“Hyperplane”. The SVM tries to find the optimal line which maximizes the distance 
between these two classes of dots.  
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Figure 4: Binary Classifier 

   To find the optimal separator, the SVM employs the architecture shown in Figure 5. 
Given a set of training data, the SVM employs the Lagrangian method to obtain the 
optimal decision function based on the kernel function [5, 11, 12]. The kernel function is 
used to measure the distance between two vectors; it can transform the input vector to a 
higher dimension space where the pattern is more identifiable. The SVM has a nonlinear 
decision function when its kernel function is nonlinear. 

 
Figure 5: Architecture of SVM 

The decision function of the SVM is  

                                                      ∑
=
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N

i
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where ix is the training data sets, (.,.)k is the kernel function and b is the bias. While the 

mathematical formula to obtain the optimal solutions is omitted here, it is readily available 
elsewhere [5, 11].      

2.3  Regularized Neural Networks 

As mentioned in Section 2, the neural networks fix the complexity of the model and 
minimize the empirical risk. This empirical risk is normally measured by the mean square 
error. The “overfitting” phenomenon is more likely occur when the model is complex and 
the available data set is small. To prevent this phenomenon the ANN usually uses the 
early stopping technique or the regularization technique. This paper focuses on the latter. 
The optimization objective in the regularization framework for the ANN is in the form of 
[13, 14]: 

                                                    wd EEF αβ +=                                                          (3) 

where dE  is the expected mean square error, wE  is the regularizer controlling the 

weights in the neural networks, and α and β  are coefficients. This framework can 

prevent the “overfitting” problem with the proper α and β . The improper α and β  will 

degrade the performance of the ANN.  
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     The Bayesian regularization determines α and β adaptively using the Bayesian 

inference. The regularized ANN has been described as equivalent to the SVM [15]. For 
the neural network with one hidden layer, the decision function 

is ∑
=

+=
N

k

kkFNN xbxf
1

0 ),()( ωϕλ . N is the number hidden neurons. This form is 

equivalent to the SVM decision function using the primal problem. The difference is that 

in the ANN ),( xkω  is the activation function, whereas in the SVM it is the kernel 

function .      

2.4  Similarities and Differences of ANN and SVM 

Similarities and differences are summarized in Table 1. Both the ANN and the SVM are 
adaptable. Adaptability means that the dependency between data is automatically 
established and can be updated when new data are available. Adaptability to data gives the 
ANN and the SVM a learning ability.  

Table 1: Differences of ANN and SVM in Principle 

 ANN SVM 

Transparency Black box Transparency 

Optimization objective Minimize empirical error Structural risk minimization 

Optimum Solution Local minimum Global minimum 

Stability Low High 

     Stability refers to performance stability in this paper. Both the ANN and the SVM 
show random performance when the selection of internal parameters is random or the 
selection of training sets is random. In principle, the stability of SVM should be better 
than the ANN because the SVM solution is global while the ANN solution is local. 
Different initial values in the ANN in the configuration and the input data sets lead to 
different local optimums and result in different performance. The numerical example 
studied in this paper shows that the randomness of the ANN is very evident.  
     Both the SVM and the ANN are able to solve nonlinear problems. However, the ANN 
attempts to minimize empirical errors, so it has an “overfitting” problem, which means it 
tends to fit specified training data. The improved ANN, such as  regularized ANN, can 
avoid the “overfitting” problem to some extent by bounding the weight of parameters 
[16], for example, the Bayesian Regularized (BR) ANN. The case study in this paper 
shows the effectiveness of this regularization process of the BR ANN. However, to avoid 
the “overfitting” problem, the SVM employs structural risk minimization [17], which is 
also a regularization framework. 

3.  Computational Complexity of ANN and SVM 

Computational complexity of the learning algorithm depends on the particular training 
algorithm. The training algorithms of the ANN and the SVM differ dramatically due to 
their different principles. For the ANN, this paper uses the following three training 

algorithms to get benchmarks points; n  denotes the number of training data sets [18]:   

• Scaled Conjugate Gradient (SCG) Algorithm, complexity )( 2nο  

• Levenberg-Marquardt (LM), complexity )( 3nο  

• BFGS quasi-Newton method with complexity )( 2nο  
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     In the case of the SVM, for small and median scale data that do not require to be 
chunked during training, the training of the SVM is a simple quadratic optimization 

problem whose computational depends on the penalty C. Let sn denote the number of 

support vectors and ld denote the dimension of the training data. If the C is large, the 

coefficients of a few data sets in SVM can reach C,  

• the complexity is )( 23 ndnnnn lss s
++ο  if 1/ <<nns , or 

• the complexity is )( 3 ndnnnn lsss ++ο  if 1/ ≈nns  

     When C is small, the computational complex can be reduced:  

• if 1/ <<nns , the complexity is  )( 2 ndnn lss
+ο and 

• if 1/ ≈nns , the complexity is  )( 2nd lο [19] 

     Although the computational cost depends on the particular algorithm, the 
computational complexity of the SVM and the ANN are theoretically close. However, in 
practice, for small and medium scale data sets, in some cases, the computational cost of 
SVM is much less than the ANN [20, 21].   

4.  Numerical Comparison 

The case study uses the public data on bearings obtained from a test rig in Case Western 
Reverse Lab [22]. In this rig two bearings are installed on this rig, one at the end of the 
driver, and the other at the end of the fan. Vibration data are collected by accelerometers 
attached to the housing with magnetic bases. The data used here are from the bearing 
located at the driver end. The data are collected when the shaft speed is 1797 rpm. Five 
signals are obtained for different defect sizes in the inner race of the bearing. The signal is 
sampled at 12k per second. The defect sizes and the corresponding total data points are 
shown in Table 2.  

Table 2: Defect Sizes of Inner Race 

 Normal  Inner defect 1 Inner defect  2 Inner defect 3 Inner defect 4 

Defect Size 0  0.007 inches 0.014 inches 0.021 inches 0.028 inches 

Data Points 243938  121265 121846 122136 120801 

     Figure 6 shows that the patterns of normal and defect signals differ in shape and 
amplitude. In this study, we use both the ANN and the SVM to discriminate them 
automatically. 
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Figure 6: Normal and Defect Signals 

     Feature for vibration signal can be extracted from time domain, frequency domain or 
other domain [23]. The following features are extracted from the time domain: Kurtosis, 
Impulse Factor, and Normal Negative Likelihood value (NNL) [24]. The SVM and the 
ANN detect failures with five inner race defects. Their performances are compared in 
terms of accuracy, computational complexity and stability.  
     Each category in Table 2 corresponds to a signal. Hence, 100 data sets are obtained, as 
there are five signals, and each signal is divided into 20 slots. Out of these 100 data sets, 
60% are randomly selected as training data sets; the remaining 40% are selected as 
validation data sets.   

4.1  Fault Diagnosis using ANN 

We use a two-layer ANN with multiple hidden neurons and one output neuron. We select 
this ANN because its complexity is similar to that of the SVM [15]. The structure of the 
ANN appears in Figure 7.    

 

Figure 7: Structure of ANN Used 

     Various numbers of neurons from 1 to 30 are used for this two-layer ANN. Three 
training algorithms are used to test its computational cost: Scaled Conjugate Gradient 
(SCG), Levenberg-Marquardt (LM), and BFGS quasi-Newton method (BFGS). The 
computational complexity is discussed in Section 3.  
     For the ANN, the training target selected is the Mean Square Error (MSE). This 
predefined MSE significantly influences the performance of the ANN. We arbitrarily 
select several MSEs to show the MSE influence. Figure 8 shows the accuracy (left side) 
and elapsed time (right side) for various numbers of hidden neurons. The accuracy is 
highest for MSE=0.001, the accuracy of MSE=0.01 follows. Despite the high level of 
accuracy for MSE=0.001, the computational cost of this MSE is high, as shown in the 
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right figure in Figure 8. Trading off accuracy and computational cost,  MSE=0.01 is 
selected as the training target.     

 
Figure 8: Accuracy and Elapsed Time for Various MSEs  

     As mentioned, the training algorithms can significantly affect the computational cost. 
To compare the computational cost and their accuracy, several popular algorithms is used 
to train the ANN. As shown in Figure 9, when the number of neurons exceeds 10, the 
performances of all the training algorithms stabilize. The regularized ANN (BR in Figure 
9) has most outstanding accuracy. Essentially, the BR shown in Figure9 is not a training 
algorithm but a Bayesian Reutilization ANN using the LM algorithm for training. The BR 
is presented here to facilitate the comparison. In terms of computational cost, the LM has 
a much lower computational cost and the BR follows. Trading off computational cost and 
accuracy, the BR is evidently the best ANN for this case.  

  

Figure 9: Accuracy and time Elapsed for Various Algorithms 

     To compare the performances of these training algorithms, the results are summarized 
in Table 3. The results are using fixed 10 neurons as hidden layers. Each algorithm has 
been run 10 times. As discussed, the performance of the ANN could be random, as the 
selection of initial weights is random.  Therefore, the mean, maximum, and minimum for 
each of the 10 runs is list in Table 3. Evidently, the performance of ANN is random, as the 
accuracy varies when the same data sets used. Out of these training algorithms, the BR 
has the best performance. 
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Table 3: Accuracy with 10 Hidden Neurons 

Algorithm Mean Accuracy Max Accuracy Min Accuracy 
Mean CPU  

Time 
Mean Time  

Elapsed  

SCG 92.4 100 88 0.69 0.60 

LM 79.6 100 20 0.33 0.19 

BFGS 76.9 100 20 0.46 0.41 

BR 99.2 100 97 0.72 0.37 

 As mentioned in Section 2, the ANN is a nonlinear learning algorithm. Therefore, the 
decision function of the BR ANN is nonlinear. This nonlinear is evident as demonstrated 
in Figure 10. 

 

Figure 10: Decision Function of BR ANN 

4.2  Fault Diagnosis using SVM 

The SVM uses both the Gaussian and the polynomial kernel functions to detect faults. For 
the Gaussian kernel function, the parameters range from 0.01 to 10 with a step size of 
0.05. Results shows an SVM using all these parameters can detect faults with 100% 
accuracy, but the computational cost varies, as shown in the left figure in Figure 11, where 
the elapsed time varies with various parameters. However, for the most part, it is around 
0.1 seconds. When SVMs using the polynomial kernel function with parameters from 1 to 
20 are applied to this problem, results show that faults can be detected with 100% 
accuracy as well. Their computational cost is shown on the right hand side of Figure 11. 
The elapsed time is below 0.1 seconds, which is lower than the Gaussian kernel function. 

 

Figure 11: Computational Cost of SVM 
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     The SVM can be a linear or nonlinear classifier. Decision functions using a polynomial 
function with a parameter of 1 is linear, as shown in Figure 12. Here, the decision is a 
plane which means it is linear.  

 

Figure 12: Linear SVM 

4.3  ANN vs SVM 

The BR ANN has been found to be the best among the ANNs discussed in the previous 
section. Therefore, we only compare the SVM to the BR ANN. In this case, the 
predication accuracy of the SVM is 100% for all the Gaussian and Polynomial parameters 
used, while the mean accuracy of the BR ANN is 99.2. Thus, the SVM has better 
accuracy. In terms of computational cost, the SVM is also more efficient than the BR 
ANN as shown in Table 4.  

Table 4: ANN vs SVM 

Techniques Mean Accuracy Max Accuracy Min Accuracy Time Elapsed CPU Time 

SVM Poly  100 100 100 0.075 0.127 

SVM Gaussian  100 100 100 0.096 0.179 

BR 99.2 100 97 0.72 0.37 

 
The performance of the ANN and the SVM depends on the internal parameters, such as 
the MSE in the ANN, and the width parameter of the kernel function in the SVM. Both 
show random performance when the selection of internal configuration parameters is 
random and the selection of training sets is random. In principle, the performance of the 
SVM should be more stable because its solution is global while the ANN’s solution is 
local. For the ANN, different initial values, configurations lead to different local 
optimums and thus different performance. The cases studied in this paper clearly show the 
randomness of ANN, with respect to performance. For example, Table 4 shows that the 
minimum accuracy of the BR ANN is 97%, while its highest accuracy is 100%, for the 
same data sets. The SVM is more stable; when the parameters are changed, the accuracy 
remains 100%.  
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 5.  Conclusions 

This paper compares the performance of the ANN and the SVM with respect to fault 
diagnosis, using measurements of accuracy, computational cost, and stability. The case 
study shows the SVM can outperform the two-layer ANN in all three measurements. The 
regularized ANN has the best performance among the ANNs but cannot outperform SVM, 
even though in theory, the two-layer regularized ANN has the same model complexity as 
the SVM.  
     This selection of techniques for failure diagnosis is a trade off between time efficiency 
and accuracy. For example, for the ANN, the smaller MSE leads to higher accuracy, but 
consumes more training time, as shown in Figure 8. For fault diagnosis, the simpler model 
seems a better option. One might, for example, select fewer neurons in the ANN or use a 
lower order polynomial kernel function in the SVM, as the less complex model could 
demonstrate similar or better performance while incurring less computational cost.  
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