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Abstract: The diagnosis of a rolling bearing for monitoring its status is critical for maintaining 

industrial equipment using rolling bearings. The traditional method of diagnosing faults of 

the rolling bearing has low identification accuracy, which needs artificial feature extraction to 

enhance the accuracy. 1D-CNN method not only can diagnose bearing faults accurately but 

also overcome shortcomings of the traditional methods. Different from machine learning and 

other deep learning models, the 1D-CNN method does not need pre-processing one-

dimensional data of rolling bearing’s vibration. Thus, it enhances the processing speed and 

improves the network structure to have a reasonable design for small sample data sets. This 

study proposes and tests a 1D-CNN method for diagnosing rolling bearings. By introducing 

the dropout operation, the method obtains high accuracy and improves the generalizing 

ability. The experimental results show 99.52% of the average accuracy under a single load and 

98.26% under different loads.  

Keywords: 1D-CNN; fault diagnosis; rolling bearing; vibration signal; single load; different 

load 

 

1. Introduction 

Recent industrial equipment uses many rolling bearings that playing a significant role in 

mechanical transmission. The failure of rolling bearing makes mechanical equipment unable 

to operate normally and efficiently, reduce safety, and shorten the service life. 45 - 55% of 

mechanical faults are caused by the faults of damaged bearings [1]. The traditional diagnosis 

method demands mechanical knowledge and expertise and has a time-consuming process. 

However, the method still cannot guarantee consistency, so does not meet the requirements of 

the diagnosis. Therefore, in order to ensure the reliable and normal operation of industrial 

equipment, the application of intelligent monitoring technology is needed [2,3]. The 

recognition of rolling bearings’ faults is based on modeling or monitoring signals. A model-

based diagnosis uses a mathematical model that simulates a real system with necessary 

assumptions and compares the data of the monitoring system to the mathematical model to 

predict the faults of rolling bearings [4]. A signal-based method extracts feature information 
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from time-domain [5] and frequency-domain signal [6] by using time-frequency domain 

analysis technology and diagnoses the faults [7]. The time-frequency analyses of signals of 

rolling bearing’s vibration include wavelet analysis [8], SHORT-time Fourier transformation 

(STFT) [9], Empirical Mode Decomposition [10], and singular value decomposition [11]. 

The time-frequency analyses adopt a machine learning method for diagnosing rolling 

bearings’ faults which extracts fault characteristics from collected rolling bearing vibration 

signals and then, divide the features into several category. Commonly used machine learning 

methods for the failure recognition are support vector machine (SVM) [12], k-nearest neighbor 

(KNN) [13], and K-means clustering Continuous wavelet transform overcomes the 

shortcomings of the traditional method using Fourier transform. Thus, Wang et al. [14] 

designed a support vector machine (SVM) classifier based on vibration signal analysis; 

Georgoulas et al. [15] suggested a symbol aggregation approximation architecture to extract 

the required bearing fault characteristic from the azimuth signal and use k-nearest neighbor 

(KNN).  

As classification accuracies of these methods mainly depended on the feature extraction 

steps, the feature extractors should be redesigned for different fault types. However, the 

algorithms only had simple structures and could learn non-linear relation in complex vibration 

signals from the rolling bearing. Thus, a deep learning method has an advantage in analyzing 

complex and non-stationary signals as it autonomously extracts fault features from the signals. 

Several researches on fault recognition of rolling bearings have used the means of deep learning 

recently. Yin et al. [16] extracted 38 bearing characteristics of original vibration signals using 

analysis methods in time domain and frequency domain and wavelet transform by using a 

nonlinear global algorithm. The low dimensional feature matrix of the input is processed by 

deep belief network (DBN) for fault feature recognition. Liu et al. [17] used the stacked sparse 

Auto-Encoder (SAE) to extract bearing failure characteristics from the spectrum of vibration 

signals with Softmax regression and classified the fault types. Liu et al. [18] adopted the RNN 

to sort the breakdown of rolling bearing and the noise removal automatic encoder that was 

based on the gating recursive unit to increase the accuracy of fault classification. Lu et al. [19] 

used the memory forgetting mechanism of LSTM and stacked LSTM to extract characteristics 

from primary signals for fault classification.  

The convolutional neural network (CNN) has a superior local receptive field, weights of 

shared, and spatial domain sub-sampling to DBN, SAE, RNN, and LSTM. The CNN reduces 

the complexity and the threats of overfitting and the accuracy and efficiency of pattern 

recognition are improved. The CNN yields satisfactory results in pattern recognition and 

extracts features from signals or images. The convolutional neural network (CNN) allows two 

different methods to recognize the failures of the rolling bearing. The first is to use one-

dimensional vibration signals (1D-CNN), while the second is to convert the original vibration 

signal to 2D images as the model input (2D-CNN). The 1D-CNN network is simpler than the 

2D-CNN network and has lower computational complexity. Moreover, one-dimensional CNN 

does not need preprocessing, and the calculation speed is fast, so it is fit in real-time fault 

diagnosis. Ince et al. [20] applied 1D-CNN for detecting the state and early fault. A compact 

and adaptive 1D-CNN classifier proposed by Eren et al. [21] takes the sensor data from the time 

series directly as input, which was suitable for real-time fault diagnosis. Zhang et al. [22] 
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suggested a diagnosis of bearing’s fault based on 1D-CNN, which processed the original 

vibration signal as the input without de-noising and achieved high accuracy even with noise 

and different loads. Ma et al. [23] proposed a lightweight CNN with fast training and strong 

transfer learning. Wang et al. [24] tried a method for fusing multimodal sensor signals (i.e. data 

from accelerometers and microphones) and used 1D-CNN to extract characteristics from 

vibration and acoustic signals which were fused. This method showed high accuracy and 

strong robustness. 

This study investigates a fault recognition method of the rolling bearing by using the 1D-

CNN (a pre-feedback 2D neural network) classifier. Convolution and pooling operations are 

performed alternately [25]. For a given input data, the convolution kernel extracts the features. 

In the supervised phase of training, the parameters of the convolution kernel are optimized by 

back-propagation so that the convolution kernel better extracts the appropriate features from 

the input data. After training the network model with the data set, the proposed model extracts 

appropriate classification features for the diagnosis and fault identification of rolling bearings. 

The availability of the suggested approach is assessed by using the data set of the rolling 

bearing which is supplied by CWRU. The main purpose of this study is to validate the 

following: (1) fast processing speed of 1D CNN as it uses the vibration data of the rolling 

bearing directly, (2) Dropout operation improves the classification accuracy and generalization 

ability, (3) Reasonable setting of convolutional layer and pooling layer. The convolution kernels 

of adjusted size and number extract fault features effectively, and (4) high classification 

accuracy for a small sample and a limited number of iterations. 

The chapters of this paper are arranged as follows. Section 2 introduces the theoretical 

background and Section 3 presents the network model proposed in this study. Section 4 

contrast the experimental results of this method with other methods using the CWRU dataset 

to that of other methods and proves the effectiveness.  Finally, Section 5 presents the 

conclusion of this study.  

2. Theoretical Background  

Convolutional neural network (CNN) has a unique network architecture and effectively 

reduces the sophisticated and overfitting of a neural network. CNN is similar to the visual 

system of biology[26]. In the biological visual system, neurons in the visual cortex only respond 

to the stimulation of certain specific areas. That is, the neurons only receive local information 

and biological cognition of the external environment expands from local to global. Therefore, 

the neurons do not need to perceive the whole image in the neural network, but only perceive 

the local features of the image as the local information from each neuron is synthesized at the 

highest level of the visual cortex to get the global information of the image.  

The convolution layer uses a convolution kernel and convolutes the part of the input signal 

(or image) and extracts the homologous characteristics. The most vital feature of convolution 

operation is weights of shared, that is, the same convolution kernel ergodic the input with the 

same parameters in the settled step size. Weights of shared cut down the parameters of the 

CNN, averts overfitting that is caused by too many parameters, and speeds up the processing 

speed. The convolution equation is as follows. 
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                     ,                         (1) 

where indicates the convolution calculation,  represents the  weight of the th 

convolution kernel in the th layer,  represents the th partial region convolved in the 

th layer, and represents the length of the convolution operation.  

After the convolution operation, the activation function transforms the output value 

nonlinearly. The original multi-dimensional features are mapped to enhance the linear 

separability of the extracted features. The activation function Tanh and the modified linear 

element are used in the neural network and the expressions of the two activation functions are 

shown as following equations. 

                             (2) 

,                              (3) 

where represents the activation value of output after passing through the convolutional 

layer.  

During the experiment of this study, the hyperbolic tangent function Tanh is selected as 

the activation function. 

Reduce parameters of the CNN, accelerate the processing speed, and prevent overfitting, 

a pooling layer is normally appended behind the convolution layer. The maximum and mean 

pooling functions are used commonly. The maximum pooling function takes the local 

maximum as the output, while the mean pooling function takes the local mean as the output 

value. The two functions are shown in Eq. (4) and (5), respectively. 

                                  (4) 

.                               (5) 

where represents the width of the pooled area, represents the activation function 

value of the neuron in a frame  of the layer , and represents the width of the pooled area. 

The maximum pooling method is chosen in this study as it obtains position-independent 

features from periodic time-domain signals. 

The flatten layer expands the output of the upper layer into a 1D vector, and then connects 

the input and output by taking this vector as the input of the full connecting layer, as shown in 

Figure 1. The fully connected layer also integrates different local features in the convolution 

layer or pooling layer. The formula for the full connection layer is shown as 

,                             (6) 
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where represents the weighted value of the th neuron in the th layer and the th 

neuron in the layer,  represents the logit value of the th output neuron at the  

layer, and  represents the bias value of all neurons in the layer to the th neuron in the 

layer . 

The output layer generally uses Softmax to identify and classify the extracted features. 

Softmax is a multi-classification form obtained by logistic regression. It is often used in multi-

classification problems. The specific expression is as follows 

                                              (7) 

where represents the output value of the th neuron in the output layer and  

represents the sum number of categories. 

The output of the 
previous layer

Softmax

output layer

spread out

 

Figure 1. Flatten abridged general view. 

Dropout proposed by Hinton et al. [27] reduces the overfitting and enhances the 

generalization ability of a neural network. The dropout algorithm sets the neurons in a certain 

layer of the neural network to zero at a certain probability p as shown in Figure 2. The algorithm 

weakens the joint adaptability of the same layer of neural nodes and improves the 

generalization ability. A neural network with N nodes is regarded as a set of models using 

the Dropout algorithm. The number of training parameters is unchanged and the optimal 

model is selected from the  models as the best model by training. 
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Standard Neural Net After applying dropout  

Figure 2. Dropout abridged general view. 

The input data of 1D-CNN network model is in the form of one-dimensional vector, so 

the data form of convolution and pooling operation should also be in the form of one-

dimensional, so the processing speed of the model can be accelerated. 

3. Structure of 1D-CNN model  

Some previous research results show that the neural network model based on 2D-CNN 

had high accuracy and strong generalization ability in rolling bearing fault diagnosis. However, 

the 2D-CNN still has the following shortcomings: (1) a long time to transform the 1D vibration 

signals to 2D images and (2) a slow speed to train two-dimensional convolution and pooling 

operations of a model. For the sake of enhance the validity and accuracy of rolling bearing 

failure diagnosis, a 1D-CNN model is established by using the original vibration signal. 

3.1 Fault diagnosis process based on 1D-CNN  

The fault identification course of the rolling bearing based on the 1D-CNN is as follows.  

(1) A sensor is installed on the corresponding position of the rolling bearing. 

(2) The one-dimensional vibration signals are collected as the original data and then, are 

partition into a training set and test set. 

(3) The training set is used as input to the 1D-CNN network. The model is trained to obtain the 

optimal model of fault vibration 

(4) The test set is input in the model and the model performance is evaluated.  

The 1D-CNN was evaluated using the one-dimensional original vibration data set of the 

rolling bearing supplied by CWRU[28]. The data set included 1024 vibration data points and 

was partition into the training set and test set in the proportion of 7:3. Different loads were 

grouped in different fault categories as shown in Table 1. 

Table 1. One-dimension original signal data set partitioning. 
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Fault Type 

Fault 

Diameter

（mm） 

Fault Orientation 

Number of Samples 

0HP 1HP 2HP 3HP 0123HP 

Ball 0.0028 / 100 100 100 100 400 

Ball 0.0056 / 100 100 100 100 400 

Ball 0.0112 / 100 100 100 100 400 

Inner-race 0.0028 / 100 100 100 100 400 

Inner-race 0.0056 / 100 100 100 100 400 

Inner-race 0.0112 / 100 100 100 100 400 

Outer-race 0.0028 @3:00 100 100 100 100 400 

Outer-race 0.0028 @6:00 100 100 100 100 400 

Outer-race 0.0028 @12:00 100 100 100 100 400 

Normal 0 / 100 100 100 100 400 

Improved 1D-CNN structure 

The improved 1D-CNN structure is similar to other one-dimensional CNNs and based on 

one-dimensional vibration signals. Adjustments are made to identify the signals so that the 

network structure effectively and accurately diagnoses and classifies the faults. The 1D-CNN 

structure incorporates 5 convolution layers, 5 pooling layers, and 2 full connection layers 

(Figure 3). The specific detailed network structure parameters are shown in Table 2. 
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Figure 3. An improved 1D-CNN network structure for bearing fault diagnosis. 

 

Table 2. Improved 1D-CNN network model parameter setting 

Network 

Layer 

Output 

Characteristic 
Specific Settings 

Input layer 1024×1 1024 pieces of vibration data 

Conv1 layer 1009×128 128@ 16×1, stride = 1 

Pool1 layer 504×128 pool size is 2×1, stride = 2 

Conv2 layer 497×64 64@ 8×1, stride = 1 

Pool2 layer 248×64 pool size is 2×1, stride = 2 

Conv3 layer 245×32 32 @ 4×1, stride = 1 

Pool3 layer 122×32 pool size is 2×1, stride = 2 

Conv4 layer 119×16 16 @ 4×1, stride = 1 

Pool4 layer 59×16 pool size is 2×1, stride = 2 
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Conv5 layer 56×8 8 @ 4×1, stride = 1 

Flatten 1×448 448 neurons 

Dense 1×10 10 neurons 

 

 

Step 1 

In each convolution layer, the appropriate number and size of the convolution kernel 

performs one dimensional convolution operations. The input data is the one-dimensional 

signal that has a length of 1024. Five convolution layers uses 128 convolution kernels of size 16

×1 (Conv1),  to Conv5), 64 of size 8×1 (Conv2), 32 of size 4×1 layer (Conv3), 16 of size 4×1 

(Conv4), and  8  of size 4×1 (Conv5). Tanh is the hyperbolic activation function for the five 

convolution layers.  

Step 2 

The pooling layer is appended to the Conv1, Conv2, Conv3, and Conv4 and carry out a 2 

× 2 max-pooling operation. The dropout operation is executed after executing the first and 

second pooling layers and then, the dropout ratio is set to 0.3. A dropout operation with a ratio 

of 0.25 is performed after the third pooling layer and that with a ratio of 0.25 after the fifth 

convolution layer. The dropout operation selects and deletes neurons randomly from the 

model to form a random subset of the neurons, solve the overfitting problem, and enhanced 

the generalization ability of neural network model. This does not depend on connections 

between neurons that have specific connections. In the flatten layer, the extracted features from 

the five convolution layers are extended to a one-dimensional vector. The output layer contains 

10 neurons. Using Softmax as the activation function, 10 types of faults are identified after 

training. 

4. Experimental results and analysis 

4.1 Data set description 

The CWRU data set is the benchmark data set and widely used in researches on 

diagnosing faults of the rolling bearing. As indicated in Figure 4, the experimental platform 

was composed of a motor, torque sensor, power tester, electronic controller. Rolling bearings 

of Skf6205 and Skf6203 were used in the driving end and fan end of the experimental platform. 

Single-point damage was machined on the bearing by electric discharging machine (EDM). The 

diameter of the damage was 0.0028, 0.0056, 0.0083, 0.011 and 0.0157 mm. As the outer diameter 

of the rolling bearing was fixed in operation, the fault data of the outer ring was real and 

effective. The damage points of the outer diameter of the bearing were set in the direction of 3, 

6, and 12 o'clock in direction. The vibration acceleration signals of the rolling bearing are 

collected by acceleration sensors mounted on the fan end and the motor drive end housing. 

The sampling frequencies of the fan end and the driving end were 12khz and 12khz, and 48Khz. 

The bearing test platform uses 16-channel data recorders to collected vibration signals and a 

torque sensor to measured load and speed. 
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Figure 4. Rolling bearing test platform (CWRU). 

In the experiment, the vibration data from the acceleration sensor at the driving end was 

selected at 12khz sampling frequency. The data set included nine types of failures in the normal 

state of the bearing, the bearing inner ring, and the ball bearings at diameters of 0.0028, 0.0056, 

and 0.0083 mm. The damage points of the bearing’s outer ring were in the direction of 3, 6, and 

12 o 'clock. The vibration signals of the 10 fault types were selected when the load was 0, 1, 2, 

and 3 HP with 1024 data points. Different fault types under different loads were partition into 

the training and test set in the scale of 7:3. Table 1 shows the data set of rolling bearing vibration 

signals. Figure 5 reveals the original vibration signals of the 10 fault types under 0 HP.  

 

Figure 5. Sample raw vibration signals from CWRU dataset(0HP). 
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4.2 Parameters of improved 1D-CNN model 

A neural network is a multi-layer composite function in mathematics. A neural network 

is a linear function without an activation function. When the samples are not linearly separable, 

the activation function should introduce non-linear factors. Common activation functions are 

Tanh and Relu. Tanh effectively expands the effect of features in the continuous cycle when the 

difference of eigenvalues is obvious. Relu makes the output of neurons with a negative input 

value zero, which reduces the interdependence among parameters and speeds up the 

calculation. To explore the influence of Tanh and Relu on the 1D-CNN network, their activation 

functions are used in the experiment under the load of 3 HP. Figure 6 and Figure 7 show the 

curve of loss function and accuracy in the training process. 

The curves of the training loss by Tanh and Relu in Figure 6 show a constant decrease in 

30 epochs. The training loss of Tanh decreases faster than Relu and converges to zero. The 

accuracies of Tanh and Relu keep increasing. Tanh reaches the accuracy of 1 faster than Relu 

and has higher accuracy in the whole epochs. The result represents that Tanh is more suitable 

activation function thn Relu for the improved 1D-CNN. Figure 5 shows 10 fault types under 0 

HP have different vibration curves and Relu is not suitable for training with a small number of 

samples. 

 

Figure 6. Loss function during the training set with Tanh and Relu. 
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Figure 7. Accuracy during the training set with Tanh and Relu. 

When training the network model, a batch size not merely impact the training speed but 

also the accuracy. A large batch-size can expedite progress the training process, but it requires 

a large memory space of a computer. Thus, the small batch-size is appropriate in training 

despite slow operation speed and noise. The occurrence of noise prevents the training process 

from falling into the local optimum. Choosing a suitable batch- size is important for the model. 

In this study, the batch-sizes of 10, 20, 30, 40, 50, 60, 70, and 80 as under 0123 HP were chosen. 

The experimental result suggests that the improved 1D-CNN is available in any batch- size and 

has an accuracy higher than 99% (Figure 8). Figure 8 shows, The best accuracy, 99.75% is 

obtained for the batch-size of 50. The final result is the average accuracy in five training 

sessions. 

 

Figure 8. Influence of different batch_size on model accuracy. 

Overfitting occurs commonly in neural networks. There are several methods to solve the 

outfitting among which dropout is most simple and effective. The improved 1D-CNN in this 
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experiment is trained on small data sets. To avoid the overfitting problem, dropout is added to 

the network model as shown in Figures 9 and 10, which show the loss and accuracy of the test 

set with or without dropout under 1 HP. 

The loss and accuracy of the test set proved that the improved 1D-CNN performance 

improved with the added of dropout layer. To prove the impact of dropout on the model 

performance, five experiments were conducted under loads of 0, 1, 2, 3, 0123 HP (Figure 11). 

The accuracy with dropout increases from 98.13% to 99.53% under 0 HP, from 97.27% to 98.33% 

under 1 HP, and from 99.16% to 99.75% under 0123 HP. Therefore, the dropout improves the 

performance of the improved 1D-CNN under different loads. 

 

Figure 9. Testing loss of the test set with Dropout and without Dropout. 

 

Figure 10. Accuracy of the test set with Dropout and without Dropout.  
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Figure 11. Under different loads with Dropout and without Dropout. 

4.3 Contrast with other fault diagnosis methods 

The improved 1D-CNN model is compared with the experiments of five different models 

based on machine learning and deep learning, so as to prove the effectiveness of the improved 

1D-CNN model in the fault diagnosis of rolling bearings. The five models are LSTM, MLP, 

SVM, Random forest, and KNN. The datasets in Table 1 were used by the six models. 

Experiments were carried out under loads of 0, 1, 2, 3, 0123 HP. Parameters of each model are 

as follows: 

(1) Improved 1D-CNN model 

The learning ratio was set to 0.001. The optimizer was Adam that combines the advantages 

of degrade and rmsprop algorithm and has high computing efficiency and low memory 

requirement. The loss function is categorical_crossentrop, the batch-size was set to 50, and 

the iteration time was 30. 

(2) LSTM  

The first layer of the LSTM had 32 neurons with Tanh as the activation function. The second 

layer had 32 neurons in the full connection layer with Relu as the activation function. The 

third layer had 10 neurons and was classified by Softmax. The learning ratio was set to 0.001 

and the optimizer is Adam. The loss function was categorical_crossentropy. The batch- size 

was 50 and the iteration time was 30. 

(3) MLP model 

The first, second, third, and fourth layers were the whole connective layer with 300, 400, 

200, and 100 neurons, respectively. The activation function was Relu. Batch normalization 

and dropout were adopted with a probability of 0.4 in each full connection layer. The fifth 

layer was the output layer with 10 neurons and was classified by Softmax. The learning 

ratio was set to 0.002 and the optimizer is Adam. The loss function was 

categorical_crossentropy. The batch- size was 20 and the iteration time was 40. 
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(4) SVM 

Gaussian kernel function (RBF) and grid search method were used to find the optimal 

regularization parameters c (the higher c, the easier to overfit.) and gamma (to control the 

width of Gaussian kernel). The 5-fold cross-validation method was used, too. 

(5) Random forest model 

100 decision trees were used to construct the random forest model. A Gini coefficient was 

used as the division standard of a decision tree. The number of samples for dividing nodes 

was 2, and the partial sampling data of training samples were used to fit the decision tree.  

(6) KNN model 

This model searched for the optimal n-grid search method_neighbors and used 10-fold 

cross-validation method. 

The experimental results of various rolling bearing fault diagnosis methods are shown in 

Table 3, 4, and Figure 12. Table 3 shows the accuracies of the six models under different loads 

and the average accuracy of the improved 1D-CNN network in different loads is 99.52%. The 

improved 1D-CNN’s average accuracy is  67.12, 36.42, and 23.54% higher than KNN, random 

forest, and SVM, respectively. The performance of KNN, random forest, and SVM based on 

machine learning is not as good as the proposed model. When the KNN algorithm is used, the 

data set needs to be preprocessed. In this study, the original vibration signals were directly 

inputted into SVM without any processing, but SVM did not perform well on the data set even 

with more feature points. Random forest is sensitive to noise, resulting in overfitting of the 

training process.  

The average accuracy of the improved 1D-CNN is 14.93% and 24.69% higher than that of 

LSTM and MLP. The average accuracies of LSTM (84.59%) and MLP (74.83%) are higher than 

random forest (63.1%), KNN (32.4%), and SVM (75.98%). These suggest that the deep learning 

method performs better than machine learning. Some nonlinear relations in complex vibration 

signals of rolling bearings cannot be learned by machine learning methods, but deep learning 

has great advantages in the analysis of complex nonlinear non-stationary signals. In the 

experiments, all methods were trained on the small sample data set, there was a difference 

between the highest and the lowest accuracy. However, the improved 1D-CNN model has only 

a difference of 1.67%. 

Table 3. Accuracy of six different models. 

Method 
Highest 

accuracy (%) 

Lowest 

accuracy (%) 
Mean (%) 

1D-CNN 100 98.33 99.52 

LSTM 92.44 76.22 84.59 

MLP 84.39 66.78 74.83 

SVM 81.28 70.32 75.98 

RandomForst 67.88 57.11 63.10 

KNN 34 29 32.40 
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Table 4 and Figure 12 show the average accuracies of different models under different 

loads. The improved 1D-CNN had the accuracies of 99.53%, 98.33%, 100%, 100%, and 99.75% 

under different loads with an average accuracy of 99.52% that was higher than those of the 

other five models. Moreover, the standard deviation of the improved 1D-CNN was only 0.62%, 

which is lower than 5.3%, 6.99%, 4.05%, 3.93%, and 1.85% of the other five methods. These 

results prove the effectiveness of the improved 1D-CNN in fault diagnosis under different 

loads.  

Table 4. Accuracy and Std of different models under different loads. 

Method  0 HP 1 HP 2 HP 3 HP 0123 HP 

1D-CNN 

Accuracy (%)  99.53 98.33 100 100 99.75 

Std (%) 0.62 

LSTM 

Accuracy (%)  92.44 76.22 83.33 83.78 87.17 

Std (%) 5.30 

MLP 

Accuracy (%)  74.44 66.78 80.89 67.66 84.39 

Std (%) 6.99 

SVM 

Accuracy (%)  75.75 70.32 81.28 72.98 79.57 

Std (%) 4.05 

RandomForst 

Accuracy (%)  57.11 61.35 67.88 62.24 66.92 

Std (%) 3.93 

KNN 

Accuracy (%)  29 33 34 34 32 

Std (%) 1.85 

 

 

4.4 Performances under different loads 

In the practical application, the fault samples of equipment under various loads are 

difficult to collect. Thus, the faults of rolling bearings are collected under a certain load. 

However, training the model for diagnosing the faults requires the fault data under different 

loads. In the research of this paper, the generalization ability of the improved 1D-CNN under 

different loads was investigated and the result was compared to that of Shufflenet V2, 

MobileNet, ICN [29], DFCNN [30], and PFC-CNN [31]. The specific experimental contrast 

results are shown in Table 5 and Figure 13. ("1HP → 2HP" means using 1HP as a training 

set and 2HP as a test set.) 

Table 5 shows that the highest and the lowest accuracy of the improved 1D-CNN is 

100% and 94%. The lowest accuracy was lower than that of Shufflenet V2 (96.3%) and ICN 

(94.17%). The average accuracy was 98.26%, which was higher than that of Shufflenet V2 

(97.36%), MobileNet (94.38%), ICN (97.07%), DFCNN (90.05%), and PFC-CNN (93.31%). The 
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results validate the improved 1D-CNN is effective in diagnosing the bearing faults under 

different loads. 

Table 5. Accuracy contrast between different loads on different models. 

 1D-CNN 
Shufflenet 

V2 [29] 

MobileNet 

[29] 

ICN 

[29] 

DFCNN 

[30] 

PFC-

CNN [31] 

Highest accuracy 

(%) 
100 99.4 98.4 99.8 / 97 

Lowest accuracy 

(%) 
94 96.3 90 94.17 / 90 

Average (%) 98.26 97.36 94.38 97.07 90.05 93.31 

 

 

 

Figure 12.  Accuracy of different models under different loads. 

The accuracies of the diagnosis under various loads with different methods are shown in 

Figure 13. Except for the case of 2HP → 1HP, the improved 1D-CNN model had higher 

accuracies than Shufflenet V2 and ICN. In other cases, the proposed model showed 

effectiveness in diagnosing the faults under cross-loads. 
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Figure 13. Accuracy of different models across loads. 

4.5 Visual analysis of validity of 1D-CNN model 

To more intuitively assess the accuracy of the improved 1D-CNN model bearing fault 

diagnosis, the results under different loads are summarized in the confusion matrix. Table 6 

shows the bearing status represented by each number in Figure 14. The confusion matrix 

presents the predicted result of the samples on the horizontal axis and the actual label of the 

samples on the vertical axis. 5% of the ball fault of 0.0056 mm were incorrectly predicted as the 

ball fault (0.0028 mm) under 0 HP and 12% of the ball fault (0.0084 mm) were incorrectly 

predicted as ball fault (0.0028 mm) under 1HP. Under the load of 0 and 1 HP, there were errors 

in the diagnosis and prediction of the ball fault as the characteristic information of the ball fault 

under lower loads is masked by noise. In other cases, the improved 1D-CNN has an 

appropriate prediction. 

Table 6. The numerical ID of the rolling bearing status. 

Bearing 
state 

Ball 

0.0028 

Ball 

0.0056 

Ball 

0.0112 

Inner 

0.0028 

Inner 

0.0056 

Inner 

0.0112 

Outer 

@3 
0.0028 

Outer 

@6 

0.0028 

Outer 

@12 

0.0028 

Normal 

0 

ID 0 1 2 3 4 5 6 7 8 9 
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(a) 

 

(b) 

 

(c) 

 

(d) 

Figure 14. confusion matrix under different loads (a) 0 HP, (b) 1 HP, (c) 2 HP, and (d) 3 HP 

t-SNE is a dimension reduction algorithm based on manifold learning, which is different 

from the traditional PCA and MMD methods. t-SNE uses normalized Gauss collated high-

dimensional spatial data features for similarity modeling. At the same time, t-distribution is 

used to model the similarity of low-dimensional spatial data. KL distance narrows the distance 

distribution of high- and low-dimensional space and allows visualizing high-dimensional data 

into two-dimensional or three-dimensional graphics. To prove that the improved 1D-CNN 

distinguishes different fault types, the t- SNE visualization algorithm is used (Figure 15). By 

reducing the data dimension in the prediction of results under different loads [32], the 

improved 1D-CNN visualizes the characteristics of the CWRU dataset. Table 6 shows the status 

of the bearings represented by the numbers (Figure 15). Figure 15 also shows that the bearing 

failure characteristics representing the alike fault type are gathered together. Various types of 

bearing faults are separated, which shows that the improved 1D-CNN effectively distinguishes 

fault characteristics under different loads. 
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(a) 

 

(b) 

 

(c) 

 

(d) 

Figure 15. t-SNE under different loads (a) 0 HP, (b) 1 HP, (c) 2 HP, and (d) 3 HP 

5.Conclusion 

A new method for diagnosing faults of the rolling bearing is proposed by using an 

improved 1D-CNN. The vibration data set of the rolling bearing supplied by Case Western 

Reserve University (CWRU) is used to verify the model. The following conclusions can be 

drawn from a series of experiments in this paper.  

(1) The average accuracy of the improved 1D-CNN is 99.52% under a single load and 98.26% 

under different loads. The improved 1D-CNN shows improved accuracy, enhanced 

processing speed without preprocessing. 

(2) The improved 1D-CNN model has advantages in analyzing complex and non-stationary 

signals and is prevail over the traditional machine learning method in terms of accuracy, 

speed, and use of computer memory. 
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(3) The improved 1D-CNN model uses a local receptive field, weight sharing, and spatial 

domain subsampling, which decreases the complicacy of the network and the risk of 

overfitting, and speeds up the training speed.  

(4) Adding dropout operation improves the accuracy of the improved 1D-CNN model and 

enhances generalization ability.  

In the actual industrial environment, the vibration data of the bearing will be disturbed by 

great noise, and the vibration data of the rolling bearing will be more and more complicated. 

The results of this study lead future researches to develop an accurate method of diagnosing 

the faults of the rolling bearing in complex bearing vibration data with noise with the 

integration of deep learning method. 
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