
1551-3203 (c) 2019 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TII.2019.2943898, IEEE
Transactions on Industrial Informatics

  
Abstract—This paper develops new deep learning methods, 

namely, deep residual shrinkage networks, to improve the feature 
learning ability from highly noised vibration signals and achieve a 
high fault diagnosing accuracy. Soft thresholding is inserted as 
nonlinear transformation layers into the deep architectures to 
eliminate unimportant features. Moreover, considering that it is 
generally challenging to set proper values for the thresholds, the 
developed deep residual shrinkage networks integrate a few 
specialized neural networks as trainable modules to automatically 
determine the thresholds, so that professional expertise on signal 
processing is not required. The efficacy of the developed methods 
is validated through experiments with various types of noise. 
 

Index Terms—Deep learning, deep residual networks, fault 
diagnosis, soft thresholding, vibration signal. 
 

I. INTRODUCTION 
OTATING machines are integral to manufacturing, power 
supply, transportation, and aerospace industries. However, 

because these rotating machines operate under harsh working 
environments, failures unavoidably occur in their mechanical 
transmission systems and can result in accidents and economic 
losses. Accurate fault diagnosis of mechanical transmission 
systems can be used to schedule maintenance and extend 
service time as well as ensure human safety [1]-[3]. 

The existing fault diagnosis algorithms for mechanical 
transmission systems can be classified into two categories, i.e., 
signal analysis-based methods and machine learning-powered 
methods [4]. In general, signal analysis-based fault diagnosis 
methods identify faults by detecting the fault-related vibration 
components or characteristic frequencies. However, for large 
rotating machines, the vibration signals are often composed of 
many different vibration components, including meshing of 
gears and rotation of shafts and bearings. Further, when faults 
are in their early stage, the fault-related components are often 
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weak and can easily be overwhelmed by other vibration 
components and harmonics. As a result, it is often difficult for 
the traditional signal analysis-based fault diagnosis methods to 
identify the fault-related vibration components and 
characteristics frequencies. 

Machine learning-powered fault diagnosis methods, on the 
other hand, are able to diagnose faults without identifying the 
fault-related components and characteristics frequencies. A 
number of statistical parameters (e.g., kurtosis, root mean 
square, energy, and entropy) can be extracted to represent the 
health states, and then a classifier (e.g., multi-class support 
vector machines, one-hidden-layer neural networks, and naïve 
Bayes classifier) can be trained to diagnose the faults. However, 
the extracted statistical parameters are often not discriminative 
enough to distinguish the faults, which can lead to low 
diagnostic accuracy. As a consequence, finding a 
discriminative feature set has become a long-standing 
challenge for machine learning-powered fault diagnosis [5]. 

In recent years, deep learning methods [6], which refer to the 
machine learning methods with multiple levels of nonlinear 
transformations, have become a useful tool in vibration-based 
fault diagnosis. To replace the traditional statistical parameters, 
deep learning methods automatically learn features from raw 
vibration signals, which can yield higher diagnostic accuracy. 
A variety of deep learning methods have been used in machine 
fault diagnosis [7]-[14]. For example, Ince et al. [7] employed a 
1-dimensional convolutional neural network (ConvNet) to 
learn features from current signals for real-time motor fault 
diagnosis. Shao et al. [9] applied a convolutional deep belief 
network for fault diagnosis of electric locomotive bearings. 
However, parameter optimization is often a difficult task for 
traditional deep learning methods. The gradients of the error 
function, which have to be back-propagated layer by layer, 
gradually become inaccurate after flowing through a number of 
layers. As a result, the trainable parameters in the beginning 
layers (i.e., the layers close to the input layer) cannot be 
optimized effectively. 

Deep residual networks (ResNets) are an attractive variant of 
ConvNets, which use identity shortcuts to ease the difficulty of 
parameter optimization [15]. In ResNets, the gradients not only 
are back-propagated layer by layer, but also directly flow back 
to the beginning layers through identity shortcuts [16]. Due to 
the improved parameter optimization, ResNets have been 
applied for fault diagnosis in a few recent papers [17]-[20]. For 
example, Ma at al. [17] used a ResNet with demodulated 
time-frequency features to diagnose planetary gearboxes under 
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nonstationary running conditions. Zhao at al. [18] used ResNets 
to fuse multiple sets of wavelet packet coefficients for fault 
diagnosis. The advantages of ResNets over classical ConvNets 
have been validated in these papers. 

Vibration signals collected from large rotating machines, 
such as wind turbines, manufacturing machines, and heavy 
trucks, often contain large amounts of noise. The feature 
learning ability of ResNets often decreases when dealing with 
highly noised vibration signals. The convolutional kernels used 
in ResNets, which serve as local feature extractors, may fail to 
detect the fault-related features due to the interference of noise. 
In such a case, the learned high-level features at the output layer 
are often not discriminative enough to correctly classify the 
faults. Therefore, it is necessary to develop new deep learning 
methods for vibration-based fault diagnosis of rotating 
machines under strong background noise. 

This paper develops two deep residual shrinkage networks 
(DRSNs), i.e., a DRSN with channel-shared thresholds 
(DRSN-CS) and a DRSN with channel-wise thresholds 
(DRSN-CW), to improve the feature learning ability of 
ResNets from highly noised vibration signals, with the ultimate 
goal of yielding high diagnostic accuracy. The major 
contributions are summarized as follows:  
 Soft thresholding (i.e., a popular shrinkage function) is 

inserted into the deep architecture as nonlinear 
transformation layers, in order to effectively eliminate 
the noise-related features. 

 The thresholds are adaptively determined using 
specially designed sub-networks so that each piece of 
vibration signal can have its own set of thresholds. 

 Two kinds of thresholds, namely, channel-shared 
thresholds and channel-wise thresholds, are considered 
in soft thresholding, which is the reason for the terms 
DRSN-CS and DRSN-CW. 

The remainder of this paper is arranged as follows. Section II 
provides a brief overview of classical ResNets and a detailed 
elaboration on the developed DRSN-CS and DRSN-CW. 
Experimental comparisons are given in Section III, and the 
conclusions are given in Section IV. 

II. THEORY OF THE DEVELOPED DRSNS 
As stated in Section I, as a potentially effective way to learn 

discriminative features from highly noised vibration signals, 
the integration of deep learning methods and soft thresholding 
is considered in this study. Accordingly, this section focuses on 
developing two improved variants of ResNets, i.e., DRSN-CS 
and DRSN-CW, by presenting the theoretical backgrounds and 
essential ideas in detail. 

A. Basic Components 
Both the ResNets and the developed DRSNs have some basic 

components that are the same as the traditional ConvNets, 
including the convolutional layer, rectifier linear unit (ReLU) 
activation function, batch normalization (BN), global average 
pooling (GAP), and cross-entropy error function. The concepts 
of these basic components are introduced as follows. 

The convolutional layer is the key component that makes a 

ConvNet different from traditional fully connected neural 
networks. The convolutional layer can greatly reduce the 
amount of parameters that need to be trained. This is achieved 
by using convolutions instead of matrix multiplications, in 
which the convolutional kernels in the convolutional layers can 
have much fewer parameters than the transformation matrices 
in the fully connected layers. Further, with fewer trainable 
parameters, it will be less likely for the deep learning methods 
to suffer overfitting, so that it can be easier to yield a relatively 
high accuracy on testing datasets. The convolution between the 
input feature map and a convolutional kernel, which follows by 
adding a bias term, can be expressed by 

 𝑦𝑦𝑗𝑗 = � 𝑥𝑥𝑖𝑖
𝑖𝑖∈𝑀𝑀𝑗𝑗

∗ 𝑘𝑘𝑖𝑖𝑖𝑖 + 𝑏𝑏𝑗𝑗 (1) 

where 𝑥𝑥𝑖𝑖 is the 𝑖𝑖th channel of the input feature map, 𝑦𝑦𝑗𝑗 is the 
𝑗𝑗th channel of the output feature map, 𝑘𝑘 is the convolutional 
kernel, 𝑏𝑏 is the bias, and 𝑀𝑀𝑗𝑗 is a collection of channels that are 
used for calculating the 𝑗𝑗th channel of the output feature map 
[20]. The convolution can be repeated a number of times to 
obtain the output feature map. 

Figure 1 shows the convolution process. As shown in Figs. 
1(a)-(b), the feature map and convolutional kernel are, in fact, 
3-dimensional (3D) tensors. In this study, the 1-dimensional 
(1D) vibration signals are taken as input, so that the height of 
the feature map and convolutional kernel always equals to one. 
As shown in Fig. 1(c), the convolutional kernel slides on the 
input feature map so that a channel of the output feature map 
can be obtained. In each convolutional layer, there is often 
more than one convolutional kernel, so that the output feature 
map can have more than one channel. 

 
Fig. 1. Illustrations of (a) a feature map, (b) a convolutional kernel, and (c) the 
convolution process. 
 

BN is a feature normalizing technique that is inserted into 
deep learning architectures as a trainable process [21]. The 
purpose of BN is to reduce internal covariant shift, in which the 
distribution of features often continuously changes over the 
training iterations. In such a condition, the parameters in the 
convolutional layers have to be continuously updated to adapt 
to the changed distributions, which increases the training 
difficulty. BN normalizes the features to a fixed distribution 
(with an average value of zero and a standard deviation of one) 
in the first step, and then adjusts the features to a desirable 
distribution which is learned in the training process. The 
process of BN is expressed by 
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𝜎𝜎2 =

1
𝑁𝑁batch

� (𝑥𝑥𝑛𝑛 − 𝜇𝜇)2
𝑁𝑁batch

𝑛𝑛=1
 (3) 

 𝑥𝑥�𝑛𝑛 =
𝑥𝑥𝑛𝑛 − 𝜇𝜇
√𝜎𝜎2 + 𝜖𝜖

 (4) 

 𝑦𝑦𝑛𝑛 = 𝛾𝛾𝑥𝑥�𝑛𝑛 + 𝛽𝛽 (5) 
where 𝑥𝑥𝑛𝑛 and 𝑦𝑦𝑛𝑛 represent the input and output features of the 
𝑛𝑛th observation in a mini-batch, respectively. 𝛾𝛾 and 𝛽𝛽 are two 
trainable parameters to scale and shift the distributions. 𝜖𝜖 is a 
constant which is close to zero. 

Activation functions are generally an essential component of 
neural networks and are used for nonlinear transformations. In 
the past decades, a variety of activation functions have been 
developed, including sigmoid, tanh, and ReLU. The ReLU 
activation function has attracted much attention recently 
because it can be effective in preventing gradient vanishing. 
The derivative of the ReLU activation function is either one or 
zero, which is helpful to keep the range of features unchanged 
when flowing among the layers. A ReLU activation function is 
expressed by  

 𝑦𝑦 = max(𝑥𝑥, 0) (6) 
where 𝑥𝑥 and 𝑦𝑦 are the input and output of the ReLU activation 
function, respectively [6]. 

GAP is an operation that calculates a mean value from each 
channel of the feature map [22]. In general, it is used before the 
final output layer. GAP can reduce the number of weights to be 
used in the fully connected output layer, so that it will be less 
likely for the deep neural networks to encounter overfitting. 
GAP can also address the shift variant problem, so that the 
features learned by deep neural networks will not be influenced 
by the changing of locations of faulty impulses. 

Cross-entropy error is often used as the objective function to 
be minimized in multi-class recognition tasks [6]. Compared to 
the conventional squared mean error, cross-entropy error often 
leads to a higher training efficiency because it is less likely for 
the gradient of cross-entropy error, with respect to weights, to 
vanish to zeros. To calculate the cross-entropy error, a softmax 
function has to be applied to enforce the features to the range of 
(0, 1). The softmax function is expressed by 

 
𝑦𝑦𝑗𝑗 =

𝑒𝑒𝑥𝑥𝑗𝑗

∑ 𝑒𝑒𝑥𝑥𝑖𝑖𝑁𝑁class
𝑖𝑖=1

 (7) 

where 𝑥𝑥 and 𝑦𝑦 are the input and output feature maps of the 
softmax function, respectively; 𝑖𝑖 and 𝑗𝑗 are the indexes of the 
neurons at the output layer; and 𝑁𝑁class is the number of classes. 
Here, 𝑦𝑦𝑗𝑗  can be regarded as a predicted probability of an 
observation belonging to the 𝑗𝑗th class. Then, the cross-entropy 
error per observation is expressed by 

 
𝐸𝐸 = −� 𝑡𝑡𝑗𝑗log (𝑦𝑦𝑗𝑗)

𝑁𝑁class

𝑗𝑗=1
 (8) 

where 𝑡𝑡 is the targeted output and 𝑡𝑡𝑗𝑗 is the actual probability of 
an observation belonging to the 𝑗𝑗th class. After calculating the 
cross-entropy error, a gradient descent algorithm can be applied 
to optimize the parameters, and the deep neural networks can be 
fully trained after a number of iterations. 

B. Architecture of the Classical ResNet 
ResNets are a newly emerging deep learning method that 

have attracted much attention in recent years [15]. Residual 
building units (RBUs) are the basic components. As shown in 
Fig. 2(a), an RBU is composed of two BNs, two ReLUs, two 
convolutional layers, and an identity shortcut. The identity 
shortcut is the part that makes a ResNet superior to the general 
ConvNets. The gradients of cross-entropy error are 
back-propagated layer-by-layer in the general ConvNet. With 
the use of identity shortcuts, the gradients can flow effectively 
to the earlier layers, which are close to the input layer, so that 
the parameters can be updated more efficiently. Figures 2(b)-(c) 
show RBUs that result in different sizes of output feature maps. 
The motivation for reducing the width of the output feature map 
is to reduce the calculation amount in the following layers, and 
the motivation for increasing the number of channels of the 
output feature map is to facilitate the integration of different 
features to be discriminative features. Figure 2(d) shows the 
overall architecture of a ResNet, which consists of an input 
layer, a convolutional layer, a number of RBUs, a BN, a ReLU, 
a GAP, and an output fully connected (FC) layer, and is used as 
the baseline to be further improved in this study. 
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2𝐶𝐶 × (0.5𝑊𝑊) × 1 

2𝐶𝐶 × (0.5𝑊𝑊) × 1 

Fig. 2. Three kinds of RBUs, including (a) an RBU in which the output feature map is the same size as the input feature map, (b) an RBU with a stride of 2, in which 
the width of the output feature map is reduced to half of that of the input feature map, and (c) an RBU with a stride of 2 and a doubled number of convolutional 
kernels, in which the number of channels of the output feature map is doubled. (d) The overall architecture of a ResNet. “/2” means to move the convolutional 
kernel with a stride of 2 to reduce the width of the output feature map. C, W, and 1 are the indicators of the number of channels, width, and height of the feature map, 
respectively. K is the number of convolutional kernels in the convolutional layer. 
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C. Design of Fundamental Architectures for DRSNs 
In this subsection, the motivations for developing DRSNs are 

introduced, and the architectures of the two developed DRSNs 
(i.e., DRSN-CS and DRSN-CW) are elaborated in detail. 
1) Theoretical background 

In the past 20 years, soft thresholding has often been used as 
a key step in many signal denoising methods [23],[24]. In 
general, the raw signal is transformed to a domain in which the 
near-zero numbers are unimportant, and then soft thresholding 
is applied to convert the near-zero features to zeros. For 
example, as a classical signal denoising method, wavelet 
thresholding is often composed of three steps: wavelet 
decomposition, soft thresholding, and wavelet reconstruction. 
To ensure a good performance in signal denoising, a key task in 
wavelet thresholding is to design a filter that can transform 
useful information to very positive or negative features, and 
noise information to near-zero features. However, designing 
such a filter requires much expertise on signal processing and 
has always been a challenging issue. Deep learning provides a 
new way to address this issue. Instead of artificially designing 
filters by experts, deep learning enables the filters to be learned 
automatically using a gradient descent algorithm. As a result, 
the integration of soft thresholding and deep learning can be a 
promising way to eliminate noise-related information and 
construct highly discriminative features. The function of soft 
thresholding can be expressed by 

 
𝑦𝑦 = �

𝑥𝑥 − 𝜏𝜏 𝑥𝑥 > 𝜏𝜏
0 −𝜏𝜏 ≤ 𝑥𝑥 ≤ 𝜏𝜏

𝑥𝑥 + 𝜏𝜏 𝑥𝑥 < −𝜏𝜏
 (9) 

where 𝑥𝑥 is the input feature, 𝑦𝑦 is the output feature, and 𝜏𝜏 is the 
threshold, i.e., a positive parameter. Instead of setting the 
negative features to zero in the ReLU activation function, soft 
thresholding sets the near-zero features to zeros, so that useful 
negative features can be preserved. 

The process of soft thresholding is shown in Fig. 3(a). It can 
be observed that the derivative of output on input is either one 
or zero, which is effective in preventing gradient vanishing and 

exploding problems, as shown in Fig. 3(b). The derivative can 
be expressed by 

 𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕

= �
1 𝑥𝑥 > 𝜏𝜏
0 −𝜏𝜏 ≤ 𝑥𝑥 ≤ 𝜏𝜏
1 𝑥𝑥 < −𝜏𝜏

 (10) 

 

 
Fig. 3. Illustration of (a) soft thresholding and (b) its derivative. 
 

In classical signal denoising algorithms, it is often difficult to 
set a proper value to the threshold. Besides, the optimal value 
varies from case to case. Aiming at this problem, the thresholds 
used in the developed DRSNs are automatically determined in 
the deep architectures, in order to avoid the trouble of artificial 
operation. The ways of determining thresholds in the developed 
DRSNs are introduced in the subsequent sections. 
2) Architecture of the Developed DRSN-CS 

The developed DRSN-CS is a variant of ResNet that uses 
soft thresholding to remove noise-related features. Soft 
thresholding is inserted as a nonlinear transformation layer into 
the building unit. Moreover, the value of the threshold can be 
learned in the building unit, which is introduced below. 

As shown in Fig. 4(a), the building unit entitled “residual 
shrinkage building unit with channel-shared thresholds 
(RSBU-CS)” is different from the RBU in Fig. 2(a) in that the 
RSBU-CS has a special module for estimating the threshold to 
be used in soft thresholding. In the special module, GAP is 
applied to the absolute values of the feature map 𝑥𝑥 to get a 1D 
vector. Then, the 1D vector is propagated into a two-layer FC 
network to obtain a scaling parameter, which is similar to [25]. 
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Fig. 4.  (a) A building unit entitled RSBU-CS, (b) an overall architecture of DRSN-CS, (c) a building unit entitled RSBU-CW, and (d) an overall architecture of 
DRSN-CW, where K is the number of convolutional kernels in the convolutional layer; M is the number of neurons in the FC network; and C, W, and 1 in C × W 
× 1 are the indicators of the number of channels, width, and height of the feature map, respectively. 𝑥𝑥, 𝑧𝑧, and 𝛼𝛼 are the indicators of the feature maps to be used 
when determining thresholds. 
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A sigmoid function is then applied at the end of the two-layer 
FC network, so that the scaling parameter is scaled to the range 
of (0, 1), which can be expressed by 

 𝛼𝛼 =
1

1 + 𝑒𝑒−𝑧𝑧
 (11) 

where 𝑧𝑧  is the output of the two-layer FC network in the 
RSBU-CS, and 𝛼𝛼 is the corresponding scaling parameter. After 
that, the scaling parameter 𝛼𝛼 is multiplied by the average value 
of |𝑥𝑥| to get the threshold. This arrangement is motivated by the 
fact the threshold for soft thresholding not only needs to be 
positive, but also cannot be too large. If the threshold is larger 
than the largest absolute value of the feature map, the output of 
soft thresholding will be zeros. In summary, the threshold used 
in the RSBU-CS is expressed by 

 𝜏𝜏 = α ∙ average
𝑖𝑖,𝑗𝑗,𝑐𝑐

�𝑥𝑥𝑖𝑖,𝑗𝑗,𝑐𝑐� (12) 

where 𝜏𝜏 is the threshold and  𝑖𝑖, 𝑗𝑗, and 𝑐𝑐 are the indexes of width, 
height, and channel of the feature map 𝑥𝑥 , respectively. The 
thresholds can be kept in a reasonable range, so that the output 
of soft thresholding will not be all zeros. RSBU-CSs with a 
stride of 2 and a doubled number of channels can be constructed 
similarly to the RBUs in Figs. 2(b)-(c). 

The brief architecture of the developed DRSN-CS is shown 
in Fig. 4(b), which is similar to the classical ResNet in Fig. 2(d). 
The only difference is that the RSBU-CSs are used as the 
building units instead of the RBUs. A number of RSBU-CSs 
are stacked in the DRSN-CS, so that the noise-related features 
can be gradually reduced. Another advantage of the developed 
DRSN-CS is that the thresholds are automatically learned in the 
deep architecture rather than manually set by experts, so that 
professional knowledge of signal processing is not required 
when implementing the developed DRSN-CS. 
3) Architecture of the developed DRSN-CW 

The developed DRSN-CW is another variant of ResNet, and 
is different from the DRSN-CS in that an individual threshold is 
applied to each channel of the feature map, which is introduced 
below. A residual shrinkage building unit with channel-wise 
thresholds (RSBU-CW) is shown in Fig. 4(c). The feature map 
𝑥𝑥 is reduced to a 1D vector using an absolute operation and a 
GAP layer, and then propagated into a two-layer FC network. 
The second layer in the FC network has more than one neuron, 
and the number of neurons is equal to the number of channels of 
the input feature map. The output of the FC network is scaled to 
the range of (0, 1) using 

 𝛼𝛼𝑐𝑐 =
1

1 + 𝑒𝑒−𝑧𝑧𝑐𝑐
 (13) 

where 𝑧𝑧𝑐𝑐  is the feature at the 𝑐𝑐 th neuron, and 𝛼𝛼𝑐𝑐  is the 𝑐𝑐 th 
scaling parameter. After that, the thresholds are calculated by 

 𝜏𝜏𝑐𝑐 = 𝛼𝛼𝑐𝑐 ∙ average
𝑖𝑖,𝑗𝑗

�𝑥𝑥𝑖𝑖,𝑗𝑗,𝑐𝑐� (14) 

where 𝜏𝜏𝑐𝑐 is the threshold for the 𝑐𝑐th channel of the feature map 
and 𝑖𝑖, 𝑗𝑗, and 𝑐𝑐 are the indexes of width, height, and channel of 
the feature map 𝑥𝑥, respectively. Similar to the DRSN-CS, the 
thresholds can be positive and kept in a reasonable range, 
thereby preventing the output features from being all zeros. 

The overall architecture of the developed DRSN-CW is 
shown in Fig. 4(d). A number of RSBU-CWs are stacked so 

that discriminative features can be learned through a variety of 
nonlinear transformations with soft thresholding as shrinkage 
functions to eliminate the noise-related information. 

III. EXPERIMENTAL RESULTS 
The developed DRSNs were implemented using TensorFlow 

1.0, which is a machine learning toolkit released by Google that 
can run on the graphic processing units (GPUs) for acceleration. 
Experiments were conducted on a computer with an i7-6700 
central processing unit and a NVIDIA GeForce GTX 1070 
GPU. The experimental results are discussed in this section. 

A. Experimental Data Collection 
As shown in Fig. 5, a drivetrain diagnostic simulator was 

used for experimental data collection. The simulator was 
mainly composed of a motor, a two-stage planetary gearbox, a 
two-stage fixed-axis gearbox, and a programmable magnetic 
brake. An acceleration sensor was mounted at the input side of 
the planetary gearbox. Vibration signals were collected at a 
sampling frequency of 12800 Hz. As summarized in Table I, 
eight health conditions in the planetary gearbox were 
considered in this study, including one healthy condition, three 
bearing faults, and four gear faults. 

For each health condition, three different rotating speeds (20 
Hz, 30 Hz, and 40 Hz) and three torsional loads (1 lbft, 6 lbft, 
and 18 lbft) were considered in the experiments. Under each 
specific rotating speed and torsional load, 400 observations 
were collected, so that each health condition had 
3 × 3 × 400 = 3600 observations. Each observation was a 
0.16-second signal and had 2048 data points. It is notable that 
such short signals were used to make the fault diagnosis task 
more challenging, in order to validate the efficacy of the 
developed DRSNs. In real applications, long signals with more 
data points can be used. To validate the efficacy of the 
developed DRSNs in diagnosing machine faults with different 
background noise, white Gaussian noise, Laplacian noise, and 
pink noise were added into each signal to yield signal-to-noise 
ratios (SNRs) from 5 dB to –5 dB, respectively. Specifically, 
the noise addition was performed on the raw vibration signals. 
Afterwards, the noised vibration signals were kept unchanged 
during the optimization of deep learning models. It is also 
notable that each noise was generated independently, so that the 
added noises were different for the vibration signals. 

 

 
Fig. 5. Drivetrain diagnostic simulator used for data collection. 
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TABLE I 
SUMMARY OF EIGHT HEALTH STATES OF PLANETARY GEARBOX CONSIDERED 

IN THE EXPERIMENTS 
Category Description Label 

1 No fault in the bearings and gears H 
2 Inner race fault on a rolling bearing F1 
3 Outer race fault on a rolling bearing F2 
4 Ball fault on a rolling bearing F3 
5 Root crack fault on a gear F4 
6 Surface pitting fault on a gear F5 
7 Tooth broken fault on a gear F6 
8 Tooth missing fault on a gear F7 

B. Hyperparameter Setup 
Experiments were conducted under a scheme of 10-fold 

cross-validation. Specifically, the dataset was equally divided 
into 10 subsets; 1 subset was used as the test set, and the other 9 

subsets were used as the training set in each experiment; the 
experiments were repeated 10 times, so that each subset has a 
chance to be used as the test set. Furthermore, the initialization 
and choice of hyperparameters in the developed deep learning 
methods are introduced clearly as follows. 

The architecture-related hyperparameters are used to define 
the structure of the neural networks, including the number of 
layers, the number of convolutional kernels, the size of 
convolutional kernels, and so forth. Because no consensus has 
been reached as to how to set these hyperparameters, this study 
sets them according to the popular recommendations [18]-[20]. 
The architecture-related hyperparameters are summarized in 
Table II. A CBU refers to a convolutional building unit, which 
is different from an RBU in that a CBU does not use the identity 

TABLE II 
ARCHITECTURE-RELATED HYPERPARAMETERS OF THE CONVNET, RESNET, DRSN-CS, AND DRSN-CW IN THE EXPERIMENTS 

Number of components Output size ConvNet ResNet DRSN-CS DRSN-CW 
1 1 × 2048 × 1 Input Input Input Input 
1 4 × 1024 × 1 Conv(4, 3, /2) Conv(4, 3, /2) Conv(4, 3, /2) Conv(4, 3, /2) 
1 4 × 512 × 1 CBU(4, 3, /2) RBU(4, 3, /2) RSBU-CS(4, 3, /2) RSBU-CW(4, 3, /2) 
3 4 × 512 × 1 CBU(4, 3) RBU(4, 3) RSBU-CS(4, 3) RSBU-CW(4, 3) 
1 8 × 256 × 1 CBU(8, 3, /2) RBU(8, 3, /2) RSBU-CS(8, 3, /2) RSBU-CW(8, 3, /2) 
3 8 × 256 × 1 CBU(8, 3) RBU(8, 3) RSBU-CS(8, 3) RSBU-CW(8, 3) 
1 16 × 128 × 1 CBU(16, 3, /2) RBU(16, 3, /2) RSBU-CS(16, 3, /2) RSBU-CW(16, 3, /2) 
3 16 × 128 × 1 CBU(16, 3) RBU(16, 3) RSBU-CS(16, 3) RSBU-CW(16, 3) 
1 16 BN, ReLU, GAP BN, ReLU, GAP BN, ReLU, GAP BN, ReLU, GAP 
1 8 FC FC FC FC 

 

 
Fig. 6. Training and test accuracies of ConvNet, ResNet, DRSN-CS, and DRSN-CW for fault diagnosis with Gaussian noise. 
 

 
Fig. 7. Training and test accuracies of ConvNet, ResNet, DRSN-CS, and DRSN-CW for fault diagnosis with Laplacian noise. 
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shortcut. The first and second numbers in the bracket are the 
number and width of convolutional kernels, respectively. The 
“/2” in some brackets indicates that the width of the feature map 
is reduced by moving the convolutional kernels with a stride of 
2. The output sizes of the feature maps in different layers are 
shown in the second column of Table II, which are either in the 
3D form of channels × width × height or in the 1D form of a 
vector. The 3D feature maps are reduced to 1D vectors after the 
GAP. In the end, the FC output layer has 8 neurons, which 
equals the number of considered classes (i.e., 1 healthy 
condition and 7 faulty conditions). 

The optimization-related hyperparameters are used to define 
the training process. The training rate is 0.1 in the first 40 
epochs, 0.01 in the subsequent 40 epochs, and 0.001 in the final 
20 epochs, so that the parameters can be updated in larger steps 
at the beginning and slighted updated at the end, which follows 
the setup in [20]. Momentum is a training strategy to accelerate 
training using the updates in the previous step. The coefficient 
of the momentum is set to 0.9 following the recommendation in 
[15]. L2 regularization is used to reduce the effect of overfitting 
and yield a higher test accuracy [6]. L2 regularization adds a 
penalty term in the objective function to push the weights 
towards zero. In this way, it is unlikely that the absolute values 
of the weights will be optimized to be very large, and the output 
of the deep neural networks will not change a lot after 
multiplying with the weights when dealing with similar inputs. 
The coefficients of the penalty term are set to 0.0001, which is 
kept the same as classical ResNets [15]. The mini batch refers 
to the group of randomly selected observations that are fed into 
the deep architecture. The time consumption can be reduced 
compared with the condition in which one observation is fed in 
each time. The size of the mini batch is set to 128 in order to be 
consistent with [20]. 

C. Experimental Comparison with the ConvNet and ResNet 
The detailed results of the ConvNet, ResNet, DRSN-CS, and 

DRSN-CW with different types of noise under different SNRs 
are provided in Figs. 6-8. The average accuracies of the results 
in Figs. 6-8 are given in Table III. Further, the accuracies 
without manually added noise are provided in Table IV, and the 
computational time for the model optimization is summarized 
in Table V. 

TABLE III 
AVERAGE ACCURACIES OF THE RESULTS IN FIGS. 6-8 (%) 

Method Training accuracy Test accuracy 
ConvNet 82.06 ± 4.29 77.62 ± 4.22 
ResNet 91.96 ± 1.05 86.25 ± 1.34 

DRSN-CS 93.61 ± 0.98 88.55 ± 1.02 
DRSN-CW 94.84 ± 0.55 89.57 ± 0.87 

 
TABLE IV 

AVERAGE ACCURACIES WITHOUT MANUALLY ADDED NOISE (%) 
Method Training accuracy Test accuracy 

ConvNet 99.79 ± 0.86 96.67 ± 1.60 
ResNet 99.99 ± 0.01 99.54 ± 0.24 

DRSN-CS 100.00 ± 0.01 99.65 ± 0.08 
DRSN-CW 100.00 ± 0.00 99.70 ± 0.16 

 
TABLE V 

COMPUTATIONAL TIME OF THE CONSIDERED METHODS (SECOND) 
Method Time 

ConvNet 961.81 
ResNet 978.04 

DRSN-CS 1585.33 
DRSN-CW 1511.11 

 
A nonlinear unsupervised dimension reduction method, i.e., 

t-distributed stochastic neighbor embedding [26], is then used 
to visualize the high-level features at the final GAP layer in 2D 
spaces. Although the visualization in 2D spaces suffers some 
errors due to the information loss in dimension reduction, the 
purpose of 2D visualization is to provide an intuitive idea of 
whether these high-level features are discriminative or not. As 
shown in Figs. 9(a)-(b), the testing observations under different 
health conditions are highly mixed together in the classical 
ConvNet and ResNet. The observations of some health 
conditions (e.g., F6) are distributed in a few different areas 
because the vibration signals are collected under different 
operating conditions and have different characteristics. The 
ConvNet and ResNet fail to project them into the same area. In 
contrast, as shown in Figs. 9(c)-(d), the observations under the 
same health conditions are mostly grouped in the same area and 
are also basically separable from the observations under the 
other health conditions in the DRSN-CS and DRSN-CW. 

The training and test errors of the considered deep learning 
methods are plotted in Fig. 10. Both the training and test errors 
of the ResNet are obviously lower than the ConvNet, which 
validates that the use of identity shortcuts can facilitate 

 
Fig. 8. Training and test accuracies of ConvNet, ResNet, DRSN-CS, and DRSN-CW for fault diagnosis with pink noise. 
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parameter optimization and result in a more accurate trained 
model. More significantly, there are lower training and test 
errors for the developed DRSN-CS and DRSN-CW than the 
classical ResNet. The reason is that the integration of soft 
thresholding as shrinkage functions in the deep architectures 
can reduce the noise-related features, so that the high-level 
features at the final layer can become more discriminative. 

 

 
Fig. 9. 2D visualizations of high-dimensional features at the final GAP layer of 
testing observations in (a) the ConvNet, (b) the ResNet, (c) the DRSN-CS, and 
(d) the DRSN-CW, when SNR = 5 dB (see Fig. 6). 

 
Fig. 10. Training and test errors obtained from (a) the ConvNet, (b) the ResNet, 
(c) the DRSN-CS, and (d) the DRSN-CW, when SNR = 5dB (see Fig. 6). 

D. Comparison between the DRSN-CS and DRSN-CW 
As indicated in Table III, the developed DRSN-CW yields 

improvements of 1.23% and 1.02% in terms of average training 
and test accuracy, respectively, when compared to the 
DRSN-CS. As shown in Figs. 9(c)-(d), some pairs of health 
conditions (e.g., H and F4, H and F6, F4 and F7) suffer severe 
overlaps in the DRSN-CS, while only one pair of health 
conditions (i.e., H and F6) has a certain level of overlapping in 
the DRSN-CW. In other words, the health conditions in the 
DRSN-CW are more separable than those in the DRSN-CS. 
Moreover, as shown in Figs. 10(c)-(d), the test errors of the 
DRSN-CW are reduced to a level (i.e., around 0.07) which is 
obviously lower than that of DRSN-CS (i.e., around 0.11). 

A direct reason for the higher accuracy of the DRSN-CW 
compared to the DRSN-CS is that different channels of the 
feature maps often contain different amounts of noise-related 
information. Accordingly, the developed DRSN-CW can apply 
different thresholds to shrink the features in different channels 

of the feature map, and is more flexible than the DRSN-CS, in 
which a universal threshold is applied to all the channels of the 
feature map. As a consequence, the developed DRSN-CW can 
be more effective in eliminating noise-related information and 
can yield higher accuracy than the DRSN-CS. 

The computational time of the DRSN-CS and the 
DRSN-CW is summarized in Table V. It can be observed that 
the DRSN-CS takes more time than the DRSN-CW because the 
DRSN-CS has one more calculation step (i.e., an averaging 
operation) than the DRSN-CW in each building unit (see Figs. 
4a and 4c). In the future, the architectures of the DRSN-CS and 
the DRSN-CW should be optimized to reduce their 
computational time. 

IV. CONCLUSIONS 
It is a significant task to improve the feature learning ability 

of deep learning methods when they are applied to machinery 
fault diagnosis tasks with highly noised vibration signals. This 
paper develops two new variants of deep learning methods, i.e., 
a deep residual shrinkage network with channel-shared 
thresholds (DRSN-CS) and a deep residual shrinkage network 
with channel-wise thresholds (DRSN-CW). These methods 
integrate soft thresholding as trainable shrinkage functions 
inserted into the deep architectures to enforce the unimportant 
features to be zeros, so that the learned high-level features can 
become more discriminative. The thresholds are set using 
inserted modules (i.e., specially designed sub-networks), so 
that professional expertise on signal processing is not needed. 

The efficacy of the developed DRSNs in improving 
diagnostic accuracy has been validated through experimental 
comparisons with the conventional deep learning methods. The 
developed DRSN-CS and DRSN-CW not only outperformed 
the classical ConvNet by yielding improvements of 10.93% and 
11.95%, respectively, but also outperformed the classical 
ResNet by yielding improvements of 2.30% and 3.32%, 
respectively, in terms of average test accuracy under various 
types and amounts of artificially inserted noise. As a 
consequence, the integration of soft thresholding as trainable 
shrinkage functions in deep learning methods can effectively 
improve the discriminative feature learning ability from highly 
noised vibration signals. 

The developed DRSN-CW method’s slight improvement in 
performance (1.02%) over DRSN-CS, in terms of the overall 
average test accuracy, is because different channels of a feature 
map often contain different amounts of noise-related features. 
Accordingly, the developed DRSN-CW allows each channel of 
the feature map to have its own threshold, which is more 
flexible than the DRSN-CS, in which all the channels of a 
feature map use the same threshold. As a result, the DRSN-CW 
has a higher feature learning ability and diagnostic performance 
than the DRSN-CS. 

The developed DRSNs are not only applicable to fault 
diagnosis tasks using vibration signals, but also to pattern 
recognition tasks in a variety of fields when dealing with 
various kinds of signals that interfere with noise, such as 
acoustic signals, visual signals, and current signals. 
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