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Abstract 

 

The integration of solutions based on computational intelligence in the industrial 

sector has produced fruitful results on wind turbine critical components fault 

detection and diagnosis. Recently, many research studies using artificial 

intelligence and deep learning have been published day by day in this field. Most 

of the existing approaches aim to improve the maintenance plans, increase the 

working life of rotating electrical machines and prevent production losses. To this 

end, this paper presents a novel deep ensemble learning combining elements of 

SENet and improved DenseNet-121. The proposed model is based on knowledge 

transfer. To analyze and evaluate the strength of this method, we use the Case 

Western Reserve University (CWRU) bearing fault dataset with the signals 

acquired at two different load conditions (load 0 and load 2). The superiority of our 

approach is validated by comparing its performance with various contemporaries 

bearing faults diagnosis (BFD) and the obtained mathematical results demonstrate 

that the proposed engineering technology is more accurate with a strong 

generalization ability to work on real-life datasets. 

 

Keywords: bearing, deep learning, SENet, DenseNet, transfer learning, fault 

detection, and diagnosis 
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1 Introduction 
 

According to literature, rolling bearing, considered as a critical component in many types 

of rotating machines like wind turbines, is usually the main source of failures in these machines. 

The situation is complicated because most electro-mechanical failures occur slowly, their 

working conditions are very harsh and the operating environments are closed, which makes 

faults hard to be identified in practice. The main components of the rolling bearing consist of 

different parts: an outer race, an inner race, rolling elements that are in contact under heavy 

dynamic loads and relatively high speeds, and optionally a cage around these rolling elements 

as illustrated in Figure 1 [1]. 

 

 

Figure 1. Main components of the rolling bearing (SKF) 

For assuring proper functioning and the safety of wind turbine critical components like 

bearing and by the way reduce the maintenance cost and undesired downtime, various 

strategies must be considered. During this last decade, researchers have developed many 

powerful diagnostic methods to deal with faults of these wind turbine critical parts.  Among 

the known intelligent fault diagnosis technologies largely dominating the current literature and 

which have shown high performances in the industrial mechanical system, deep neural 

networks occupy a prominent place with classification accuracy often over 90%.  For example, 

literature in [2] lists around 80 articles dedicated to BFD employing some type of deep neural 

network approach.  

Deep neural networks are neural networks where multiple hidden layers are stacked 

one after the other between the input and the output. Generally, methods based on deep neural 

networks are classified into deep learning (DL) and deep transfer learning (DTL) algorithms. 

Advantages of applying DL algorithms compared to classical machine learning algorithms 

include best-in-class performance, automatic feature extraction, and transferability [2]. The 

popular deep learning-based diagnostic models includes deep auto-encoder (DAE), deep belief 

network (DBN), recurrent neural network (RNN), convolutional neural network (CNN) and 

generative adversarial network (GAN) [2,3]. Nowadays, most of deep learning architectures 

available for BFD are based on CNN which is a regularized version of traditional feed-forward 

neural networks that are usually fully connected. An example of CNN is shown in Figure  2. 
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Figure 2. An example of CNN architecture, where conv is convolution; BN represents Batch 

Normalization; ReLU is Rectified Linear Unit activation function and  FC represents Fully-

connected layer [3] 

Currently, several BFD articles related to CNN and its variations have been widely 

published [4–12] and a lot of types CNN architectures have been implemented. These 

techniques promise to continually improve the CNN capabilities of diagnosis and detecting 

bearing faults.  In this paper, an intelligent fault diagnosis approach for rolling bearing based 

on a deep ensemble learning model is proposed. The main novelties are formulated as below: 

1. An ensemble deep learning based on stacking SENet (Squeeze and Excitation Network) 

and improved DenseNet(Densely connected Network) is implemented. A dropout layer is 

integrated before the classification layer to minimize overfitting and improve model 

generalization.  

2. The proposed architecture is evaluated separately on CWRU dataset with two different 

condition loads and for each case, features   learned by the proposed model are visualized 

using t-SNE technique. 

3. We compare our method to its contemporaries on BFD. 

The remainder parts of this article are organized as follows. Section 2 briefly presents 

ensemble learning concepts, CNN and SENet models. Section 3 gives details of the proposed 

method. Results and discussion are reported in section 4 and conclusion of this study is given 

in section 5. 

2 Models and Methods 

2.1  Deep ensemble learning 

Ensemble learning is an approach consisting to combine several different predictions from 

different models to make the final prediction. It combines the advantages of both the deep  
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learning models as well as the ensemble learning such that the final model has better 

generalization performance [13]. The standard ensemble learning techniques are broadly 

categorized into ensemble models such as bagging, boosting and stacking. As many popular 

ensemble algorithms are based on staking technique, in this article, we use this approach and 

transfer learning to combine advantages and diversities come from SENet model and improved 

DenseNet model. The new stacked model obtained is utilized to classify bearing faults.  

2.2  CNN  and SENet models 

CNN is a type of deep learning model for processing data that has a grid pattern, such as 

images, which is inspired by the organization of the brain and it is designed to automatically 

and directly learn features using convolution, activation or ReLU pooling and fully connected 

layers [14]. Most of computation occurs in the convolutional layer which is the main building 

block of a CNN. Convolution is performed on the input data with the use of filter or kernel to 

produce feature map.  

Mathematically, consider  𝑋 ∈ ℝ𝑑   the d-dimensional mechanical data, the i-th convolutional 

feature in the j-th map can be described as: 

𝐶𝑗 = 𝑋 ∗ 𝑊𝑗 + 𝑏𝑗                                                        (1) 

where 𝑊𝑗 ∈ ℝℎ represents the j-th filter, it is used to code the input 𝑋 and generate the j-th 

feature map 𝐶𝑗 = [𝑐1
𝑗
, 𝑐2

𝑗
, … , 𝑐𝑑−ℎ−1

𝑗
]; 𝑏𝑗denotes the bias term . After the convolutional operation, 

the non-linear activation function, such as sigmoid function, tanh function, and rectified linear 

unit (ReLU) is usually utilized to achieve the feature transformation [3]. 

The pooling layer receives the result from a convolutional layer and compress it in order 

to continuously reduce the dimensionality .The most frequent pooling operations include the 

maximum pooling which calculates the maximum value for pooling region and the average 

pooling which takes average value in the pooling region. Take the maximum pooling as an 

example, the mathematical description is given as follows:    

      𝑝𝑜𝑘
𝑗

= 𝑚𝑎𝑥{𝑐𝑘:𝑘+𝑝−1
𝑗

}                                                                   (2) 

where 𝑐𝑘:𝑘+𝑝−1
𝑗

 represents inputs and 𝑝 is the pool size; 𝑝𝑜𝑘
𝑗 denotes the maximum value in the 

corresponding pooling region. 

The last layer of a CNN is fully connected layer in which neurons have full connections 

to all the activations in the previous layer. The mathematical calculation of the fully-connected 

layer can be illustrated as: 

      𝑓𝑐𝑙 = 𝜎(𝑊. 𝑓𝑐𝑙−1 + 𝑏)                                                                     (3) 

Where 𝑓𝑐𝑙 represents the output features of 𝑙 − 𝑡ℎ fully-connected layer, 𝑊 and 𝑏 stand for the 

connection weight and bias, respectively; 𝜎(. ) Denotes the non-linear activation function. 

Some hyper parameters must be considered when using CNN: the kernel size, the 

number of filters, the stride the padding.  

In addition to the original CNN, different types of CNN Models have been recently 

developed and applied to the field of fault diagnosis for more excellent performance: 

AlexNet(2012),VGGNet(2014), GoogleNet/Inception(2014), ResNet(2015), DenseNet(2017), 

Pyramidal Net(2017), Channel boosted CNN (2018), SENet(2019). 

DenseNet has been proposed to overcome the vanishing gradient. It uses cross-layer 

connection, although in a modified form, to solve this problem. In a feed-forward approach,  
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DenseNet connects each preceding layer to the next coming layer [15]. SENet bring in a 

building block for CNN that increase channel interdependencies at nearly no cost of 

computation. Basically squeeze and excitation (SE) blocks, are an architectural element that 

may be placed into a CNN to boost performance while only increasing the overall number of 

parameters by a minimal amount [16]. SENet is a sub-network structure that improves network 

performance from the feature channel level. Specifically, it is to automatically obtain the 

importance of each feature channel through learning, and then use this importance to enhance 

useful features and suppress features that are not very useful for the current task. The network 

consists of Squeeze, Excitation, and Reweight [17]. The structure of the SE block is illustrated 

on Figure 3.  

 

 

 

 

Figure 3. A SE block [16] 

 

For any given transformation 𝐹𝑡𝑟 mapping the input 𝑋 to the feature maps 𝑈 where ∈ ℜ𝐻×𝑊×𝐶 

, e.g. a convolution, we can construct a corresponding SE block to perform feature 

recalibration. A squeeze operation is done through which the feature 𝑈 are first passed, then by 

aggregating feature maps across their spatial dimensions 𝐻 × 𝑊 a channel descriptor is 

produced. This descriptor of channel-wise feature responses which allows all its layers to use 

the information from the global receptive field of the network. The aggregation is followed by 

an excitation operation, which takes the form of a simple self-gating mechanism that takes the 

embedding as input and produces a collection of per-channel modulation weights. These 

weights are applied to the feature maps U to generate the output of the SE block which can be 

fed directly into subsequent layers of the network [16–18]. 

3 The Proposed Approach 

This paper proposes a fault diagnosis model for rolling bearing based on an ensemble 

combining improved DenseNet and SENet models. More specifically, the fine-tuned 

DenseNet-121 model [19]  is first improved by adding a dropout layer. After, we construct new 

model by stacking SE blocks on each dense block and we maintain the same hyperparameters. 

Figure 4 shows the structure of SE block used in this article. 
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Figure 4. Structure of squeeze and excitation block 

A schematic diagram of the architecture of the proposed deep ensemble fault 

identification method inspired by architectures found in [15] and [19] is depicted in Figure 5 

(on p. 459). As can be seen, the main parts of this network consists of four dense blocks with 

SE blocks and transition layers working simultaneously. Beside, two blocks of convolution and 

pooling layers receive input signal and reduce its size. The last part is composed by flattening, 

dropout and classification layers.   

4 Results and Discussion 

4.1 Data Description 

Experimental bearing fault dataset from CWRU [20] is utilized to verify the 

effectiveness of our method. This dataset has been widely  used in literature and serves as a 

fundamental dataset to validate the performance of different ML and DL algorithms applied to 

diagnose bearing defects [21]–[24]. As shown in Figure 6, the test stand consists of a 2 hp 

motor (left), a torque transducer/encoder (center), a dynamometer (right), and control 

electronics (not shown). The test bearings support the motor shaft. Single point faults were 

introduced to the test bearings using electro-discharge machining with fault diameters of 7 mils, 

14 mils, 21 mils, 28 mils, and 40 mils (1 mil=0.001 inches). Vibration data was collected for 

motor loads from 0 to 3 hp and motor speeds from 1,720 to 1,797 rpm, which were attached to 

the housing with magnetic bases. Moreover, data was collected at 12,000 samples per second, 

and data was also collected at 48,000 samples per second for drive end bearing faults. There 

are three types of fault location: inner raceway, outer raceway, and ball. Thus, Faults are 

categorized as Normal, Inner race fault, Ball fault and Outer race fault.  
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Figure 5. Architecture of the proposed model 

 

 

 

Figure 6. The Case Western Reserve University Bearing Center  

test apparatus & Procedures [20] 

 

In this research work, we used 48 Drive End Bearing Fault Data with fault diameters 

(0.007inch, 0.014inch and 0.021 inch) obtained in 2 different work conditions (Load 0 and  
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Load 2). For Load 0, the preprocessing operations were implemented on the row data of 9259 

samples, whereas 21090 data points of row data are considered as sample length on load 2. In 

each case, the data has been divided into train and test with 75/25 splitting percentage. 

4.2 Results 

Figure 7-10 present the plots for training accuracy, validation accuracy and loss over 

the number of epochs for the proposed model with load 0 and load 2 datasets. As we see from 

Figure 7 and Figure 8, after only 8 epochs, accuracy and loss values of the training and 

validation data become stable, and the model starts to converge. On the other hand, from Figure 

9 and Figure 10 after 20 epochs, the situation is similar for the second dataset, which 

demonstrate the strong convergence ability of the proposed model. Moreover, result show that 

the classification rate reaches 99.55% on Load 0 dataset and 99.01% on Load 2 dataset which 

is a very satisfying score comparing to other existing methods in bearing fault diagnosis. 

 

 

Figure 7. Training and validation accuracy for 

the Load 0 dataset 

 

Figure 8. Training and validation loss 

for the   Load 0 dataset 

 

Figure 9. Training and validation accuracy for 

the Load 2 dataset 

 

Figure 10. Training and validation loss for 

the Load 2 datase
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In order to further explore why the performance of the proposed approach is very good, 

the confusion matrices for this model are given in Figure 11 and Figure 12 and t-SNE features 

are separately visualized in Figure 13 and Figure 14. 

 

 

 

 

Figure 11. Confusion matrix of the proposed 

method for Load 0 dataset 

 

Figure 12. Confusion matrix of the 

proposed method for Load 2 dataset 

 

 

 

Figure 13. The t-SNE visualization of features 

in Load 0 dataset 

 

 

 

Figure 14. The t-SNE visualization of 

features in Load 2 dataset 

 

The results of comparison between the proposed model, ResNet-50 and DenseNet-

121 are shown in Tab.1 and Tab. 2. 
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Tab. 1. Classification accuracy of ResNet-50, DenseNet-121 and the proposed model on 

Load 0 dataset 

 

Method Accuracy 

ResNet-50 0.944 

DenseNet-121 0.967 

Proposed 

model 
0.9955 

 

Tab. 2. Classification accuracy of ResNet-50, DenseNet-121 and the proposed model on 

Load 2 dataset 

 

Method Accuracy 

ResNet-50 0.939 

DenseNet-121 0.953 

Proposed 

model 
0.9901 

5 Conclusion 

In this research work, a digital and intelligent framework based on deep learning technology is 

developed for rolling bearing fault diagnosis. The proposed ensemble approach combines an 

improved DenseNet-121 with SENet and has been applied on two different datasets of bearing 

collected in two loads conditions. The experiments results show that the diagnostic accuracy 

reaches 99.55% for load 0 dataset and 99.01% for the second used dataset, which is good 

enough. Additionally, this model outperforms performance of the rolling bearing faults 

diagnosis comparing with peer methods. In the future research, this DL classifier will be 

extended in real-world cases. 
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