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Abstract— Traditional intelligent fault diagnosis assumes that the 
training and testing samples are drawn from the same 
distribution. This assumption does not hold when working 
condition changes, as variable working condition can make the 
training and the testing datasets have different distributions. A 
novel working condition might be encountered in the testing stage, 
and there will be no label available under that novel working 
condition. This paper studies domain adaptation for gear crack 
level diagnosis under variable loading. A new two-stage fault 
diagnostic method for variable load condition is developed based 
on adversarial training strategy and gradient reversal layer. Both 
labeled and unlabeled data are utilized to learn best model for the 
novel load condition. An experimental case study is carried out to 
demonstrate the effectiveness of the proposed method.  

Keywords-deep learning; transfer learning; domain adaptation; 
intelligent fault diagnosis; gear crack 

I.  INTRODUCTION 

Gear tooth crack detection and assessment is very important 
for reliable operation of wind turbines. Recently, big data and 
intelligent models, such as support vector machine (SVM) and 
deep neural networks, are being extensively used to detect gear 
tooth crack. However, lack of labeled data and working 
condition changes (e.g. speed and load changes) are two key 
challenges in fault diagnosis of wind turbines.  

Most intelligent models need labeled data as they need to be 
trained via supervised learning. For field wind turbines, it could 
be expensive or prohibitive to obtain labeled data for training. 
That is, we need to develop a way to train our intelligent models 
with unlabeled data. In lab experimental settings, we can obtain 
large amount of labeled data when the wind turbines are being 
tested for certain working conditions. However, only unlabeled 
data will be available when the wind turbines are put into 
operation. Its working condition will also be different from the 
experiment setting when exposed to natural wind. The problem 
we are focusing on in this paper is, given labeled data from some 
certain working conditions and unlabeled data from another 

working condition, how can we train a good intelligent model to 
perform well in that unlabeled working condition.  

Transfer learning is one of the most promising technology 
for unlabeled fault diagnostic problems [11]. By regarding each 
working condition as a domain, we can fit the problem stated 
above into an unsupervised domain adaptation (a subset of 
transfer learning) framework. Unsupervised domain adaptation 
is to learn best deep neural network using a labeled source 
dataset (drawn from source domain) and an unlabeled target 
dataset (drawn from target domain). The model will be trained 
towards a good performance on a test dataset drawn from the 
target domain. In the context of machine fault diagnosis, we can 
expect the trained model to perform well when operating in a 
novel working condition that has only unlabeled data.  

Several unsupervised domain adaptation methods have been 
developed for fault diagnostic problems. For example, Lu et al. 
[1] developed a Domain Adaptation for Fault Diagnosis (DAFD) 
model. This model is tested by both bearing fault diagnostic case 
and gearbox fault diagnostic case with load and speed changes, 
respectively. Han et al. [2] proposed a deep transfer network 
(DTN) that can adaptively diagnose wind turbine faults under 
wind speed changes. A more detailed literature review with 
discussions on different domain adaptation methods will be 
given in Section II.  

This paper presents a gear crack level classification method 
based on deep neural networks and unsupervised domain 
adaptation. Training and testing data will be collected from two 
different load conditions. A load condition with labeled data 
available will be used as the source domain and another load 
condition with unlabeled data will be regarded as the target 
domain. To adapt these two domains, corresponding to the two 
load conditions, a two-stage training algorithm of neural 
networks will be studied and applied to solve a gear crack level 
classification task.  

The remaining parts of this paper are organized as follows: 
Section II reviews reported literatures about domain adaptation 
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methods for machine fault diagnosis; Section III gives 
background knowledge domain adaptation and supervised 
training of neural networks; Section IV describes our crack level 
classification method; Section V presents a case study of gear 
crack level classification to demonstrate the effectiveness of the 
crack level classification method; Section VI concludes this 
paper. 

II. RELATED WORKS 

Existing domain adaption methods fall into three types: 
sample processing, discrepancy based regularization, and 
adversarial training. Sample processing is to process the data 
samples before feeding them into an intelligent model. Typical 
methods are normalization and signal processing. The goal is to 
reduce the difference between the source and the target domain 
on the sample level. For examples, Zhang et al. [3] proposed to 
use the mean and variance of target domain data to normalize 
source domain data. This method is effective as their trained 
models have good performance under load changes. Wei et al. 
[4] rescaled the amplitudes of vibrational data based on the 
corresponding rotating speed curve, so that the impact of rotating 
speed change can be reduced. Regarding rotating speed changes, 
Rao and Zuo [5] proposed to use order spectrum instead of raw 
vibration signals as the input of deep neural networks. Adapting 
domains via sample processing can be effective but is highly 
dependent on the analyst’s expert knowledge. The idea is similar 
to the traditional signal processing and shallow neural network 
pipeline (such as [6]). Its effectiveness relies on expert 
knowledge and has no guarantee when applied to other cases.  

Discrepancy based regularization is one of the most popular 
ways of domain adaptation. This is done by minimizing the 
empirical risk of misclassifying source domain samples and the 
distributional discrepancy between the source and the target 
domains at the same time. A typical measure of this 
distributional discrepancy is Maximum Mean Discrepancy [7]. 
Discrepancy based regularization has been reported to be 
effective for both load changes and speed changes [1], [2], [8]–
[10]. The success of this method largely depends on the design 
of network structure and the selection of hyper-parameters. If the 
network structure is poorly designed, the discrepancy of the 
features may fail to truly indicate the distributional difference 
between the source and the target. In addition, the added 
regularization term will change the convergence of the objective 
function. If the trade-off parameter is not optimized, we may not 
be able to train the network to converge, or the regularization 
term could fail to serve its purpose.  

Adversarial training is very promising for domain 
adaptation. It has less hyper parameters to be tuned or structures 
to be designed, compared to the above two categories. A domain 
discriminator is introduced to recognize whether the input is 
from the source or the target domain and it will be trained against 
to the health condition classifier [11]. Fault discriminative but 
working condition invariant features can be learned this way. 
Successful applications of adversarial training for fault diagnosis 
are [11]–[15]. More explanations on adversarial training will be 
presented in Section III.B.   

III. PRELIMINEARIES 

A. Domain adaptation 

For fault classification, two different working conditions 
may be considered as two different domains. The domain with 
labels for corresponding health conditions is called the source 
domain ܵ and the one without label is the target domain ܶ. From 
the source domain, we can draw a labeled source dataset ߯௦ =൛(ݔௌଵ, ,(ௌଵݕ ,ௌଶݔ) ,(ௌଶݕ … , ,ௌெݔ) ௌಾݔ ௌெ)ൟ, whereݕ  stands for a 
data sample, ݕௌಾ  is its corresponding label, and ܯ is the number 
of source samples. An unlabeled target dataset with ܰ  labels ்߯ = ൛்ݔଵ, ,ଶ்ݔ … ,  .ேൟ can be drawn from the target domain்ݔ
When the training and testing samples are from different 
domains, their distributions will be different. This problem 
challenges the performance of traditional machine learning 
algorithms that assume an identical distribution for both the 
training and testing dataset. Domain adaptation is to learn best 
model in terms of target domain test accuracy, given ߯ௌ and ்߯ . 
General approach of domain adaptation is to find good 
representations (features) for the input samples. The 
representations should be domain-invariant and have necessary 
information for fault classification. Training neural networks to 
get such domain-invariant features can be called as domain 
adaptive training.  

B. Supervised learning of Neural Networks 

For classification tasks, typical neural networks will have 
two parts: feature extractor 	ℱ  and classifier ࣝ . The feature 
extractor transforms an input sample into a feature vector and 
then the classifier tries to recognize its corresponding label based 
on that feature vector. Conventional supervised training of 
neural networks is to minimize its classification error ℒࣝ on the 
labeled training dataset. The optimization parameters are the 
weights and biases of the feature extractor and the classifier. This 
optimization can be formulated as follow: minࣝ,ℱ ℒࣝ             (1) 

where ℒࣝ  is the classification error of classifier ࣝ , which is 
measured by cross entropy function (see Eq. (2) in Section IV.A).  

IV. METHOD 

In this study, we propose a two-stage domain adaptation 
method based on deep convolutional neural networks and 
adversarial training. The domain adaptation method uses a 
source-labeled dataset and a target-unlabeled dataset as the 
inputs, and the output is a deep convolutional neural network 
that maps vibration signals into corresponding health conditions 
(e.g. gear tooth crack level). In the following part of this section, 
we will first introduce our neural network structure and then 
explain the used adversarial training algorithm.  

A. Neural Network structure 

In this paper, we use a one-dimensional convolutional neural 
network (1DCNN) and our network structure is shown in Figure 
1. In Figure 1, the types and parameters of each layer are marked. 
Convolutional layers are marked with ‘Conv.’ and the size of its 
convolutional kernels. Pooling layers are denoted with its ratios 
of downsampling. The flattening layer (marked with ‘Flatten’) 
is to convert its input which consists of tensors of arbitrary order 
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into one-dimensional vectors . FC stands for fully connected 
layer and ‘->500’ means its output vector is sized at 500×1.  

The key parameters of the 1DCNN include the number of 
convolution layers, the size of the convolutional kernels, the 
downsampling ratio of the pooling layers, the number of 
convolutional kernels in each layer, the number of FC layers, 
and the output size of each FC layer. For the number of 
convolution layers, the size of convolutional kernels, and the 
downsampling ratio of the pooling layers, we follow the very 
first designed two-dimensional convolutional neural network 
[22] and convert it to one-dimensional. That is, two 
convolutional layers are used; the size of the convolutional 
kernels is 25ൈ1 (converted from 5ൈ5); the downsampling ratio 
of the pooling layers is 1/4. For the number of convolutional 
kernels, we follow the rule of thumb [11], [22] to increase this 
number with the depth of layer. We use 20 kernels in the first 
convolutional layer and 50 kernels in the second. For simplicity, 
a single FC layer is used in the feature extractor. It reduces the 
number of features from 2800 to 500. The 500 extracted features 
will then be sent into the domain discriminator and the classifier. 
In the domain discriminator, a FC layer is used to map the 
extracted features into a score vector with two elements for the 
two domains, while in the classifier, another FC will map the 
features into a score vector for each class. The output class label 
or domain tag will be the one that corresponds to the highest 
score in these two vectors. During training, cross entropy loss is 
used and it is calculated as [19]:  

 ℒ = െ∑ log ௘௫௣(௦ሾ௬ሿ)∑ ௘௫௣(௦ሾ௜ሿ)೔(௫,௬)∈ఞೞ  (2) 

where ݔ stands for a sample, ݕ is the index of its corresponding 
class or domain, and vector ݏ is the score vector of ࣝ or ࣞ.  

Note that the domain discriminator will only be used for 
adversarial training, but not traditional supervised training. Once 
the training is completed, only the feature extractor and classifier 
will be saved.  

B. Two-stage domain adaptation 

Traditional methods only have one supervised training stage 
that use source-labeled data only. It is done by solving the 
optimization problem in Eq. (1). Example fault diagnostic 
methods that are based on supervised learning include [20], [21], 
and [5].  

 

 
Fig. 1. Structure of the used neural network 

 

The training process in this paper has two stages, i.e. pre-
training (identical to the supervised training stage in traditional 
methods) and domain adaptive training. Figure 2 shows the 
schematic diagram of the traditional method and the two-stage 
domain adaptation in this paper. Firstly, the pre-training is to use 
a source-labeled dataset to train the feature extractor ℱ and the 
classifier ࣝ via supervised learning algorithm. Then, the domain 
adaptive training starts with the pre-trained feature extractor, the 
pre-trained classifier, and a newly initialized domain 
discriminator ࣞ. Both the source-labeled dataset and the target-
unlabeled domain dataset will be used.  

 
Fig. 2. Shematic diagram of the proposed two-stage domain adaptation 

 

Adversarial training strategy[16] will be used in the domain 
adaptive training stage. A domain discriminator ࣞ  will be 
trained to determine whether a sample is from the source or the 
target domain. Instead of training the domain discriminator to be 
as accurate as possible, it is expected to fail to discriminate the 
features from the two domains. The key is to train good feature 
extractor that can extract fault-sensitive but domain-invariant 
features. It can be done by solving a minimax optimization that 
minimizing the error of the classifier ࣝ and maximizing the error 
of the domain discriminator simultaneously. Further, by 
introducing a gradient reversal layer[17],  this minimax 
optimization can be solved as a simple minimization as follows:  

 minࣝ,ࣞ,ℱ ℒࣝ െ ℒࣞ (3) 

where ℒࣞ is the error term for domain discriminator ࣞ, and it is 
measured by cross entropy function (see Eq. (2) in Section 
IV.A).  

The gradient reversal layer will be added in between the 
domain discriminator and the feature extractor during the 
domain adaptive training stage. It forwards the extracted features 
and reverses the sign of the backpropagated gradient from the 
domain discriminator. The mathematical formulation of forward 
calculation and backpropagation process in gradient reversal 
layer can be expressed as [17]: 

(ݖ)ܴ  =  (4) ݖ

 ௗோ(௭)ௗ௭ = െ(5) ܫ 

where ݖ is the input vector with dimension n, ܴ(ݖ) is the output 
vector with dimension n, and ܫ is an ݊ ൈ ݊ identity matrix. Once 
the training is completed, the domain discriminator and the 
gradient reversal layer will be discarded. Only the feature 
extractor and the classifier will be saved for testing. 

To summarize this two-stage domain adaptation method, a 
convolutional neural network with the structure presented in 
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Section IV.A will be trained via the two-stage training explained 
in Section IV.B. Two datasets, one with label and the other has 
only unlabeled data, collected from two different loading 
conditions will be used for training. In the following section, a 
case study of gear crack level classification, under variable 
loading condition, will be presented to verify the effectiveness 
of this method.  

V. EXPERIMENT 

A gear crack level diagnostic case study is carried out to 
verify the effectiveness of our method. The task is to correctly 
map vibration signals into their corresponding gear crack levels, 
considering load changes. 

The lab experiments were carried out in between September 
2017 and June 2018, at the University of Alberta. The studied 
test rig is shown in Figure 3(a). Five different levels of crack 
were seeded in the objective gear shown in Figure 3(b). For 
parameters of the test rig and descriptions of the seeded cracks, 
please refer to [18]. We use the vibration signals from sensor 2, 
shown in Figure 3(c), in this study. The rotating speed of the 
drive motor was fixed at 10Hz, and the sampling frequency of 
data acquisition was set as 25600Hz. Two load conditions, Low 
for 3% and High for 8% of the rated load [18], are considered as 
the two domains to adapt. When one of these two domains is 
used as the source domain, the other one will be the target 
domain. The collected signals will first be downsampled to 

12800Hz and then be sliced into signal segments (input data of 
our neural network) sized at 1024x1. For each load condition, 
each crack level, 1125 and 375 numbers of segments are used 
for training and testing, respectively.  

As discussed in Section IV, we compare the traditional 
method and the two-stage domain adaptation shown in Figure 2. 
The neural network drawn in Figure 1 will first be pre-trained 
with the labeled source dataset, and then adaptively trained with 
both source-labeled samples and target-unlabeled samples. For 
pre-training, the learning rate is 0.0001, batch size is 50, and 
number of epochs is 30. For domain adaptive training, the 
learning rate is 0.00001, batch size is 50, and number of epochs 
is 24. The learning rate during domain adaptive training will be 
halved every 6 epochs to avoid overfitting.  

For the two compared methods and the two source-target 
pairs, the target domain test accuracies are shown in Table I. 
Also, CPU times (PowerEdge R730 Server at the University of 
Alberta, with 2 Intel Xeon E5-2630 v3 CPU cards) of the two 
methods are listed. In Table I, ‘Low-High’ means that Low (3%) 
load is the source domain and High (8%) load is the target 
domain, and ‘High-Low’ means High is the source and Low is 
the target. For each column, the displayed accuracies of our 
proposed method are the averages of 10 repeated runs, and all 
these runs start from the same pre-trained model, which gives 
the test accuracies of the traditional method. 

 

 
 

Fig. 3. Experiment setup: (a) gearbox test rig, (b) schematic of the 2nd stage speed-up gearbox, (c) four sensor locations [18]. 
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TABLE I.  TEST ACCURACIES UNDER LOAD CHANGES 

Method L-H H-L 
CPU 
time 

Number of 
parameters 

Pre-training 0.7489 0.7231 527.35s 1,429,076 

Two-stage domain 
adaptation 

0.7618 0.7726 1,074.03s 1,430,078 

 

From Table I we can see that the proposed two-stage 
domain adaptation method is effective as higher test 
accuracies can be obtained comparing to pre-training. The 
testing accuracy of the case when the source is Low and the 
target is High, i.e. Low-High, has increased from 0.7489 to 
0.7618 (0.0129 increased). The accuracy of High-Low case 
has a larger increment (0.0495) comparing to Low-High. This 
indicates that, for our neural network, to diagnose gear crack 
level when the higher load condition is the target can be harder 
than to diagnose when the lower load condition is the target 
domain. For the tasks without load change, i.e. High-High and 
Low-Low, the testing accuracies of our model are 0.8524 and 
0.8129, respectively. This also support that higher loading can 
make the diagnosis harder.  

It is important to visualize how the neural network had 
learnt to classify crack levels. In fact, applying a convolutional 
layer to an input signal is to apply different filters on that 
signal to obtain different filtered output signals. We follow 
[23] to visualize the filters in the first convolutional layer 
learned for the Low-High case (Figure 4). From Figure 4, we 
can see that the convolutional neural network had learned to 
formulate many band-pass filters (e.g. row #2, column #3, #4, 
and #5) and also a few low-pass filters (e.g. row #4, column 
#3 and #5) for this crack level identification task.  

 

 
Figure 4. Amplitude spectrums of the learned 1st layer convolutional filters 

for the Low-High task 

Trade-offs behind the higher accuracies of our two-stage 
method include the cost of CPU time and memory for training. 
Traditional method (pre-training) only needs 527.35 seconds 
for 30 epochs of parameter (weights and biases) updating, 
while additional 546.68 seconds are needed for 24 epochs of 

adversarial training. During domain adaptive training, larger 
memory is needed for additional 1002 parameters (1000 
weights and 2 biases) and their gradients from the domain 
discriminator. Nevertheless, the time and memory for 
classifying a sample are the same for both methods as their 
output neural networks have identical structures. The time cost 
for the adaptive training is not an issue in real applications. In 
practice, traditional models can be put online first. Once there 
are new unlabeled data coming in, we can carry on the training 
off-line, and then upgrade the online model. The efficiency of 
establishing useful traditional models will not be affected by 
the prolonged training time.  

VI. CONCLUSION 

This study presents a two-stage domain adaptation method 
based on adversarial training. The results show that this 
method can effectively boost the diagnostic performance of 
neural networks under load changes. Evidence also show that 
the diagnostic performance of neural networks is susceptible 
to certain load conditions. Higher loading may lead to worse 
diagnostic performance than lower loadings.  

The limitation of this work includes that the proposed 
method does not work when the source and the target have 
different fault levels. Besides, this method is based on a large 
amount of data. Its performance is not tested when the number 
of training samples are insufficient.  

To further improve the adaptability of intelligent 
diagnostic models, relationships between different fault levels 
can be considered. For example, level 3 crack can be identified 
if a neural network is given the data of level 2 and level 4 
cracks and designed to learn features that describe crack 
progressions.  In addition, data augmentation methods can be 
developed to address the issues of insufficient data. The 
design of the neural network structure is also worth further 
investigations.  
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