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Abstract 
A major challenge in mechanical intelligent diagnosis process lies in how to full exploit potential 

information and extract robust features to achieve more reliable diagnosis results. In real environment, 

machines are usually running under variable speed and load conditions and the measured signals present a 

complex amplitude and frequency signature, making fault identification a difficult task. In this paper, 

Wavelet transform is firstly utilized to convert the time signals into (2D) time-frequency images to obtain 

good representative features. Then a deep learning method based on CNN is constructed to automatically 

learn discriminative features from inputs, which obstacles the deficiencies of manual feature extraction and 

selection stage. The proposed method is evaluated on datasets with gear and bearing faults acquired under 

variable speed operating conditions. Experimental results show that the proposed method has improved the 

performance of gearbox fault classification and outperforms other methods. 

1 Introduction 

Monitoring defects and failures of key components such as gears and bearings of gearboxes is crucial in the 

running operation of machines. With the emerging of large amounts of industrial data, fault diagnosis based 

data-driven methods are increasingly receiving more attention from the research community since they 

require less expertise and provide relative fast and accurate decisions. 

In the intelligent fault diagnosis field, a typical machine learning scheme involves two key steps including 

feature extraction and selection and fault recognition [1]. Feature extraction and selection methods are 

expected to extract and select a small set of informative features to describe the health condition of machines. 

Many different types of health indexes can be obtained by signal processing techniques such as the Fourier 

transform (FT), the Empirical Mode Decomposition (EMD) and the Wavelet Transform (WT) [2]. 

Additionally different data-driven techniques such as SVM and ANNs have been developed to built-up an 

intelligent decision-making system. 

In [3], permutation entropy has been proposed to detect the malfunctions of bearings while the Ensemble 

Empirical Mode Decomposition (EEMD) and the optimized Support Vector Machines (SVM) have been 

further adopted for motor fault diagnosis. Liu [4] proposed a multi-fault classification method for rolling 

element bearings based on the Empirical Mode Decomposition (EMD), distance evaluation techniques and 

Wavelet Support Vector Machines (WSVM). In [5], statistic features such as the mean, the kurtosis and the 

skewness are extracted from vibration signals and a feature selection is carried out using a decision tree 

algorithm. Moreover SVM has been used for hydraulic brakes condition monitoring. Ali [6] integrated time-

domain features and Intrinsic Mode Functions (IMFs) extracted by EMD to train an Artificial Neural 
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Network which achieved a good performance in automatic bearing fault diagnosis. In [7] features have been 

extracted from vibration signals using the Discrete Wavelet Transform (DWT) and a Genetic Algorithm 

(GA) has been further proposed to optimize the hyper-parameters of the neural network in order to improve 

the classification rates of gear faults. 

Feature extraction and selection are effective methods to reflect the health condition of machines by fully 

exploiting prior knowledge based on signal processing techniques and fault diagnostic expertise. However, 

the feature extraction and selection techniques are sometimes time-consuming and present a low level 

generation ability compared to other diagnosis techniques [8]. In order to effectively process massive data 

generated from online rotating machine and to overcome the overhead of feature engineering for specific 

fault issues, some automatic feature learning methods using deep neural networks are explored to capture 

the useful fault features from measurement based on hierarchical architectures and powerful non-linear 

mapping capacity. Oh [9] proposed a scalable and unsupervised feature learning method for rotor system 

diagnosis by using a vibration image and deep belief network. Jia [10] constructed an improved Local 

Connect Network (LCN) with Normalized Sparse AE (NSAE) to extract dissimilar and meaningful features 

for bearing and gear diagnosis. In [11], raw amplitudes of the frequency spectrum are firstly extracted and 

then a 2D CNN with one convolutional layer is designed to learn useful features for bearing fault detection. 

In [12] a deep auto encoder network has been designed to learn discriminative features from raw vibration 

signals and an artificial fish swarm algorithm is further applied to optimize the key parameters of the deep 

model to achieve high diagnosis result in an application of electrical locomotive roller bearings. Zhang [13] 

used the Deep Neural Networks (DNN) for bearing fault which could effectively recognize the type of 

bearing faults by taking advantage of the temporal coherence of the raw data. In [14], a two-dimensional 

Spectral Energy Maps (SEM) of the Acoustic Emission (AE) signals are first proposed and Convolutional 

Neural Networks (CNNs) are trained via the Stochastic Diagonal Levenberg-Marquardt (S-DLM) algorithm 

in order to perform diagnosis both for single and compound defects at six different operating speeds. 

Especially in [15], a Cyclic Spectrum Map (CSM) that shows the distribution of cycle energy across 

different bands of raw vibration signal has been generated and Deep Convolutional Neural Network is used 

for bearing fault diagnosis. 

As mentioned above, deep learning models seem to achieve satisfactory performance in many different fault 

diagnosis tasks. However, most of the models above have been validated on datasets collected at a steady 

working conditions. For rotating machines operating under variable speed operation conditions, time-series 

vibration signals are not able to directly reveal the inherent information of the running conditions of 

machines due to the variable frequency and amplitude. Additionally traditional spectral analysis techniques, 

based on Fourier transform lead to the frequency smearing phenomenon during speed and frequency 

transients [16]. Feature extraction based on EEMD used above also showed a limitation at the detection of 

impulses that are influenced by the presence of the mode mixing and the end effect [17]. Thus, it’s relatively 

difficult to extract machinery health information discriminative features which are able to reveal the entire 

running health condition by the original signal or selected features based on their time-varying 

characteristics. In the field of signal processing, time-frequency analysis techniques like Short-Time Fourier 

Transform, Wavelet Transform and Wigner–Ville distribution, are applied for machinery nonstationary 

signal fault diagnosis [18]. They are effective tools to identify the signal variant components and extract 

health information contained in nonstationary signals. Wavelet transform has achieved great success in the 

analysis of non-stationary signals due to its advantage of multi-resolution analysis and many distinct merits 

[19]. Order tracking is also effective to remove speed fluctuations by transforming the measured signals 

from time-domain to the angular domain. On the other hand the actual rotating speed is sometimes 

unavailable. In this paper, a Deep Learning model based on Convolution Neural Networks (CNN) and the 

Wavelet Transform is proposed in order to perform diagnosis of gearbox faults. Rather than extracting 

different statistical feature indexes, the work focuses on exploring the learning capacity of Convolutional 

Neural Network from time-frequency representations constructed from raw time-series signals operating 

under variable operating conditions. Amplitude scalogram based on the wavelet transform is first applied 

on speed-up vibration signals in order to build up feature representations. After that, CNNs are applied in 

order to learn discriminative features focusing towards robust and fast identification of different defects. 

The rest of the paper is organized as follows. The basic theory background and the diagnosis procedure of 

the proposed method is described in Section 2. The experimental setup and the results are introduced in 

Section 3. Finally some conclusions are summarized in Section 4. 
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2 Proposed methods 

This paper presents a fault diagnosis model based on CNN and wavelet transform to recognize gearbox 

faults. The method consists of two steps: the Wavelet transform for feature representation and the CNN 

training and diagnosis. In order to detect bearing and gear faults under variable speed conditions, it is rather 

difficult to design crafted features from vibration measurements. The scalogram of time-frequency 

transform could contain rich information by building the bridge between time domain and frequency domain 

which is more effective compared to the simple raw signals in varying speed operations. Therefore, in the 

proposed method, the scalogram obtained from wavelet transform is firstly used to represent different health 

conditions of gears and bearings. CNN is further applied in order to learn good discriminative 

representations. The Convolutional Neural Network being a variant of multi-layer feedforward neural 

networks is very suitable for two dimensional signal feature learning and classification. It has been proposed 

and used in hand-writing recognition [20] and then achieved a state-of-the-art performance in image 

classification of ImageNet large scale visual recognition challenge [21]. Due to its powerful capability to 

learn complex non-linear relationships from raw input, the Convolutional Neural Network model is chosen 

an efficient tool to learn distributed features from amplitude scalogram generated by the application of 

wavelet transform over the raw signals. 

2.1 Wavelet transform 

The Continuous Wavelet Transform (CWT) is used as a powerful tool for the detection and localization of 

signals in both the time and frequency domain. It decomposes the raw signal into localized components 

represented by scaling and translating operations. Compared to Short Time Fourier Transform (STFT), it 

can obtain good time-frequency features at various locations in space at different scales [22, 23]. The 

continuous wavelet transform of a signal x (t) is defined by the follow equation [23]: 

1
( ) (t) ( )dt

t b
W a,b x

aa







                                                         (1) 

Where the scale parameter a controls the frequency and the translation parameter b, provides the position 

of wavelet. ( )t  is the mother wavelet function, which can generate a family of local window basis 

functions. As such, the signal to be analyzed is matched and convolved with the set of basis functions and 

the original signal is expressed as a weighted integral of the wavelet basis function. In wavelets application, 

different types of basis functions have been developed and a number of mother wavelets have been proposed 

for fault detection and diagnosis include the Harr, the Mexican Hat and the Morlet wavelet function, 

depending on the application requirements. In this paper, the Morlet wavelet function is used to convert the 

raw time-series signals to time-frequency representations as it is especially applicable to impulse 

components extraction and has been successful used for fault diagnosis [23, 18].  

2.2 Convolutional Neural Networks 

The Convolutional Neural Network is composed of three basic operations: convolutional layer, pooling 

layer and fully-connected layer. Convolution and pooling layers are usually stacked alternately to combine 

a CNN, which can obtain distribution features from low-level to high-level layers. Convolution is a common 

technique which is used to create filters and extract useful features of each input. A convolution defined by 

a kernel is applied to the input by placing the kernel over the input to be convolved and sliding a window 

around every value in the original input. The size of the kernel corresponds to the length of the convolution 

window and the number of kernels is the number of the feature maps. In a CNN architecture, a set of k 

kernel matrices w(k, l) , k= 1, 2, … , K are used and the output feature maps zl , l = 1, 2, …, L are represented 

as follows: 
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Where * represents the convolution operation. The matrix w(k, l) is the filter and bl  is the bias term for each 

feature map l. After the convolution with a valid operation, feature maps with reduced dimension are 

obtained. An activation function is then applied on the output of the convolutional kernels to acquire a non-

linear expression of the input signal. The activation function f (·) is chosen to be a Rectified Linear Unit 

(ReLU) due to its good ability to accelerate the convergence of CNN. Max Pooling operation is employed 

to each feature map to reduce the spatial size of the convolutional features. This not only leads to less 

trainable parameters but also achieve robust feature representations with some degree of translation-

invariant characteristics. According to the features achieved from the last pooling operation, softmax 

function which is a generalization of the logistic function is used to convert the input into a categorical 

probability output. The function is given by: 

      

1
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i

j

c
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e
p i for i c

e


  



w x

w x

                                         (4) 

Where the output value y is the predicted label, x is the input of the softmax, w is the weight of the classifier 

and c corresponds to the categories. In order to obtain an optimized set of parameters, the back-propagation 

algorithm is used to get each parameter’s gradient and gradient-based optimization is used to update each 

layer parameters. 

2.3 CNN based on Wavelet transform for fault diagnosis 

The model architecture of the proposed CNN using scalogram generated from raw vibration data for gearbox 

fault diagnosis under variable operating speed is displayed in Figure 1. The details of different layer 

parameters are listed in Table 1. The input signal corresponds to a short window of time and is analyzed 

using the wavelet transform. Then the amplitude scalogram is obtained and fed into the CNN for diagnosis. 

In the proposed CNN, there are two convolutional layers, two pooling layers, two batch normalization layers 

and one softmax output layer. The fist convolutional layer extracts local features from raw pixel values of 

the input scalogram by convolutional operation. Max Pooling is used to reduce the feature map size and 

create position invariance over larger local regions. Then batch normalization [24] (Shorthand BN in Figure 

1) is implemented to reduce the distribution of each layer’s input by performing the normalization for each 

training mini-batch. There are two advantages: (1) Allows to use much higher learning rates and be less 

careful about initialization. (2) Reduces the internal covariate shift to accelerate the training of CNN. 

Afterwards feature learning is conducted layer-by-layer by forward propagation. In the last layer, the 

softmax is added to estimate the class probability.   

The proposed approach for fault diagnosis involves four stages:  

(1) The vibration signals of the gearbox are collected and the scalogram using wavelet transform (WT) are 

generated. The scalogram is rescaled to a dimension 64*64 and is converted into gray images to reduce the 

computations. 

(2) Secondly, the samples are divided into training and testing samples and are further rescaled into [0, 1] 

as the input of network. 

(3) The network parameters are randomly initialized and the training samples are fed into CNN model for 

updating parameters using stochastic optimization method.  

(4) After the model is trained, the test instances are put into the CNN model for fault recognition. The 

predictions can be obtained by computing the softmax output probability of each category.  
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Figure 1: Model architecture of the proposed CNN 

Layers 0 1 2 3 4 5 6 

Name Input Conv Max 

Pooling 

Conv Max 

pooling 

Flatten Softmax 

Channel 1 6 6 12 12 / 5 

Filter size / 5*5 2*2 3*3 2*2 / / 

Output 64*64 60*60 30*30 28*28 14*14 2352 5 
 

Table 1: Parameters of the proposed CNN 

3 Experiment descriptions and Result analysis 

3.1 Experiment descriptions 

In order to validate the proposed method, gear and bearing fault experiments have been conducted on an 

automobile five-speed gearbox. Two levels of outer race faults, 0.2mm and 2mm are respectively introduced 

at the bearing of the output shaft. Moreover a chipped tooth fault has been introduced at the fifth-shift gear. 

Totally there are five types of health state conditions, including normal, outer race fault, gear chipped fault 

and two types of compound faults used for validation. In order to simulate the varying speed operation 

condition, the driving motor rotation speed is gradually increased from 500rpm to 1350rpm. Accelerometers 

are vertically installed on the bearing house of the output shaft and vibration signals are collected with a 

sampling rate of 12 KHz.  

For each type of health condition, a long signal of 120000 points has been collected from the gearbox. In 

order to realistically include the information of at least one cycle of fault characteristics and achieve a better 

time-frequency representation, 6000 points are used to form one sample without overlap, allowing the 

capture of the local characteristics. Each sample is further transformed into a magnitude scalogram by the 

wavelet transform. Total there are 200 samples obtained for each health condition. The details of dataset 

can be found in Table 2. And the time-series of the vibration signal and the corresponding wavelet scalogram 

of the chipped gear case through all the testing time is presented in Figure 2. 

From the time-series vibration signal, it can be seen clearly that as the operating speed increases with time, 

the amplitude of the signal rises gradually. The amplitude of signal at the next second is obviously larger 

than that of any amplitude at the begin. Additionally there is minor impulse information that can also be 

captured in time domain signal. The vibration signal responses of a chipped tooth fault in a gear can be 

considered as the repetition of impact forces when a defect gear meshes with another gear, which can also 
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excite resonances in the machine. For FFT, it is relative difficult to find the dominant frequency in a small 

time interval, so the scalogrom is given. As can be seen from the wavelet scalogram, there is an obvious 

resonance band in the range of 2000Hz to 4000Hz, which remains unchanged with the speed increases. 

Moreover there are some frequency components below 2000 Hz such as the gear mesh frequency and its 

harmonics which are related to the rotating speed and are changing with the time increases. 

Dataset      Speed Fault Types Number 

of Samples 

Label 

 (rpm) The Fifth shift gear Output bearing  

 500-1350 Normal Normal 200 1 

 Chipped tooth Normal 200 2 

 Normal 0.2mm outer  race 
fault 

200 3 

 Chipped tooth 0.2mm outer race 
fault 

200 4 

 Chipped tooth 2mm outer race fault 200 5 
 

Table 2: Description of dataset 

 

  

(a) (b) 

Figure 2: Time domain signal and scalogram in the case of a chipped gear: (a) Original vibration signal, 

(b) Scalogram 

  

(a) (b) 

Figure 3: Wavelet scalogram: (a) The first second, (b) The 100th seconds 

Resonance band 

Gear mesh frequency 
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In order to give more details in a short time interval, the scalogram using the vibration signal captured 
during the first second and the vibration signal captured at the 100th seconds are shown respectively 
in Figure 3. When the gearbox is operating on a constant speed, the scalogram of different time intervals 
should be nearly the same. In the variable load condition, the amplitude of different frequency 
component are changed. On the other hand, when the gearbox is working in speed-up conditions, the 
fault characteristic frequencies, the shaft rotation frequency, the gear meshing frequency and the 
corresponding harmonics and as well the amplitudes vary with the speed. It can be seen from Figure 3 
that in the early stage, only the meshing frequency and the natural frequency are dominant 
components. However, when the speed increases to a large value, more frequency components are 
present. The two stage scalograms are not exactly the same though they share the same fault types. 
Therefore, in case the early stage samples are used for training and the last stage samples are used for 
testing, it would be challenging to recognize the fault. As CNN are capable of learning a small degree of 
translation-invariant representations to the common transformations such as translation, rotation and 
small deformations [25], it is used and is expected to improve the fault classification capability under 
variable speed condition.   

The analyzed dataset consists of five health states and each health state has in total 200 samples. 
Therefore, in total 1000 samples have been obtained. All the samples for each class/state are divided 
into a training set and a testing set. In order to test different data input schemes, two cases are designed 
to estimate the proposed model.  

(1) Case 1 (C1): The first half of the samples (corresponding to the former 50 seconds) are used as 
training set and the second half samples are regarded as testing instances. 

(2) Case 2 (C2): The second half of the samples (corresponding to the 50-100 seconds) are used as 
training set and the rest is applied to test. 

The two types of cases represent two different diagnosis issues. In C1, the training samples are acquired 
in a low speed condition, while the testing samples are selected in a high speed condition, which will 
allow the estimation of the CNN classification capability from low speed to high speed condition. On 
the other hand in C2, the capability of CNN to generalize from high speed to low speed condition will 
be estimated. 

3.2 Evaluation metrics 

  True label 

  Normal Fault 

Predicted 

label 

Normal TP FP 

Fault FN TN 
 

 Table 3: Confusion matrix of a two class problem 

To assess how well the proposed model is able to predict different fault types, the evaluation metrics 

accuracy, precision, recall and f1-score have been calculated for all categories individually. For illustration 

purposes, Table 3 give a simple description of the confusion matrix for a binary label classification with a 

normal and a fault class. True Positives (TP) are the amount of correctly identified normal samples. False 

Negative (FN) are the number of misclassified samples as normal. False Positive (FP) means the number of 

misclassified samples as normal. True Negative (TN) is the number of corrected classified samples as fault 

categories. In the real condition monitoring system, in order to achieve good decision performance, it’s 

expected to detect as many of the fault cases as possible (high recall) and present a low false alarm rate (high 

precision). A good classifier is trying to optimize both [15]. The f1-score is the harmonic mean of precision 

and recall by taking both metrics into account. The accuracy is also used to reflect the mean correctly 

recognized samples rate from all samples. All metric computation equations are given in (5)-(8). 
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accuracy = (TP+TN)/ (TP+FN+FP+TN)                                                  (5) 

precision = TP/ (TP+FP)                                                              (6) 

recall  = TP/ (TP+FN)                                                              (7) 

f1-score = 2*(precision*recall)/ (precision + recall)                                 (8) 

3.3 Result analysis 

3.3.1 CNN classification in different datasets 

CNN with deep architectures usually can achieve better performance than the shallow ones. However, 

models with deeper architecture also lead to various hyper-parameters choice problems, over-fitting issues 

and to more computation time. For the CNN parameters, there is not a practically guild to choose. In order 

to get a relative good architecture, referred to [14, 15], small convolution kernel sizes are used in this paper 

and CNN with three architectures are studied: Layer 1: [Conv-Pool-BN-Softmax]; Layer 2: [Conv-Pool-

BN-Conv-Pool-BN-softmax]; Layer 3: [Conv-Pool-BN-Conv-Pool-BN-Conv-Pool-BN-Softmax]. In the 

first layer, 5*5 convolutional kernels with 6 filters has been used. Moreover in the second layers, 3*3 

convolutional kernels with 12 filters are set. Finally in the third layer, 3*3 convolution kernels with 24 filters 

are taken. 

The results of the loss curve of CNN with three architectures that have been trained on training data and 

have been tested on testing data in C1 and C2 respectively are shown in Figure 5. It can be observed that 

the training loss declines rapidly within the first 5 epochs in all the architectures, while the testing loss 

gradual decreases and then reaches a steady value after 40 epochs. The CNN with layer 2 presents the best 

result in terms of testing loss, which is selected as the final model. In contrast, the CNN with just one layer 

achieves a good result, but not better than the CNN with Layer 2 and Layer 3. It should be also noted that 

in CNN adding more layers (Layer 3) does not contribute to low testing loss. It is possible that CNN with 

deeper architecture could provide more powerful learning capability, but the increase of parameters may 

also have negative influence on the testing performance of CNN. 

  

(a) (b) 

Figure 4: Loss curve of training and testing samples with different architectures: (a) C1, (b) C2 

The confusion matrices for selected CNN models in C1 and C2 are presented to visualize the performance 

of CNN, where the actual and misclassified cases can be observed. The diagonal elements of the confusion 

matrix represent the number of correctly classified data samples while the non-diagonal elements indicate 

the incorrectly classified samples. According to the results presented in Figure 5(a), class 1, class 2 and class 

4 present high classification accuracy in C1. On the other hand there is also a large number of samples in 

class 5 and class 3 that are misclassified as class 2 and class 3, respectively. It is demonstrated that the 

testing samples in class 2, class 3 and class 5 present large similarity that make them hard to be 
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discriminated. In Figure 5 (b), a good accuracy is obtained in class 1, class 3 and class 5 but a number of 

samples are misclassified as class 2 and class 5. 

  

(a) (b) 

Figure 5: The Confusion matrices demonstrating the classification performance: (a) C1, (b) C2 

The results of precision, recall and f1-score for each health types/states are listed in Tables 4. From the 

results, it can be seen that the fault 2, fault 3 and fault 5 achieve a relative low f1-scores in both C1 and C2, 

which means that the model does not perform very well for those three fault types. Class 1 and Class 4 are 

relative well discriminated as there are large differences among the health conditions. In Table 4, there is a 

high precision of 100% in class 3, but a low recall of 70.77%. It shows that model tends to well recognize 

class 3, but many samples from other classes are misclassified as class 3. In Table 5, it can be observed that 

there is a low precision of 73.53% and a high recall of 100 for class 3, which is totally different with the 

result in C1. It is possible that for class 3, there is only a minor outer race 0.2mm fault which probably is 

not so obvious in the low speed condition. Therefore, in C2 where a dataset acquired from high speed 

condition is used for training, it’s difficult to diagnose class 3 instances acquired in low speed condition. 

This also demonstrates that for variable speed condition, it is relative difficult to achieve a good balance 

between precision and recall due to the similarity of different classes. 

Class (C1) Precision Recall f1-score 

1 93.42 98.61 95.95 

2 78.82 98.53 87.58 

3 100 70.77 82.88 

4 100 100 100 

5 96.71 74.67 75.68 

Average (%) 90.04 88.29 88.01 
 

Class (C2) Precision Recall f1-score 

1 98.28 80.28 88.37 

2 75.38 71.01 73.13 

3 73.53 100 84.75 

4 100 76.06 86.40 

5 71.83 79.69 75.56 

Average (%) 83.97 81.71 81.85 
 

Table 4: Classification result in C1 Table 5: Classification result in C2 

In the real industrial application, it is meaningful to know which samples are correctly judged and which 

one is misclassified. It could provide an intuitively understanding and a practical guild to improve data pre-

processing methods and model architectures. In order to reveal the distribution of the correctly classified 

and the misclassified testing samples for all the dataset, all testing samples class outputs are given and the 

misclassified samples and correctly classified samples are plotted based on the time sequence the testing 

samples are located.  

From Figure 6 (a), it can be clearly seen that most of the misclassification samples are classified as class 3 

and class 5. Additionally it can be noted that those misclassified samples are concentrated on the last part 

of the testing samples. In Figure 6 (b), a similar phenomenon can be found that most of misclassification 

samples are distributed in the former part of testing samples. This is in accordance with the fact that for C1, 
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training samples from the former 50 seconds are used, while testing samples from 50-100 seconds are used. 

Therefore, the misclassification testing instances acquired from a higher speed range presents more 

differences with training samples in amplitude and frequency components. Therefore, those samples are 

more difficult to be discriminated. This also demonstrates that the deep learning model could conduct a 

good decision when the testing samples are very similar to the training samples. When the testing samples 

present large differences with training samples, it is difficult to let the model to recognize those sample 

categories based on the knowledge trained from the training samples. Therefore, in order to improve the 

classification in the different tasks, it is necessary to collect more samples from different working conditions 

as soon as possible to reduce the distribution differences between training instances and real testing 

instances. 

˟  Misjudged

Right classified

Number of samples

L
ab

el
s

 

˟  Misjudged

Right classifed

Number of samples

L
ab

el
s

 

(a) (b) 

Figure 6: Classification result distribution for different classes: (a) C1, (b) C2 

3.3.2 Comparison with other methods 

In order to show its advantages, Four methods are used for gearbox fault diagnosis, including the proposed 

method, Deep neural network (DNN), CNN-SVM, SVM listed as follows: 

(1) DNN;  Two hidden layers are used to construct the deep neural network (DNN); The number of units in 

the first and second hidden layer are 400 and 200, respectively. Rectified Linear Unit (ReLU) is defined as 

the activation function in neural network. The maximum iteration is 100.  Additional, Adam optimization 

algorithm  an extension to stochastic gradient descent is used to update the network parameters. 

(2) CNN-SVM. In this method, a trained CNN is regarded as feature extractor to extract the last pooling 

layer output and then the features are fed into SVM for diagnosis and classification. That means that the top 

softmax layer of CNN is replaced by the SVM for the last diagnosis. 

(3)  SVM with a RBF kernel. The regularization parameter C is chosen from [0.1, 1, and 10,100] and kernel 

parameter gamma is chosen from [0.01, 0.001, and 0.0001] using grid search. 

(4)  SVM with linear kernel. The regularization parameter C is chosen from [0.1, 1, and 10,100] using grid 

search. 

The classification results in C1 and C2 are shown on Table 6 and Table 7. It can be observed that CNN 

achieves f1-scores equal to 88.36% and 81.85% in C1 and C2, respectively. It achieved at least 25% higher 

accuracy and f1-score compared to SVM. DNN also obtained a high recognition accuracy in two cases, 

which is better than SVM，but a little bit lower than CNN. In contrast, SVM with RBF or Linear kernel 

yields relatively poor scores in all the metric indexes. This result conforms to the intuition that when the 

dataset becomes more complex, the shallow architecture may not be suitable to conduct a complex map and 

achieves a relative poor performance. It should be also noted that the CNN-SVM achieves f1-scores scores 

equal to 81.72% and 78.08% in all indexes that obvious outperform the SVM one. The features extracted 
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from the CNN, are much more separable compared to those extracted from scalogram enabling the SVM 

classifier to diagnose different fault categories more easily. The reason why deep features perform better 

than the raw input itself may be due to the non-linear expression conducted from CNN. In scalogram, the 

fault types are not easily distinguished. After mapping the scalogram into high level abstract features, the 

difference between the classes of data is enlarged. Among all the results, CNN outperforms the other 

algorithms. This is due to the fact that the parameters of softmax are jointly optimized with previous layers, 

which can be further optimized to reduce the classification error. Thus, the proposed method presents better 

adaptability and higher diagnosis precision. It also reveals that layers learned from CNN could improve the 

generalization ability of the model. 

Classifiers (C1) Accuracy precision Recall f1-score 

CNN 

DNN 

88.57 

84.20 

89.54 

88.05 

88.57 

84.20 

88.36 

83.37 

CNN-SVM 81.43 85.09 82.86 81.72 

SVM (RBF) 53.71 72.50 62.00 58.03 

SVM(Linear) 53.14 71.99 60.29 55.89 
 

Table 6: Classification accuracy (%) of different algorithms in C1 

 

Classifiers (C2) Accuracy precision Recall f1-score 

CNN 

DNN 

81.71 

76.00 

83.97 

73.27 

81.71 

76.00 

81.85 

71.47 

CNN-SVM 77.14 83.74 78.57 78.07 

SVM (RBF) 56.57 66.56 56.29 57.84 

SVM(Linear) 56.57 67.18 56.57 58.10 
 

Table 7: Classification accuracy (%) of different algorithms in C2 

In order to further compare the diagnosis performance between CNN and CNN-SVM, the Receiver 

Operating Characteristic (ROC) curve and the Area Under the ROC Curve (AUC) are employed. ROC 

presents the confidence of CNN in decision for classifying different fault types. In the case of a good 

classifier, the area underneath the ROC should have a large value. Figure 7 shows the ROC area under ROC 

of CNN and CNN-SVM for each fault categories. From Figure 7 (a), it can be observed that for different 

methods almost all classes have a ROC curve near ideal in C1 and C2. In C1, the AUC has a low value of 

class 5, which means this type of fault (compound fault) is more difficult to separate than other health 

conditions. And in C2, the result of CNN in class 4 is worse than that of CNN-SVM. This means that 

classifying this type of category with CNN comes with a degree of uncertainty. It also can be seen that that 

CNN has a larger area under the curve than CNN-SVM in C1 and C2, which indicates a better performance.  

  

(a) (b) 
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(c) (d) 

Figure 7: ROC of each category in C1 and C2: (a) CNN in C1, (b) CNN-SVM in C1, (c) CNN in C2, 

(d) CNN-SVM in C2 

4 Conclusion 

The paper proposes a deep learning approach based on CNN and wavelet transform for fault diagnosis of 

gearboxes operating under variable speed condition. A scalogram is constructed from raw vibration data to 

represent the raw input of classifiers. The DNN and SVM algorithms are trained with scalogram to conduct 

classification. Deep features extracted from a trained CNN model is also regarded as the input of SVM for 

comparison. The results show that the SVM using deep features extracted from the CNN without additional 

pre-processing can obviously improve the classification compared to the raw scalogram. Compared to DNN, 

SVM and CNN-SVM, CNN achieves the best results with amplitude scalogram input, which implies that  

CNN is able to learn features effectively to diagnose different classes under various speed conditions. 

Although mechanical fault diagnosis under variable speed is still a challenge problem, deep learning provide 

a potential tool to deal with it. In CNN, the selection of hyper-parameters by manual is sometimes time-

consuming and low efficiency, therefore, it’s meaningful to find some efficient methods to optimize those 

parameters and explore more different architectures, which will be conducted in the future. 
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