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Abstract. In response to the difficulty of fault diagnosis of gearbox under time-varying speed 
conditions, this paper presents a novel approach for diagnosing gearbox faults in time-varying 
speed, utilizing an improved gate recurrent unit (GRU), which adds attention gate mechanism and 
cyclic dropout learning strategies on the basis of the GRU, and constructs a new model named as 
gated recurrent dropout attention unit (GRDAU). By introducing attention gate mechanism to 
realize allocating weights dynamically, focusing on key features, and enhancing GRU’s ability to 
capture important information. In addition, the designed cyclic dropout learning strategy reduces 
excessive dependence on specific hidden states by randomly discarding some hidden state 
information. Finally, the robustness and excellent interference suppression ability of the proposed 
method were verified through case analysis of a gearbox under time-varying speed, and the 
diagnostic accuracy of the method is as high as 99.78 %. Comparative experiments were 
conducted to validate its superior performance and stronger generalization ability compared to 
existing advanced diagnostic methods. 
Keywords: time-varying speed, attention gate mechanism, cyclic dropout learning strategy, 
GRDAU, gearbox. 

1. Introduction 

As a crucial component of mechanical transmission systems, gearboxes are widely used in 
various fields such as industrial automation, aerospace, automotive manufacturing, and mining 
[1, 2]. Its main function is to transmit power and adjust speed, and the operational stability and 
reliability of the gearbox directly affect the performance of the entire mechanical system. With 
the increasing demand for equipment operation efficiency and reliability in modern industry, 
timely fault diagnosis and predictive maintenance of gearboxes have become a popular research 
topic [3, 4]. 

Due to the influence of speed changes, the collected signals will exhibit extremely strong non-
stationary characteristics, which makes it difficult for traditional signal processing and feature 
extraction methods to extract effective fault features from them [5]. To effectively tackle this 
challenge, advanced professional processing techniques being fit for non-stationary signals must 
be adopted. Several frequently employed techniques for dealing with fluctuating rotational speeds 
encompass order tracking algorithms [6], algorithms for analyzing time - frequency characteristics 
[7], deep learning [8], and so on. Among them, the order tracking algorithm converts vibration 
signals into angular domain signals for spectral analysis, and extracts key rotational frequency 
information. Even with changes in rotational speed, this algorithm can track and identify vibration 
components of different orders accurately. Li et al. proposed an order autocorrelation tracking 
algorithm, which effectively highlights the fault information buried in the speed variation by 
improving the speed signal acquisition, fault signal acquisition, and angular domain resampling 
methods, that is, only the speed signal is needed to achieve fault diagnosis [9]. Lin et al. proposed 
a data augmentation algorithm based on order tracking, which utilizes the angular domain 
invariance of order tracking to generate analog signals through time-domain resampling, in order 
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to solve the related problems of time-varying speed [10]. However, this type of method relies 
heavily on expert experience, which limits its application scope. 

The time-frequency analysis approach is capable of conducting self-adjusting time-frequency 
decomposition according to the local time - variant features of the signal. By removing the 
influence of subjective factors, it can achieve an exceptionally high level of time-frequency 
resolution, which is very suitable for analyzing non-stationary signals. Xing et al. proposed a 
filtering Wigner Wiley distribution (WVD) time delay estimation method that significantly 
improves analysis accuracy while maintaining high time-frequency resolution [11]. Wang et al. 
enhanced time-frequency features through image processing methods such as grayscale, Roberts 
edge detection, and Hough transform, and accurately identified time-frequency ridges at different 
rotational speeds [12]. Reference [13] proposed an engine operating state discrimination method 
based on time-frequency feature statistical analysis and Euclidean distance metrics. However, this 
type of method has high complexity and is easily affected by external interference signals, and 
there are strong subjective factors in practical applications. 

In summary, manual operations and expert experience are frequently the cornerstones of order 
tracking and time-frequency analysis algorithms. However, when confronted with complex time-
varying signals, this approach may introduce bias and result in inconsistent performance. 
Therefore, deep learning and transfer learning techniques, which are capable of end-to-end 
learning, are increasingly substituting the above two mentioned traditional methods. The study 
presented a method for identifying the reliability state of diesel engines by utilizing artificial neural 
networks (ANNs) [14]. Zhu Peng et al. proposed a rolling bearing fault diagnosis method using 
residual attention mechanism and domain adaptive unsupervised transfer learning, which achieved 
an average recognition accuracy of over 93 % under time-varying speeds [15]. Shao et al. 
developed a dual - threshold attention generative adversarial network for generating high-quality 
infrared thermal imaging pictures, which aimed to resolve the small-sample fault diagnosis 
problem in rotor bearing systems operating at time - varying rotational speeds [16]. However, due 
to the extremely unstable signals caused by large speed fluctuations, fault diagnosis of 
time-varying speed gearboxes based on deep learning faces greater challenges. To address this 
complex issue, this paper proposes a time-varying speed gearbox fault diagnosis method based on 
GRDAU. The GRADU effectively captures the changing patterns of signals by deeply exploring 
potential sensitive features in time-varying signals, thereby achieving higher diagnostic accuracy. 
This article makes the following key contributions: 

1) A thorough end-to-end gearbox fault diagnosis network called GRDAU is proposed, which 
innovatively incorporates attention gate mechanism and loop dropout strategy into the traditional 
GRU architecture. 

2) The designed attention gate mechanism can automatically focus on the key features in the 
gearbox vibration signal under time-varying speed conditions, effectively improving the accuracy 
of feature extraction. Meanwhile, the introduction of cyclic dropout learning strategy has shown 
excellent performance in preventing overfitting and enhancing model generalization ability, 
significantly improving the stability and reliability of fault diagnosis network. 

3) The proposed method will be compared and analyzed with advanced methods for handling 
time-varying speeds. Through comprehensive experiments and rigorous evaluations, the 
superiority of the proposed network in fault diagnosis accuracy has been verified. 

The paper is organized as follows: Sections 2 and 3 focus on the theoretical framework of 
GRDAU, presenting the flowchart of the proposed method and conducting a case study. 
Furthermore, Section 3 contains a comparative analysis, and Section 4 offers the final conclusions. 

2. The basic theories and flow chart of the proposed method 

2.1. GRDAU 

GRU is a variant of Recurrent Neural Network (RNN) that utilizes gating mechanisms to 
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accurately screen and selectively remember information. Compared to traditional RNNs, GRU 
has a simpler and more efficient design, faster computation speed, and significant performance in 
processing long sequence data. By precisely controlling the update and reset gates, GRU can 
capture long-range dependencies and avoid gradient vanishing or explosion problems. However, 
GRU may have limited performance in long-term memory tasks, and gating mechanisms can 
sometimes be difficult to accurately select information, affecting the accuracy and generalization 
ability of the model. Therefore, in order to further enhance the performance and applicability of 
GRU, a novel GRDAU is proposed. By introducing attention gate mechanism and loop dropout 
learning strategies into GRU, GRDAU can more effectively capture important information in 
input data and significantly enhance the memory and generalization abilities of GRU models. The 
detailed calculation is as follows: 𝑥௧ = 𝑅𝐷ሺ𝑖𝑛𝑝𝑢𝑡ሻ, (1)ℎ௧ିଵ = 𝑅𝐷ሺ𝑡 − 1ሻ, (2)𝑟௧ = 𝜎ሺ𝑈௥𝑥௧ + 𝑊௥ℎ௧ିଵ + 𝑏௥ሻ, (3)𝑧௧ = 𝜎ሺ𝑈௭𝑥௧ + 𝑊௭ℎ௧ିଵ + 𝑏௭ሻ, (4)ℎ௧෩ = tanhሺ𝑈௛𝑥௧ + 𝑊௛ሺ𝑟௧ ⊙ ℎ௧ିଵሻ + 𝑏௛ሻ, (5)𝑠ሺ𝑥௧ ,ℎ௧ିଵሻ = 𝑉் tanhሺ𝑊௦𝑥௧ + 𝑈௦ℎ௧ିଵሻ, (6)𝛼௧ = 𝐸𝐿𝑈൫𝑠ሺ𝑥௧ ,ℎ௧ିଵሻ൯, (7)ℎ௧෡ = tanh൫𝛼௧ ⊙ ሺ𝑊௛෡𝑥௧ + 𝑈௛෡ℎ௧ିଵሻ൯, (8)ℎ௧ = 𝑅𝐷ቌሺ1 − 𝑧௧ሻ⊙ ℎ௧ିଵ + ൫𝑧௧ ⊙ ℎ௧෩ ൯2 + ൫𝑧௧ ⊙ ℎ௧෡ ൯2 ቍ. (9)

In the above equations, RD represents performing Recurrent Dropout on the input data. 𝑥௧ 
represents the obtained data after RD. ℎ௧ିଵ represents the hidden state at the instant 𝑡 − 1, and 
then perform RD on ℎ௧ିଵ. 𝜎 and tanh refers to the sigmoid function and the hyperbolic tangent 
function. 𝑟௧ and 𝑧௧ represents the output of the reset gate and update gate respectively. 𝑈ோ, 𝑊ோ, 𝑈௓, 𝑊௓, 𝑈ு and 𝑊ு are weight matrices, 𝑏௥, 𝑏௭ and 𝑏௛ are bias matrices. ℎ௧ represents the 
temporary hidden state at instantaneous time 𝑡. ⊙ represents dot product. Among them, 𝑠ሺ𝑥௧ ,𝑞ሻ 
is the attention rating function, where 𝑉 is the additive parameter on the attention mechanism, 𝑊௦ 
and 𝑈௦ is the weight matrix related to the rating function, 𝑊௛෡ and 𝑈௛෡ is the weight matrix related 
to the output of ℎ௧෡ , and 𝛼௧ represents the attention distribution vector. 

From the above formulas, it can be seen that the hidden state contains richer and more valuable 
information. Through the operation, more representative features can be highlighted, thereby 
improving the representation ability of the model. Therefore, in the face of various interferences 
and insufficient training samples, the GRDAU network can still demonstrate good feature 
extraction ability. 

Learning rate is an important hyperparameter in the training of deep learning network. As an 
adaptive method, cyclic learning rate can improve the classification performance of neural 
networks in strong noise environments. Compared to adaptive learning rates, this method has less 
computational complexity and is easier to implement. It is not simply reducing the learning rate, 
but by setting reasonable boundary values, allowing the learning rate to cyclically vary throughout 
the entire network training. This method fundamentally eliminates the scheduling requirement for 
the optimal global learning rate and can further improve classification accuracy without the need 
for tuning during model training. Inspired by reference [19], this paper integrates a new learning 
strategy in GRDAU, namely the global cyclic learning strategy, which improves on the periodic 
learning rate and retains global optimization to integrate with the designed network. In order to 
make the learning rate more flexible, the principle of linear scaling index is adopted to make the 
learning rate no longer a fixed value. That is, the designed cycle length is defined as 2Δ𝑇. The 
learning rate of the previous Δ𝑇 step is defined as a linear increase stage, and the learning rate of 
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the subsequent Δ𝑇 step is defined as a linear decrease stage. Therefore, the number of cycles 𝑚 in 
the 𝑁th iteration is as following: 𝑚 = ඌ1 + 𝑁2Δ𝑇ඐ, (10)

in which ⌊ ⌋ refers to rounding down the number of cycles, and the learning rate after the 𝑁th 
iteration is as following: 

𝛼௧ = 𝛼௠௜௡௠൭ఈ೘ೌೣ೘೘೔೙೘ ሺ୫ୟ୶ሺ଴,ଵି௕ሻሻ൱, (11)

in which 𝛼௠௔௫௠  and 𝛼௠௜௡௠  refer to the maximum and minimum values of the learning rate in the 𝑚th cycle, and they can be decreased with the increasing of 𝑚. 𝑏 ∈ ሾ0,1ሿ could be calculated by 
using the following equation: 𝑏 = ฬ 𝑁Δ𝑇 − 2𝑚 + 1ฬ. (12)

In order to better adapt to the network model, the learning rate is reset to a pre-set value after 
a certain interval of iterations during the training iteration process in the global cyclic learning 
strategy. The learning rate after the 𝑁th iteration is as following: 

𝛼௧ = 𝛼௠௜௡௠൭ఈ೘ೌೣ೘೘೔೙೘ ሺ୫ୟ୶ሺ଴,ଵି௕ሻሻ൱. (13)

Based on the initial value set, the learning rate of the model will gradually decrease during the 
training process. Fig. 1 shows the changes in conventional learning rate and global cyclic learning 
rate. This change is undoubtedly beneficial as it enables the model to adapt to time-varying speeds, 
thereby improving classification accuracy. 

 
Fig. 1. Comparison of different learning rate mechanisms 

In summary, the designed GRDAU network structure is shown in Fig. 2 by introducing 
attention gate mechanism and cyclic dropout learning strategies into traditional GRU models. It 
can be observed that the model can selectively receive and utilize input features at the current time 
when data passes through the input gate. By dynamically adjusting the update gate, the model can 
retain or update its hidden state as needed at different times to adapt to the information changes 



FAULT DIAGNOSIS OF TIME-VARYING SPEED GEARBOX BASED ON GATED RECURRENT DROPOUT ATTENTION UNIT.  
ZHENHU WANG, CHAOZHONG LIU 

982 ISSN PRINT 1392-8716, ISSN ONLINE 2538-8460  

caused by time-varying speeds. The role of the reset gate is to govern the influence exerted by the 
hidden state information from the prior time instant on the candidate hidden states at the present 
time instant. The designed attention gate aims to enable the model to focus on the key parts of 
network feature extraction, improving computational efficiency. The RD operation is applied to 
multiple positions such as input, output, and hidden states, which improves the generalization 
ability of the model. RD randomly discards some input features during the input stage, so that the 
model does not overly rely on certain specific input features, enhancing the robustness of the 
model to changes in input features. RD randomly discards some output information during the 
output stage to avoid excessive fitting of the model to the training dataset and enhance its 
performance generalization on novel test data. RD introduces random dropout in the update 
process of implicit states to avoid the model's excessive dependence on historical state information 
and promote the model to effectively update and utilize new information at each time step. In 
addition, exponential linear units (ELUs) are introduced in GRU to replace the traditional 
activation function as a non-linear mapping of the attention gate after the information flow passes 
through the update gate and reset gate, obtaining a stronger non-linear expression to alleviate the 
gradient vanishing problem. Through the design of the above structure and strategy, the GRDAU 
network can effectively extract fault features from gearbox vibration signals under time-varying 
speed conditions, improving the accuracy and stability of fault diagnosis. 

 
Fig. 2. The structure of the GRDAU network 

2.2. Flow chart of the proposed method 

The specific diagnostic process as depicted in Fig.3, which involves the steps as below: 
1) The vibration signal of gears under variable speed conditions was obtained through the data 

collection device, and a dataset suitable for network input was established. 
2) The designed GRDAU neural network randomly divides the dataset into training set and 

testing set in the network. 
3) A novel learning strategy is integrated into the GRDAU neural network to improve the 

efficiency of network learning. 
4) The training set is input into the GRDAU model and subjected to preliminary feature 

extraction through convolutional layers, effectively suppressing changes in rotational speed. Then, 
through the GRDAU network, deeper level potential sensitive feature extraction is achieved, 
further enhancing the understanding of data and capturing potential patterns. 

5) Use the test set to perform fault diagnosis on the trained model, and use SoftMax to obtain 
the fault classification results. 
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Fig. 3. Flow chart of the proposed method 

3. Case analysis 

3.1. Dataset description 

The dataset of variable speed gearboxes is sourced from the experimental platform of Xi’an 
Jiaotong University [17]. The experimental platform (as shown in Fig. 4(a)) comprises a drive 
motor, belt system, transmission shaft, gearbox, and the remaining relevant components. In order 
to comprehensively monitor the vibration status of the gears, 12 accelerometers were installed on 
the gearbox at different spots for collecting vibration signals across multiple locations. Concerning 
the bevel gear, four different degrees of root cracks were manually prefabricated, as shown in 
Fig. 4(b). Study the effect of cracks on gear performance by simulating different levels of fault 
types. In addition, including the normal state, five operating states of the bevel gear were 
considered, and vibration signals were collected with the speed fluctuation ranging from 0 to 
1200 rpm. The sampling frequency of all data was set to 10 kHz to extract fault characteristics 
within a wider frequency response range. The variation of rotational speed over time is shown in 
Fig. 5: as shown in the figure, the speed fluctuates irregularly within the range of 0-1200 rpm. 
Therefore, compared to steady speed signals, this greatly increases the difficulty of diagnosis. 

 
a) 

 
b) 

Fig. 4. a) Test rig; b) root crack faults of different degrees 

Fig. 6 shows the time-domain waveforms under five different running states, including normal 
state and four crack sizes (including 0.2, 0.6, 1, and 1.4 millimeters). By analyzing these 
waveforms, it can be found that as the rotational speed increases, the fluctuation of waveform 
amplitude and overall characteristics undergo significant changes. 
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Fig. 5. The variation of rotational speed over time 
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Fig. 6. Time domain waveform diagrams under different running states 

3.2. Experimental results and analysis 

In order to ensure the standardization of model training, testing and the reliability of results, 
the training samples and testing samples were clearly divided in this study. Specifically, 
360 samples were used as training samples for each type of fault, for the parameter optimization 
and learning process of the model. After the model training is completed, 40 independent test 
samples are used for validation in order to objectively evaluate its performance. The accuracy 
curve and loss curve during the experiment are shown in Fig. 7. Among them, the training 
accuracy curve is mainly used to intuitively reflect the learning effect of the model on the training 
samples. With the increase of training epochs, the improvement of accuracy indicates that the 
model gradually grasps the features and rules in the training data. The loss curve focuses on 
displaying the error changes between the predicted results and the true labels during the training 
process. The continuous reduction of loss means that the model is gradually optimizing its own 
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parameters and improving its ability to fit the training data. By observing the trend in Fig. 7, we 
can see that as the number of iterations increases, the performance of the model gradually 
improves. After approximately 150 epochs, the network reached a convergence state, where the 
classification accuracy and loss value reached their optimal levels. Therefore, this indicates that 
our model performs well in handling tasks with time-varying rotational speeds, and can effectively 
complete diagnosis and fault classification even when the training and testing samples are not 
high. 

 
Fig. 7. The accuracy curve and loss curve 

In the experimental process, the principle of training before testing is strictly followed. Firstly, 
the proposed method is fully trained using training samples to learn effective feature 
representations of gearbox faults under time-varying speed conditions. Then, the fault diagnosis 
performance is evaluated on the test samples. Finally, t-SNE technology is used to visualize 
high-dimensional features, in order to more intuitively analyze and demonstrate the superiorities 
of the introduced method during feature extraction and differentiation of different fault types. This 
process ensures the scientific and credible nature of the experimental results, while also providing 
a clear and reasonable basis for subsequent confusion matrix analysis and interpretation of the 
results. 

T-SNE visualization can map high-dimensional data to low dimensional space, helping to 
observe the clustering and distribution patterns of the data, thereby visually demonstrating the 
classification performance and feature learning of the model. As shown in Fig. 8, the t-SNE 
visualization comparison results of the first and last output layers of the proposed method are 
presented. Through observation, it can be seen that the features of the first layer exhibit dispersed 
and overlapping state, and there is no obvious clustering pattern for feature characteristics of 
different fault categories, reflecting the weak feature extraction effect in the initial stage. However, 
as the network gradually performs feature extraction and learning, the final output layer exhibits 
good classification results, and each fault category is effectively distinguished, indicating that the 
proposed model can effectively extract time-varying speed features and achieve excellent fault 
classification. 

The confusion matrix can visually display the classification performance of the model, helping 
to understand the accurate classification and misclassification of the model. In Fig. 9, the 
three-dimensional confusion matrix of various methods without interference is presented, through 
which the correct classification of each type of fault and the number of misclassified samples can 
be clearly seen. Specifically, the main diagonal entries of the confusion matrix signify the number 
of samples correctly classified for each fault type, while the entries on either side of the main 
diagonal reflect the count of misclassified samples for each respective fault type. The color depth 
in the confusion matrix corresponds to the sample color bar on the right side of the figure, which 
can more intuitively reflect the accuracy of classification. Overall, the proposed method 
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demonstrates excellent performance in both classification accuracy and misclassification, further 
validating the effectiveness and robustness of the model in handling complex signal classification 
problems. 

 
a) 

 
b) 

Fig. 8. t-SNE feature visualization: a) visualization of input features from the first layer;  
b) visualization of the last layer’s output features 

 
Fig. 9. Three-dimensional confusion matrix result of the proposed method 

In terms of model diagnosis and performance evaluation, we have recorded the following key 
indicators to comprehensively reflect the efficiency and performance of the model. The computer 
configuration used in the experiment is: Intel Core AMD RyzenTM9-5900HX processor, with a 
clock speed of 3.3GHz, equipped with NVIDIA GeForce RTX 3080 graphics card (16GB of video 
memory), the system is equipped with 32GB of memory, runs Windows 11 Home Edition, and is 
equipped with solid-state memory, with a total capacity of about 2TB. In this hardware 
environment, the total training time of the model is about 25.3 minutes, including about 4.1 
minutes for data preprocessing, about 17.3 minutes for model training, and about 5.2 minutes for 
testing. The model has a parameter count of 1.2 million, with a memory usage of approximately 
6.4 GB during training and 4.8 GB during testing. 

3.3. Comparison analysis 

In order to verify the robustness of the proposed method in time-varying speed diagnosis, 
advanced diagnostic models were selected for comparative experiments. Among them: (1) CNN 
model, which adopts a deep network structure, including 5-layer convolution, 5-layer pooling, 
batch normalization, and activation layer, etc. (2) The WDCNN model adopts a deep structure 
framework with a wide first kernel, which has a noise suppression effect. For details, please refer 
to reference [18]. In order to verify the diagnostic accuracy of the improved GRU algorithms, a 
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comparative model (3) GRU-L was added, which does not have attention gates and cyclic dropout 
strategies, but integrates learning strategies. (4) GRU model, basic gated loop unit, without any 
modifications. (5) The CNN-GRU model connects CNN and GRU in parallel and integrates the 
designed learning strategy. Among them, CNN includes components such as convolutional layers 
and pooling layers. 

In order to avoid the influence of accidental factors on the experimental results, 10 independent 
experiments were conducted. The experimental results are shown in Fig. 10, which clearly 
demonstrates that the proposed method achieves the most outstanding and stable performance. 
Notably, the proposed method achieved 99.78 % diagnostic accuracy, outperforming the CNN 
model by 64.61 % in terms of accuracy. Compared to the WDCNN model, it has improved by 
6.71 %. Compared to the GRU-L model, it has improved by 34.46 %. Compared to the GRU 
model, it has improved by 64.44 %. Compared to the CNN-GRU model, it has improved by 4.9 %. 
These results indicate that the proposed method has significant advantages in improving the 
accuracy of time-varying speed diagnosis, demonstrating its potential in practical applications. 
Furthermore, the T-SNE visualization results of the compared methods as shown in Fig. 11 further 
verify the advantages of the proposed method. 

 
Fig. 10. Comparative analysis between ablation experimental models 

Finally, the proposed method will be compared and analyzed with the current advanced fault 
diagnosis methods for time-varying speed gearboxes. The methods involved include: (1) CGRU 
model [19]: a speed adaptive network specifically designed for time-varying speeds, which can 
effectively extract features and is widely used in comparative studies of different network models. 
It has excellent interference suppression capabilities, making it perform well in complex 
environments. (2) LiConvFormer model [20]: This model combines Transformer architecture and 
Convolutional Neural Network (CNN) to construct a lightweight fault diagnosis framework aimed 
at addressing the diagnostic challenges of time-varying speed gearboxes. (3) LPS-DGAT model 
[17]: This is a novel semi supervised fault diagnosis method specifically designed for analyzing 
the vibration signals of bearings and gears under speed fluctuation conditions. This model 
achieved ideal diagnostic results by utilizing a small amount of labeled data effectively, 
demonstrating good performance under time-varying characteristics. 

The experimental results are shown in Fig. 12, and the proposed method achieved a satisfactory 
diagnostic accuracy of 99.78 %, demonstrating excellent performance. In contrast, the diagnostic 
accuracy of the WDCNN model is relatively excellent, reaching 98.85 %, an improvement of 
0.93 % on this result. The diagnostic accuracy of the LiConvFormer model is 99.41 %, although 
it performs quite well, it is still 0.37 % lower than the method proposed in this study. This further 
demonstrates the effectiveness and reliability of the proposed method in fault diagnosis tasks. In 
addition, the diagnostic accuracy of the LPS-DGAT model is 90.99 %, which is 8.79 % lower than 
the proposed method. This difference indicates that under time-varying speed conditions, the 
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proposed method can more effectively extract and utilize features, providing higher diagnostic 
accuracy. 

 
a) b) 

 
c) 

 
d) 

 
e) 

 
f) 

Fig. 11. Comparison of visualized t-SNE features for ablation experiment models:  
a) the proposed approach; b) CNN model; c) WDCNN architecture; d) GRU-L variant;  

e) gated recurrent unit (GRU) model; f) CNN-GRU hybrid model 

 
Fig. 12. Comparative analysis between advanced models 

4. Conclusions 

In summary, in response to the difficulty of diagnosing gearbox faults under time-varying 
speed conditions, this paper innovatively proposes a diagnostic method based on an improved gate 
control cycle unit, and successfully constructs a new network named GRDAU. This method 
cleverly integrates the attention gate mechanism and the cyclic dropout learning strategy, fully 
leveraging the advantages of attention gates in capturing key features and the role of cyclic dropout 
learning strategy in preventing overfitting and improving learning efficiency, thereby significantly 
improving the accuracy and stability of fault diagnosis. The experiment was conducted based on 
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the time-varying speed gearbox dataset provided by Xi’an Jiaotong University. After 
comprehensive and rigorous ablation experiments and comparative experiments, the results 
effectively validated the efficacy and superiority of the proposed approach. The high accuracy of 
99.78 % not only highlights the outstanding performance of this method in fault diagnosis, but 
also demonstrates its strong adaptability in handling complex working conditions with time-
varying speeds. Compared with current advanced diagnostic methods, the method proposed in this 
paper demonstrates significant advantages, providing a more accurate and reliable solution for 
gearbox fault diagnosis under time-varying speed conditions. 

Although the proposed method has achieved good results, it faces various interference issues 
in practical work scenarios. Therefore, we look forward to expanding this method to more complex 
mechanical fault diagnosis scenarios, further exploring its potential and application scenarios, and 
contributing to the intelligent operation and maintenance of mechanical equipment. 
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