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Abstract. In response to the problem of difficulty in extracting fault features of rolling bearings 
in wind turbine transmission systems under complex working conditions, which limits the 
accuracy of fault diagnosis. This article proposes an Adaptive Deep Learning based Rolling 
Bearing Fault Diagnosis Method (ADLM). Introducing dynamic convolution into Convolutional 
Neural Networks (CNNs) can adaptively capture data features; At the same time, the fishing 
optimization algorithm (CFOA) was used to optimize the hyperparameters of the bidirectional 
long short-term memory network (BiLSTM), and the CFOA-BiLSTM network was constructed 
to fully leverage its advantages in time series analysis. The specific implementation steps are as 
follows: first, preprocess the collected vibration signals and divide the processed dataset into a 
training set and a testing set; Then, parallel adaptive convolutional neural networks (ACNN) are 
used to process the training set and extract spatial domain local features from the vibration signal; 
Then, the features extracted from the two branches are weighted and fused through a dynamic 
weight adjustment mechanism, and the fused features are input into the CFOA-BiLSTM network 
to further capture the time-dependent features of the signal; Finally, the extracted features are 
input into the classifier to complete model training, and the model performance is evaluated using 
a test set. Experimental verification shows that on the dataset of Southeast University, the 
diagnostic accuracy of the ADLM model reached 98.52 %, demonstrating good reliability, 
robustness, and superiority in the diagnosis of rolling bearing faults. 
Keywords: wind turbine, rolling bearing, fault diagnosis, convolutional neural network, 
bidirectional long short-term memory network. 

1. Introduction 

Rolling bearings play a key role in wind turbines. Their performance and reliability are crucial 
to ensuring the stable operation of the entire wind turbine. Rolling bearings operate in harsh 
working environments and are subject to complex load changes, making them prone to various 
faults such as wear, cracks, and spalling [1]. If the fault is not discovered and handled in a timely 
manner, the equipment may shut down, production efficiency may be reduced, and even serious 
safety accidents may occur [2-3]. Therefore, in order to ensure the safe operation of wind turbines, 
it is necessary to conduct research on intelligent monitoring and diagnosis of rolling bearings  
[4-5]. 

With the advancement of monitoring technology and the increasing complexity of mechanical 
equipment structures, deep learning technology has attracted attention for its ability to 
automatically extract deep fault features. It eliminates the need to rely on traditional expert 
systems. Its multi-level structure gives it powerful data fitting and processing capabilities, and it 
can efficiently process and analyze complex data sets. Wang et al. [6] developed a fault diagnosis 
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technology that combines short-time Fourier transform with convolutional neural network. This 
technology effectively utilizes the time-frequency characteristics of the signal and enhances the 
accuracy and efficiency of fault diagnosis through the efficient feature extraction capability of the 
deep learning model. Zhao et al. [7] proposed an improved CNN model for rolling bearing fault 
diagnosis under changing working conditions. This method can effectively capture the key 
features in sample data even in a high noise environment by distributing feature extraction tasks 
in convolutional layers of different scales. Wang et al. [8] proposed a collaborative intelligent fault 
detection method based on swarm intelligent optimization entropy (SIOE) and extreme gradient 
boosting (XGBoost), which significantly improves the fault diagnosis accuracy of rotating 
machinery through adaptive parameter optimization and dynamic feature extraction. In order to 
solve the problem of complex fault diagnosis of planetary gearboxes, Sun et al. [9] proposed an 
improved particle swarm optimization variational mode decomposition (IPVMD) and an 
improved convolutional neural network (I-CNN). Wang et al. [10] proposed a small-sample fault 
diagnosis method based on multi-scale perception multi-level feature fusion image quadrant 
entropy, which achieves more than 98.1 % accuracy with only 5 training samples by signal image-
based transformation and multi-level feature extraction combined with optimized support vector 
machine classifier. Hu et al. [11] studied the rolling bearing fault diagnosis method based on target 
detection theory. They took the rolling bearing of printing equipment as the research object and 
explored the rolling bearing fault diagnosis method based on target detection theory from the two 
aspects of time domain and time-frequency domain. The performance of the method was verified 
through multiple experiments. Wang et al. [12] proposed a generalized fault diagnosis framework 
based on multi-scale phase entropy and time-shift decomposition, combining scatterplot regional 
probabilistic features and twinned support vector machine classifiers to achieve over 99.5 % high 
accuracy fault identification with multiple metrics with a small number of training samples. 

Rolling bearings, due to their complex operating structure, drastically changing loads and 
extremely harsh working environment, make the collected signals very complex and show 
nonlinear characteristics. This increases the complexity of manually selecting appropriate feature 
indicators for signal processing. Simple fault diagnosis models cannot meet the changing working 
conditions, while overly complex algorithm models may affect the diagnosis efficiency and reduce 
the versatility. 

In response to the above challenges, this paper proposes a rolling bearing fault diagnosis 
method based on adaptive deep learning. The main innovative points are as follows: 

(1) In this paper, a dynamic convolution mechanism is introduced on the basis of traditional 
CNN, and an adaptive convolutional neural network (ACNN) is constructed, which is capable of 
dynamically adjusting the parameters of the convolution kernel according to the feature 
distributions of the input data, so as to capture the local spatial features of the bearing vibration 
signals more effectively. Further, a parallel ACNN structure is designed to realize the extraction 
of multi-level features of the signal through multi-scale convolution operation, which enhances 
the models ability to perceive complex fault features. 

(2) In order to give full play to the advantages of BiLSTM in time series modeling, this paper 
adopts CFOA to optimize its key hyperparameters, and constructs the CFOA-BiLSTM network, 
which improves the convergence speed and generalization performance of the model. 

(3) A dynamic weight fusion mechanism is designed to adaptively weight and integrate the 
spatial features extracted from multiple branches of parallel ACNN. This mechanism can 
automatically assign weights according to the discriminative strength of fault features, and 
enhance the extraction efficiency of fault-sensitive features such as shock pulse and frequency 
modulation. 

This method first preprocesses the collected vibration signal, including outlier removal and 
duplicate value integration, and divides the preprocessed data set into a training set and a test set; 
then the training set is input into two parallel ACNN branches, and ACNN uses its ability to extract 
local features in the spatial domain from the vibration signal; the features extracted by the two 
branches are weighted and fused, and then input into the CFOA-BiLSTM network, and BiLSTM 
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uses its advantages in time series analysis to capture the time-dependent characteristics of the 
signal; the combination of the two feature extraction methods enables the model to understand the 
fault information in the vibration signal more comprehensively, and then the final extracted 
features are input into the classifier to complete the training of the entire model; finally, the test 
set is input to evaluate the performance of the entire model. After comparative testing, the 
effectiveness of this method is verified. 

2. Basic theory 

2.1. Adaptive convolutional neural network (ACNN) 

Convolutional Neural Networks (CNN) is a widely used network architecture in the field of 
deep learning. Due to its weight sharing mechanism [13], it can play its own advantages when 
processing high-dimensional data information. CNN extracts features from the original signal by 
multiple convolutional layers and pooling layers, maps the extracted features to the hidden feature 
space, and then uses the fully connected layer to further extract the features. The detailed structure 
is shown in Fig. 1. 

Import

Output

Convolution 
Operation Pooling Operation SoftmaxFully connected 

layer
Convolution 

Operation Pooling Operation  
Fig. 1. Convolutional neural network structure diagram 

(1) Dynamic convolution. Traditional convolution limits the number of convolutional layers 
and channels of CNN due to the low computational budget, which will reduce the model 
performance, so dynamic convolution was proposed [14]. It dynamically aggregates multiple 
parallel convolution kernels based on attention. Attention dynamically adjusts the weight of each 
convolution kernel according to the input, thereby generating adaptive dynamic convolution. The 
attention superimposes the convolution kernel in a nonlinear way to make it have stronger 
representation ability. Its structure diagram is shown in Fig. 2, and the mathematical formula is as 
follows: 𝑦 = 𝑔 ቀ𝑊෩ ்ሺ𝑥ሻ𝑥 + 𝑏෨ሺ𝑥ሻቁ, (1)𝑊෩ ሺ𝑥ሻ = ෍𝜋௞ሺ𝑥ሻ𝑊෩ ்௄

௞ୀଵ ,     𝑏෨ሺ𝑥ሻ = ෍𝜋௞ሺ𝑥ሻ𝑏෨௞௄
௞ୀଵ , (2)

𝑠. 𝑡    0 ≤ 𝜋௞ሺ𝑥ሻ ≤ 1,     ෍𝜋௞ሺ𝑥ሻ = 1௄
௞ୀଵ , (3)

where: 𝜋௞ is the attention weight of the 𝑘th linear function 𝑊෩௞் 𝑥 + 𝑏෨௞; the aggregation weight 𝑊෩ ሺ𝑥ሻ and the deviation 𝑏෨ሺ𝑥ሻ are functions of the input with the same attention. 
(2) Activation layer. After each convolutional layer, an activation layer (nonlinear layer) is 

usually applied [15] to enhance the nonlinear expression ability of the signal. The most widely 
used is the rectified linear unit (ReLU), which can speed up convergence and overcome the 
vanishing gradient. The mathematical expression of the ReLU activation function is as follows: 
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𝑓ሺ𝑥ሻ = ቄ𝑥,    𝑥 ≥ 00,    𝑥 < 0 = 𝑚𝑎𝑥ሺ0, 𝑥ሻ. (4)
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Fig. 2. Dynamic convolution structure diagram 

(3) Pooling layer. Common pooling layers include maximum pooling and average pooling. 
Their main purpose is to effectively reduce the dimension of the feature space, thereby reducing 
the number of parameters in the network as a whole, improving computational efficiency and 
enhancing the generalization ability of the model. The reason why the pooling layer is introduced 
after the convolution layer is that there are many convolution kernels in the convolution layer. 
After the convolution operation with weight sharing, the feature dimension of the output increases, 
which leads to the expansion of the network parameter scale and increases the computational 
complexity of subsequent feature extraction. The pooling layer represents the information of the 
area by selecting the maximum value or average value in a window of a specific size, thereby 
achieving effective dimensionality reduction of the features. Maximum pooling selects the 
maximum value in the window as the output, which helps to highlight the most important features 
and is invariant to small position changes. Average pooling calculates the average value of all 
values in the window, which helps to smooth the feature response and reduce the impact of noise. 
Maximum pooling is widely used in CNN design because it can retain the most significant features 
and enhance the invariance of features. Its structure diagram is shown in Fig. 3, and the function 
expression is as follows: 𝑃௞ሺ௜,௝ሻ = 𝑚𝑎𝑥ሺ௝ିଵሻ௪ାଵழ௧ழ௝௪ቄ𝑞௞ሺ௜,௧ሻቅ,     𝑗 = 1,2, … ,𝑚, (5)

where: 𝑃௞ሺ௜,௝ሻ represents the 𝑗th pooling value at the 𝑖th position in the 𝑘th layer output mapping, 𝑞௞ሺ௜,௧ሻ represents the local input feature of the 𝑗th pooling process, and 𝑤 is the width of the pooling 
window. The calculation process can be represented by the following diagram.  
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Fig. 3. Schematic diagram of maximum pooling 

(4) Fully connected layer. In the feature extraction process, the convolution layer and pooling 
layer mainly capture the local key features of the data, while the fully connected layer is 
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responsible for comprehensive processing and analysis of the local information. Finally, the 
classification result is obtained by using the above extracted features for prediction and 
classification. The main function of the fully connected layer is to map the previously extracted 
features to the final category. Its calculation process can be expressed by the following formula: 𝑦௞ = 𝑓ሺ𝑤௞𝑥௞ିଵ + 𝑏௞ሻ, (6)

where: 𝑘 represents the 𝑘th layer of the network, 𝑥௞ିଵ is the input of the 𝑘 − 1st fully connected 
layer, 𝑦௞ is the output of the 𝑘th fully connected layer, 𝑤௞ is the weight matrix, 𝑏௞ is the bias 
term, and 𝑓 is the classification function. 

The softmax function is used as the activation function of the fully connected layer. Its function 
is to convert the output of multiple neurons into the (0, 1) interval to handle multi-classification 
problems. Its formula is as follows: 

𝑞ሺ𝑥௜ሻ = 𝑒௫೔∑ 𝑒௫೎஼௖ୀଵ , (7)

where: 𝑥 is the logical input of the function layer, which produces a 𝐶-dimensional probability 
distribution. The function converts the output of the last layer of the network into a probability 
value that sums to 1 through a specific mathematical formula. The category of the sample is 
determined by the label with the highest probability value. 

2.2. Dynamic weight adjustment mechanism 

When fusing features, a multi-head attention mechanism module is used to calculate the weight 
of each feature for weighted fusion. In dynamic weight adjustment, the multi-head attention 
mechanism can be used to more finely adjust the weights of different features, thereby improving 
the expressiveness and adaptability of the model. The multi-head attention mechanism is the core 
technology of the Transformer architecture, which is implemented through multiple parallel 
self-attention modules. Each attention head operates in an independent subspace, focusing on 
capturing information of different dimensions in the sequence data, allowing the model to focus 
on multiple key features at the same time. These output results from different heads are merged 
and integrated through a linear transformation layer to finally generate the output of the model. 
The entire calculation process is as follows: 

First, the features extracted by ACNN are concatenated into a joint feature: 𝑌௖௢௡௖௔௧ = ሾ𝑌ଵ,𝑌ଶሿ. (8)

In the formula, 𝑌௖௢௡௖௔௧ is the concatenated feature, and 𝑌ଵ and 𝑌ଶ are the features extracted by 
two parallel branches respectively. 

Map the concatenated features to multiple subspaces through linear transformation: 𝑄 = 𝑊ொ ⋅ 𝑌௖௢௡௖௔௧, (9)𝐾 = 𝑊௄ ⋅ 𝑌௖௢௡௖௔௧ , (10)𝑉 = 𝑊௏ ⋅ 𝑌௖௢௡௖௔௧, (11)

where: 𝑊ொ, 𝑊௄, 𝑊௩ are learnable weight matrices, 𝑄, 𝐾, 𝑉 are query, key, and value, 
respectively. 

Calculate the attention score in each attention head: 

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛ሺ𝑄,𝐾,𝑉ሻ = soft maxቆ𝑄 ⋅ 𝐾்ඥ𝑑௞ ቇ ⋅ 𝑉, (12)
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where: 𝑑௞ is the dimension of the key and the softmax function is used to normalize the attention 
score. 

Concatenate the outputs of multiple attention heads: MultiHeadሺ𝑄,𝐾,𝑉ሻ = Concatሺ𝐻ଵ,𝐻ଶ, … ,𝐻௛ሻ ⋅ 𝑊ை, (13)

where: ℎ is the number of attention heads and 𝑊ை is the learnable weight matrix. 
The dynamic weights are calculated using the output of the multi-head attention mechanism: 𝛼ଵ,𝛼ଶ = soft max൫MultiHeadሺ𝑄,𝐾,𝑉ሻ൯, (14)

where, 𝛼ଵ and 𝛼ଶ are the dynamic weights of the features of the two ACNN branches. 
Weighted fusion of the features of the two branches of ACNN: 𝑌 = 𝛼ଵ ⋅ 𝑌ଵ + 𝛼ଶ ⋅ 𝑌ଶ, (15)

where: 𝑌 is the fused feature. 

2.3. Overview of the BiLSTM Network Structure 

(1) Overview of the LSTM Network Structure. Recurrent Neural Network (RNN) is a kind of 
deep learning model, which is specially designed for sequence data processing. However, when it 
is used to process long sequence data, there will be problems of gradient disappearance or gradient 
explosion, which limit the application ability of RNN in the fields of time series prediction, 
language model and speech recognition. Therefore, Long Short-Term Memory network (LSTM) 
was proposed. 

LSTM is an improved version of the RNN architecture that replaces the normal hidden units 
in RNN by introducing three gating mechanisms and memory units that enable it to capture 
information delayed over long time intervals and time sequences. The three gating mechanisms 
are forgetting gate, input gate and output gate. The structure of LSTM is shown in Fig. 4. 
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Fig. 4. Neural Structure of LSTM Network 

The memory cell is the core of LSTM, storing the long-term state information in the sequence. 
By controlling the inflow and outflow of information as well as the update of the internal state, it 
enables the network to selectively remember or forget certain information segments, thereby 
solving the problem of long-term dependency. 

The forgetting gate decides which information needs to be retained and which needs to be 
forgotten based on the hidden state of the previous moment and the current input. The 
decision-making process is based on a sigmoid activation function that determines the proportion 
of each state to be retained, thus dynamically adjusting the content of the memory cells to ensure 
that the network focuses on remembering the information that is useful for subsequent predictions. 
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the sigmoid function gives an output value between (0, 1), which determines how much of the 
previous moment's information is retained. The formula for the forgetting gate is as follows: 𝑓௧ = 𝜎൫𝑤௙ ⋅ ሾℎ௧ିଵ, 𝑥௧ሿ + 𝑏௙൯, (16)

where: 𝑤௙ is the weight of the forget gate, 𝑏௙ is the bias, and 𝜎 is the sigmoid activation function. 
The input gate also determines what input information of the current moment can be stored in 

the memory unit based on the hidden state of the previous moment and the current input. It is 
achieved through a combination of a sigmoid activation function, where the sigmoid activation 
function represents the importance of the information, and a tanh activation function, where the 
tanh function is the concrete content that generates the new information. The calculation process 
of the input gate is as follows: 

Input candidate vector: first, the input gate generates a new set of candidate values, which are 
learned through the network and used to update the cell state. Candidate values are calculated by 
the following formula: 𝐶௧෩ = tanhሺ𝑊௖ ⋅ ሾℎ௧ିଵ, 𝑥௧ሿ + 𝑏௖ሻ. (17)

Input modulation vector: Used to determine which candidate values will be added to the cell 
state. This modulation vector is given by the following formula: 𝑖௧ = 𝜎ሺ𝑤௜ ⋅ ሾℎ௧ିଵ, 𝑥௧ሿ + 𝑏௜ሻ. (18)

Update the cell state: Finally, the update of the cell state 𝐶௧ at the time step 𝑡 is determined by 
the forgetting gate output 𝑓௧, the input candidate vector 𝐶௧෩ , and the input modulation vector 𝑖௧: 𝐶௧ = 𝑓௧ ∗ 𝐶௧ିଵ + 𝑖௧ ∗ 𝐶௧෩ . (19)

The output gate decides which information to output as the hidden state for the current time 
step, based on the updated memory cell state and the current input. It is composed of a simoid 
activation function and a point-by-point product operation, where the sigmoid activation function 
is used to determine which information should be forgotten when passing to the subsequent time 
step, i.e., to determine which information is no longer current or relevant, and the point-by-point 
product operation is used to determine the information that is ultimately retained and passed to the 
next time step. Based on this the final output information is generated which will be passed to the 
LSTM unit at the next time step. The formula for the output gate is as follows: 𝑜௧ = 𝜎ሺ𝑊௢ ⋅ ሾℎ௧ିଵ, 𝑥௧ሿ + 𝑏௢ሻ, (20)ℎ௧ = 𝑜௧ ∗ tanhሺ𝐶௧ሻ. (21)

(2) Overview of BiLSTM network structure. LSTM is capable of retaining and remembering 
the more critical historical data, but it is unable to fully utilise the hidden data of the subsequent 
neurons, preventing it from capturing future information, which may lead to incomplete 
information about the final state, limiting its feature extraction ability, which in turn may affect 
the accuracy of model prediction and classification. In order to capture future data more 
effectively, Bidirectional Long Short-Term Memory (BiLSTM) has been proposed. 

BiLSTM is a network architecture that combines two independent LSTMs, where one LSTM 
deals with the forward information of sequence information (from the past to the future), and the 
other LSTM network deals with the reverse information of sequence information (from never to 
the past). This enables a comprehensive capture of sequence information, allowing BiLSTM to 
take into account both past and future contextual information for a more detailed and in-depth 
understanding of each time point in the sequence. The architecture of BiLSTM is shown in Fig. 5. 
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Fig. 5. BiLSTM network structure diagram 

Each LSTM has its own internal state, as well as its own cellular and hidden states, and its own 
weight matrix and bias terms. So, a BiLSTM network contains two complete sets of LSTM 
parameters, which makes it capable of capturing richer features in a sequence. It also makes 
BiLSTM particularly suitable for tasks involving sequence data, such as natural language 
processing, where textual information can be extracted and utilised in a more comprehensive way, 
leading to excellent performance in applications such as sentiment analysis, text classification and 
machine translation. 

The forward and backward mathematical expressions of BiLSTM are as follows: ℎሬ⃗ = 𝑓൫𝑤ሬሬ⃗ 𝑥పሬሬሬ⃗ + 𝑣⃗ℎ௧ିଵሬሬሬሬሬሬሬሬ⃗ + 𝑏ሬ⃗ ൯, (22)ℎ⃖ሬ = 𝑓൫𝑤⃖ሬሬ𝑥௧ሬ⃖ሬሬ + 𝑣⃖ℎ௧ିଵሬ⃖ሬሬሬሬሬሬሬ + 𝑏⃖ሬ൯, (23)

where: ℎ denotes the computation result of the LSTM hidden layer; 𝑥௧ denotes the input data at 
time step 𝑡; 𝑤 denotes the input weight of the LSTM; 𝑣denotes the weight at time step 𝑡 − 1; 𝑏 
denotes the bias term of the LSTM layer; and 𝑓 represents the activation function. 

The calculation formula of the output layer is as follows: 𝑦௧ = 𝑔൫𝑈ൣℎ௧ሬሬሬ⃗ ,ℎ௧ሬ⃖ሬሬ൧ + 𝑐൯, (24)

where: 𝑦௧ denotes the output of the final output layer, which is calculated by superimposing the 
output values of the two hidden layers at each time step. 

2.4. Fishing optimisation algorithms 

CFOA is a meta-heuristic optimisation algorithm proposed by Jia et al. [16], which simulates 
the process of fishing in water by rural fishermen. During the fishermen’s search for fish nests, 
they actively disturb the water along the way, causing turbidity, which is conducive to fishing. 
Fishermen co-operate with each other and use nets to encircle potential fish populations, 
preventing fish from escaping and thus increasing the overall catch rate. All the fishermen drive 
the fish to a common location, forming a closed circle to maximise the aggregation of all the fish, 
which ultimately leads to catching the most fish. The process is divided into initialisation, 
exploration phase and exploitation phase. While in the exploration phase the choice of whether to 
catch independently or cooperatively as a group is made based on the number of fish. 

1. Initialization. 
The initialization formula is: 𝐹𝑖𝑠ℎ𝑒𝑟௜,௝ = ൫𝑢𝑏௝ − 𝑙𝑏௝൯ ∗ 𝑟 + 𝑙𝑏௝ , (25)
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where, 𝐹𝑖𝑠ℎ𝑒𝑟௜,௝ is the position of the 𝑡th fisher in the 𝑗th dimension, 𝑢𝑏௝ and 𝑙𝑏௝ are the upper 
and lower bounds of the 𝑗th dimension, and 𝑟 is a random number between (0, 1). 

2. Exploration stage (𝐸𝐹𝑠 Max𝐸𝐹𝑠⁄ < 0.5). 
Fish are most abundant and catch rates are highest at the very beginning of the fishery, but as 

fishermen's catch gradually decreases, this leads to a decline in catch rates. Transitions in this 
model are simulated using the catch rate parameter, denoted as a: 

𝑎 = ൬1 − 3 × 𝐸𝐹𝑠2 × Max𝐸𝐹𝑠൰ ଷ×ாி௦ଶ×୑ୟ୶ாி௦, (26)

where, 𝐸𝐹𝑠 is the current number of assessments and max𝐸𝐹𝑠 is the maximum number of 
assessments. 

Fishermen are free to choose either independent search or group capture, but when the capture 
rate 𝑎 is high, fishermen’s capture strategy tends to favor the independent search method, and 
when the capture rate 𝑎 decreases, fishermen shift to the group capture method, which we simulate 
using the random number (0, 1). Independent search is chosen when 𝑝 < 𝑎, and group capture is 
chosen when 𝑝 ≥ 𝑎. 𝑝 is the probability, a random number between (0, 1). 

(1) Independent search (𝑝 < 𝑎). 
Fishermen adjust the direction and location of their own exploration based on the catches of 

others. Focuses on localized exploration if the catch situation at their location is similar to the 
reference catch situation. If the reference catch situation was favorable, they continued to search 
in that direction. In cases where the individual capture situation was favorable, they conducted a 
reverse search. The update formula is as follows: 

𝐸𝑥𝑝 = 𝑓𝑖𝑡௜ − 𝑓𝑖𝑡௣𝑓𝑖𝑡𝑚𝑖𝑛௠௔௫, (27)𝑅 = 𝐷𝑖𝑠 × ඥ|𝐸𝑥𝑝| × ൬1 − 𝐸𝐹𝑠Max𝐸𝐹𝑠൰, (28)𝐹𝑖𝑠ℎ𝑒𝑟௜,௝்ାଵ = 𝐹𝑖𝑠ℎ𝑒𝑟௜,௝் + ൫𝐹𝑖𝑠ℎ𝑒𝑟௣௢௦,௝் − 𝐹𝑖𝑠ℎ𝑒𝑟௜,௝்൯ × 𝐸𝑥𝑝 + 𝑟௦ × 𝑠 × 𝑅, (29)

where, 𝐸𝑥𝑝 is the empirical analysis value obtained by the fisherman with any 𝑝𝑜𝑠th (𝑝𝑜𝑠 = 1, 2,..., 𝑁, 𝑝 = 𝑖) fishermen as the reference object, which takes the range of (–1, 1). 𝑓𝑖𝑡௠௔௫ and 𝑓𝑖𝑡௠௜௡ are the worst and best fitness values after the 𝑡th 𝐸𝐹𝑠/𝑀𝑎𝑥𝐸𝐹𝑠 <  0.5𝐸𝐹𝑠/max𝐸𝐹𝑠 ≥  0.5𝑝 < 𝑎𝑝 ≥ 𝑎 complete position update, respectively. 𝑇 
denotes the number of iterations of the fishermen’s position. 𝐹𝑖𝑠ℎ𝑡𝑒𝑟௜,௝் and 𝐹𝑖𝑠ℎ𝑡𝑒𝑟௜,௝்ାଵ 
represents the position of the 𝑖th fisherman in the 𝑗th dimension and after 𝑇 and 𝑇 + 1 iterations. 𝑅 is a random number between (0, 1). 𝐷𝑖𝑠 is the Euclidean distance between the individual and 
the reference. 𝑠 is a 𝑑-dimensional random unit vector. Based on the empirical analysis, the main 
direction of travel (with the direction from the fisherman to the reference individual as the positive 
direction) and the distance are determined. The exploration range 𝑅 also varies with the absolute 
value of 𝐸𝑥𝑝 and the number of currently evaluated 𝐸𝐹𝑠, with 𝑅 less than or equal to 𝐷𝑖𝑠. 

(2) Group fishing (𝑝 ≥ 𝑎). 
Fishers expand their fishing capacity and randomly form groups of 3-4 people who cooperate 

with each other to encircle suspected sites. As fish continue to be caught and people gradually 
gather, the degree of deviation in fishermen’s movement decreases. The area is explored more 
accurately by utilizing the unique movement capabilities of each individual. The modeling and 
formulas are as follows: 𝐶𝑒𝑛𝑡𝑟𝑒௖ = meanሺ𝐹𝑖𝑠ℎ𝑒𝑟௖் ሻ, (30)
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𝐹𝑖𝑠ℎ𝑒𝑟௖,௜,௝்ାଵ = 𝐹𝑖𝑠ℎ𝑒𝑟௖,௜,௝் + 𝑟ଶ × ൫𝐶𝑒𝑛𝑡𝑟𝑒௖ − 𝐹𝑖𝑠ℎ𝑒𝑟௖,௝்൯ + ൬1 − 2 × 𝐸𝐹𝑠Max𝐸𝐹𝑠൰ଶ × 𝑟ଷ, (31)

where, 𝑐 is a group of 3-4 individuals whose positions are not updated. 𝐶𝑒𝑛𝑡𝑟𝑒௖ is the target point 
of the group 𝑐 envelope, i.e., the reddish-orange point in the figure below. 𝐹𝑖𝑠ℎ𝑒𝑟௖,௜,௝்ାଵ and 𝐹𝑖𝑠ℎ𝑒𝑟௖,௜,௝்  denote the positions of the 𝑖th fisher in group 𝑐 in dimension 𝑗 after 𝑇 + 1 and 𝑇 
updates. 𝑟ଶ is the speed at which the fisher approaches the center, which varies from individual to 
individual and takes the value in the range of (0, 1). 𝑟ଷ is the offset of the movement, which takes 
the value in the range of (–1, 1), which decreases with the increase of 𝐸𝐹𝑠. 

3. Exploitation phase (𝐸𝐹𝑠 Max𝐸𝐹𝑠⁄ ≥ 0.5). 
After the above stage, some fish escape without being caught by the fishermen. Therefore, in 

this stage, the distribution of fishermen is as follows: centered on the fish stock, the degree of 
aggregation from the middle to the periphery is gradually sparse, and the range of distribution 
outward is gradually reduced. The fishermen in the center catch the school while the fishermen in 
the periphery catch the escaped fish. Fishermen fish strategically in a concerted effort to increase 
catch rates. A Gaussian distribution is used to model this distribution, updating the formula as 
follows: 

𝜎 = ඪ൮ 2 ቀ1 − 𝐸𝐹𝑠Max𝐸𝐹𝑠ቁ൬ቀ1 − 𝐸𝐹𝑠Max𝐸𝐹𝑠ቁଶ + 1൰൲, (32)

𝐹𝑖𝑠ℎ𝑒𝑟௜் ାଵ = 𝐺𝑏𝑒𝑠𝑡 + 𝐺𝐷 ቆ0, 𝑟ସ × 𝜎 × |meanሺ𝐹𝑖𝑠ℎ𝑒𝑟ሻ − 𝐺𝑏𝑒𝑠𝑡|3 ቇ, (33)

where, 𝐺𝐷 is a Gaussian distribution function with an overall variance σ increasing from 0-1 with 
the number of evaluations. 𝐹𝑖𝑠ℎ𝑒𝑟௜் ାଵ is the position of the 𝑖th fisher after 𝑇 + 1 updates. 𝑚𝑒𝑎𝑛ሺ𝐹𝑖𝑠ℎ𝑒𝑟ሻ is a matrix of the mean values of each dimension of the fisher center. 𝐺𝑏𝑒𝑠𝑡 is the 
global optimal position, and𝑟ଶ is a random number with value {1, 2 or 3}. 

CFOA initializes a series of key parameters in terms of parameter setting, the population size 
is set to 50, this number is determined after several experimental tests, taking into account the 
computational cost and algorithm performance, which can ensure that the algorithm effectively 
explores the solution space while maintaining a reasonable computational burden. The maximum 
number of iterations is set to 200 to ensure that the algorithm has enough iterations to converge to 
a better solution. The initial value of the capture rate parameter 𝛼 is set to 0.6, and its value will 
be dynamically adjusted based on the ratio of the current FFs to Max𝐸𝐹𝑠 during the iteration 
process of the algorithm to balance the algorithm's exploratory and exploitative capabilities, with 
the algorithm more inclined to explore globally in the first half of the stage  
(𝐸𝐹𝑠/Max𝐸𝐹𝑠 <  0.5) and focusing on local search in the second half of the stage 
(𝐸𝐹𝑠/Max𝐸𝐹𝑠 ≥  0.5). 

2.5. Hyperparameter optimization of BiLSTMs 

1. Hyperparameter optimization range. 
Several key hyperparameters of the BiLSTM model are optimized using CFOA, specifically 

involving the following hyperparameters and their corresponding optimization ranges: 
Learning rate: the learning rate has a key impact on the convergence speed and performance 

of the model. In this study, we set its optimization range to [0.0001, 0.1]. Too small a value will 
result in extremely slow model training, which may not converge to a better solution for a long 
time; while too large a value may cause the model to miss the optimal solution during the training 
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process, resulting in failure to converge or even divergence. Optimization within this range is 
aimed at exploring a learning rate that ensures both training efficiency and model convergence to 
good performance. 

Number of hidden layer nodes: the number of hidden layer nodes determines the learning 
ability and complexity of the BiLSTM model. We set its optimization range to [32, 256]. If the 
number of nodes is too small, the model may not be able to fully learn the complex features and 
patterns in the data, resulting in underfitting; conversely, if the number of nodes is too large, the 
model may learn too much noise and details, resulting in overfitting, and at the same time, increase 
the computational cost and training time. By searching for the optimal number of nodes in this 
range, it is expected to construct a model with appropriate complexity to balance the learning 
ability and generalization performance. 

Dropout rate: as an effective means to prevent overfitting, the rate setting of Dropout has a 
significant impact on the model performance. We set the optimization range as [0.2, 0.8]. When 
the Dropout rate is too low, it is difficult for the model to effectively avoid overfitting; while when 
the Dropout rate is too high, neurons may be excessively discarded, leading to a decrease in the 
model’s learning ability and underfitting. Optimizing the Dropout rate within this range helps to 
find a balance that can suppress overfitting while maintaining the model learning ability. 

2. Optimization objective function. 
The optimization objective function of the CFOA algorithm is constructed based on the 

classification accuracy. In our research task, the classification accuracy rate can intuitively and 
effectively measure the ability of BiLSTM model to correctly classify various types of samples. 
Specifically, the optimization objective function is to maximize the classification accuracy, i.e.: Accuracy = 𝑇𝑃 + 𝑇𝑁𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁, (34)

where, 𝑇𝑃 is the true case, the number of instances that the model correctly predicts as positive 
classes; 𝑇𝑁 is the true negative case, the number of instances that the model correctly predicts as 
negative classes; 𝐹𝑃 is the false positive case, the number of instances of negative classes that the 
model incorrectly predicts as positive classes; and 𝐹𝑁 is the false negative case, the number of 
instances of positive classes that the model incorrectly predicts as negative classes. 

This metric is used as the optimization objective because we expect to find a set of optimal 
BiLSTM hyperparameters through the CFOA algorithm, so that the model can achieve as high an 
accuracy as possible when classifying the target data, thus improving the overall performance and 
reliability of the model. In the process of model training and CFOA optimization, each iteration 
evaluates the advantages and disadvantages of the model based on the classification accuracy of 
the current hyperparameter combination on the validation set, and guides the CFOA algorithm in 
updating and adjusting the hyperparameters until it finds the combination of hyperparameters with 
the highest classification accuracy. 

3. Introduction to the model 

3.1. The model in this paper 

In this paper, an ADLM model is built based on ACNN and CFOA-BiLSTM. The core of the 
method is to use the powerful feature extraction capability of ACNN and the advantage of 
CFOA-BiLSTM in sequence information to extract effective features from the vibration signal to 
complete the fault diagnosis classification of rolling bearings. Its model structure is shown in 
Fig. 6. 

In this method, the whole process includes five steps: signal acquisition, data preprocessing, 
model construction and result output. Firstly, the vibration signal data is obtained through the 
sensor installed in the transmission part of the wind turbine; Secondly, the collected vibration 
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signals are preprocessed, including outlier elimination and repeated value integration, and the 
preprocessed data set is divided into training set and test set. Then the training set is input into two 
parallel ACNN branches, and ACNN uses its ability to extract local features in spatial domain 
from vibration signals. The features extracted from the two branches are weighted and fused using 
a dynamic weight adjustment mechanism, and then fed into the CFOA-BiLSTM network, which 
captures the time-dependent features of the signals with its advantage in time-series analysis; the 
combination of the two feature extraction methods enables the model to understand the fault 
information in the vibration signals in a more comprehensive way, and then the extracted features 
are fed into the classifier to complete the model. The final extracted features are then fed into the 
classifier to complete the training of the whole model; finally, they are fed into the test set to 
evaluate the performance of the whole model. The detailed flow of the rolling bearing fault 
diagnosis method based on ADLM is shown in Fig. 7. 
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Fig. 6. ADLM model diagram 
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Fig. 7. ADLM-based fault diagnosis flowchart 

3.2. Data acquisition 

In this study, the wind turbine drive train simulation test bed of Southeast University was 
borrowed, which is capable of reproducing the wind turbine drive train to ensure the reliability of 
the collected data. The test bed is shown in Fig. 8. 

This experimental bench collects the vibration signals generated by rolling bearings in actual 
operation by simulating the operation of the transmission system of wind turbines. It mainly 
consists of several components such as motor, sensor, coupling, rolling bearing, gearbox and main 
shaft. In addition, the experimental rig is equipped with two different gearboxes, a planetary 
gearbox and a cylindrical gearbox, to reproduce the wind turbine speed increase mechanism. In 
order to capture and analyse the vibration signals during the experiment, the experimental bench 
also integrates an advanced signal acquisition and analysis system. These components work 
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together to provide an experimental environment capable of simulating the rolling bearing 
behavior of wind turbines in various operating states. 

The sensor used to collect vibration signals is acceleration sensor. Because the frequency 
response range of acceleration flow sensor is wider, it is more sensitive to the vibration signal 
changes caused by impact than speed sensor and eddy current sensor. The model of acceleration 
sensor used in the test is MHS188U. The contact between the sensor and the bearing is smoothed 
with an abrasive disk, and then the sensor is pressed and adsorbed on the bearing seat using a 
magnetic holder to guarantee the accuracy of the signal measurement. At the same time, in order 
to realize the whole cycle sampling of rotational speed, a set of photoelectric sensors is installed 
on the rotating shaft of the test bench for keying signal acquisition, and the pulse signals of the 
photoelectric sensors are triggered by the reflective strips installed on the rotating shaft. The 
EVM-8 vibration data collector developed by the National Engineering Center for Thermal Power 
Unit Vibration of Southeast University is used. The device includes an embedded system kernel, 
a high sampling rate high-precision A/D module, an adaptive amplification circuit, and an 
automatic tracking anti-mixing filter based on CPLD, which is capable of realizing automatic 
tracking of the signal frequency. 

The data set is divided into 80 % for training and 20 % for testing, covering three conditions 
under one operating condition, namely, bearing normal condition (marked as 0), inner ring crack 
of 0.5 mm (marked as 1) and inner ring crack of 0.8 mm (marked as 2). 
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b) Schematic diagram of wind power transmission system simulation test bench 

Fig. 8. Wind turbine drive train simulation test bench 

Fig. 9 shows the vibration signals of normal bearing, 0.5 mm and 0.8 mm cracked faulty 
bearing under the working condition of 40 r/min. As can be seen from the figure, the normal state 
waveform is smooth, the frequency component is dominated by the rotational fundamental 
frequency of the bearing, and there is no abnormal shock signal.0.5mm crack state waveform 
begins to appear in the periodic weak shock pulse, corresponding to the vibration characteristics 
of the crack and the raceway contact.0.8mm crack state shock pulse amplitude increases 
significantly, and the high harmonic energy in the frequency component is enhanced, which 
reflects the vibration aggravation caused by the expansion of the crack. 

3.3. Data preprocessing 

Data preprocessing can improve data quality, highlight fault characteristics, and facilitate 
further analysis. 
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a) Normal rolling bearing signal waveform 

 
b) 0.5 mm crack rolling bearing signal waveform 

 
c) 0.8 mm crack rolling bearing signal waveform 

Fig. 9. Rolling bearing vibration signal waveforms 

(1) Noise reduction processing. 
As the data set obtained through the acceleration sensor acquisition is not only the useful 

vibration signal, there are other noises that cause interference, so it is necessary to reduce the noise 
processing of the collected data. The core of this method lies in combining previous estimation 
information with current observation data to optimize the estimation of the system's state at the 
current time point. Due to the dual effects of process noise and measurement noise on actual 
measurement values, there is a deviation between the predicted output and the actual value. The 
Kalman filter calculates the Kalman gain by continuously updating the covariance of the system 
state estimation, combining the filtering error covariance of the previous time and the prediction 
error covariance of the current time. In the continuous filtering process of the system state, new 
measurement data is introduced at each step to provide additional information. The discrete form 
of the Kalman filter linear state equation is as follows: 𝑥௞ାଵ = 𝐴𝑥௞ + 𝐵𝑢௞ + 𝑤௞ , (35)𝑦௞ = 𝐻𝑥௞ + 𝑣௞, (36)

where: 𝑥௞ and 𝑥௞ାଵ represent the state vectors at the 𝑘th and 𝑘 + 1st moments, respectively; 𝑤௞ 
is the system noise vector; 𝑢௞ is the system input; 𝑦௞ is the system output, which is the 
observation; 𝑣௞ is the measurement noise vector; 𝐴 is the state transfer matrix; 𝐵 is the input 
matrix; 𝐻 is the output matrix. The Kalman filter updates the state estimates in real time and the 
update process follows the following equation: 𝑥௞ෞ = 𝐴𝑥௞ିଵෟ + 𝐵𝑢௞ିଵ, (37)𝑃௞ = 𝐴𝑃௞ିଵ𝐴் + 𝑄, (38)

where: 𝑥௞ෞ denotes the state estimate when the observation at moment 𝑘 is not considered, i.e., the 
a priori state estimate at moment k; 𝑥௞ିଵෟ is the state estimate obtained after utilizing the 
observation 𝑦௞ିଵ at moment 𝑘 − 1, i.e., the a posteriori state estimate at moment 𝑘 − 1; 𝑃௞ is the 
a priori estimation error covariance matrix; and 𝑃௞ିଵ is the a posteriori estimation error covariance 
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matrix. 
(2) Abnormal data analysis and processing. 
During the use of wind turbines, unstable factors such as the external environment or vibration 

may interfere with data collection, leading to significant anomalies in the data, such as missing 
data or all-zero data. This type of abnormal data may lead to misleading anomaly detection and 
condition assessment, which in turn may cause significant errors in the results. Therefore, the 
collected data need to be cleaned and processed to guarantee the accuracy of rolling bearing 
condition assessment and its fault diagnosis. Anomalous data usually refers to data that is 
significantly different from the normal operating condition of a wind turbine, with possible causes 
including sensor failures, data transmission errors, or uncertainties such as extreme changes in 
wind speed (too high or too low). 

To reduce the impact of abnormal data on rolling bearing fault diagnosis and status assessment, 
it is necessary to handle these data appropriately to ensure that monitoring parameters can 
accurately reflect the actual operating conditions of the unit during operation. For unreasonable or 
stagnant accumulated data points, they need to be directly deleted based on the wind power 
generation curve. For missing data, it is necessary to decide whether to delete or fill in based on 
the size of the missing data. Standardization is a commonly used technique in data preprocessing, 
whose main purpose is to convert data of different dimensions, units, and scales to a unified 
standard scale. Through standardization processing, differences between data can be eliminated, 
internal relationships between data can be better displayed, accuracy of data analysis and stability 
of model establishment can be improved, while model performance can be enhanced and its 
training process can be accelerated. In this experiment, the maximum minimum normalization 
technique is applied to standardize the data in order to map the original data to the range of [0, 1]. 

4. Experimental section 

4.1. Comparative experiment 

In order to verify the superiority of ADLM in diagnosing and classifying rolling bearing faults 
under complex working conditions, other mainstream fault diagnosis models were selected for 
comparison, mainly including the following four types: 

(1) This article presents the ADLM model. 
(2) Traditional Machine Learning Methods: Artificial Neural Networks(ANN), the hidden 

layer is a 2-layer fully connected layer with 64 nodes in the first layer and 32 nodes in the second 
layer, both of which use the ReLU activation function; the number of nodes in the output layer is 
3 (corresponding to the three types of states: normal, 0.5-mm crack, and 0.8-mm crack). 

(3) Temporal Convolutional Network(TCN), a 3-layer causal convolution is used, with the 
number of filters in each layer being 32, 64, and 128, respectively, and the size of the convolution 
kernel is 3 for all of them, and the expansion factors are 1, 2, and 4 in order to capture the multi-
scale temporal features, and the ReLU activation function is used after each layer of convolution 
with the addition of a Batch Normalization layer to accelerate convergence, and a global average 
pooling is received to the fully-connected layer with the number of nodes being 3. 

(4) Multi-scale convolutional neural network (MSCNN), branch 1 uses a 1×1 convolution 
kernel (capturing local features) with a number of filters of 32 and an activation function ReLU, 
branch 2 uses a 3×3 convolution kernel (capturing medium-scale features) with a number of filters 
of 64 and an activation function ReLU, and branch 3 uses a 5×5 convolution kernel (capturing 
global features) with a number of filters of 128 and an activation function ReLU. 

During model training, the learning rate, mini-batch, and training batch were set consistently 
for each model. The optimizer was the Adam optimizer with a learning rate of 0.0001, the number 
of training rounds was 50, and the mini-batch size was set to 32. In order to reduce the effect of 
randomness, each trial was conducted three times. The evaluation criteria are diagnostic accuracy, 
F1 score, precision, and recall. Diagnostic accuracy is the ratio of correctly diagnosed samples to 
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the total number of samples, which reflects the overall performance of the evaluation method; F1 
score reflects the performance of the evaluation method in each category; precision reflects the 
“accuracy” of the model in predicting the labels of the positive categories; and recall reflects the 
ability of the model to identify all the samples in the positive categories, i.e., the proportion of the 
model finding all the samples that are actually positive cases. The recall rate reflects the model's 
ability to identify all positive samples, i.e. the proportion of actual positive samples identified by 
the model. The results are shown in Fig. 10 and Table 1. 

 
Fig. 10. Comparison of the accuracy of the models 

Table 1. Results of the rubric for each model 
Model Average F1 score / % Average precision / % Average recall / % 
ADLM 98.51±0.18 98.56±0.15 98.52±0.18 
ANN 36.33±4.51 38.37±6.20 36.56±4.62 
TCN 17.84±4.60 12.10±3.60 33.33±5.63 

MSCNN 20.04±0.83 25.51±17.09 40.22±4.70 

As shown in Fig. 10 and Table 1, the method proposed in this paper significantly outperforms 
the other three models in terms of accuracy, F1 score, precision and recall, and the performance 
of ANN, TCN, and MSCNN are all under 40 %, except for MSCNN, which has an average 
accuracy and an average recall just over 40 %. In contrast, the diagnostic accuracy of this paper’s 
method increases significantly, achieving 61.96 %, 65.19 %, and 58.30 % increases relative to the 
comparative models, which strongly validates its excellent performance enhancement. In 
particular, the model in this paper exhibits an extremely low standard deviation of 0.18, which is 
not only lower than all the comparison models, but also proves the high stability and excellent 
robustness of the proposed model on the dataset. 

In order to show more intuitively the accurate precision of the proposed model for each 
classification, the confusion matrix of the fault classification results is plotted. This is shown in 
Fig. 11, where the horizontal axis represents the diagnostic state and the vertical axis represents 
the actual fault state. 

In the figure, 0-2 corresponds to the 3 state categories, the value on the diagonal line is the 
recognition accuracy of each state, and the rest of the values are the error rate of recognition. The 
results in the figure show that the classification accuracy of both category 1 and category 2 is 
100 %, and 4.76 % of category 0 is recognized as category 2. It is verified that the method 
proposed in this paper demonstrates extremely high classification accuracy and stability in the 
field of rolling bearing fault recognition, and effectively reduces the confusion between categories. 

1 2 3 Average
Accuracy

ADLM 98,39 98,77 98,39 98,52
ANN 30,65 41,94 37,10 36,56
TCN 29,35 41,30 29,35 33,33
MSCNN 46,74 35,87 38,04 40,22
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Fig. 11. Confusion matrix 

4.2. Ablation experiment 

In order to further verify the superiority of ADLM in diagnostic classification of rolling 
bearing faults under complex working conditions, ablation experiments are conducted, which 
mainly include the following four types: 

1) This article presents the ADLM model. 
2) Only parallel ACNN, no CFOA BiLSTM. 
3) Only CFOA BiLSTM, no parallel ACNN. 
4) Replace parallel ACNN with single scale ACNN. 
5) Replace BiLSTM with LSTM. 
During model training, the learning rate, mini-batch, and training batch were set consistently 

for each model. The optimizer was the Adam optimizer with a learning rate of 0.0001, the number 
of training rounds was 50, and the mini-batch size was set to 32. In order to reduce the effect of 
randomness, each trial was conducted three times. The evaluation criteria are still diagnostic 
accuracy, F1 score, precision, and recall. The results are shown in Fig. 12 and Table 2. 

 
Fig. 12. Comparison of the accuracy of the models 

The experimental results strongly confirm the significant advantages and effectiveness of the 
integrated model proposed in this paper for rolling bearing fault diagnosis. The comparative 
analysis results show that each module of the model plays an important role in the overall 

1 2 3 Average Accuracy
a 98,39 98,77 98,39 98,52
b 59,68 43,55 45,16 49,46
c 45,16 61,29 54,84 53,76
d 39,20 41,33 51,61 44,05
e 46,77 37,10 41,94 41,94
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performance. Specifically, when the CFOA-BiLSTM module is removed, the diagnostic accuracy 
of the model suffers a significant drop of 49.06 %, while the stability is also significantly 
weakened; similarly, if the parallel ACNN module is removed, the accuracy plummets by 
44.76 %, highlighting its importance at the feature extraction level. Simplifying the parallel 
ACNN to a single ACNN architecture resulted in a 54.47 % decrease in accuracy. And replacing 
BiLSTM with traditional LSTM plummets the accuracy by 56.68 %, highlighting the important 
want of BiLSTM in capturing the complex dependencies of time series. 

In summary, the ADLM deep learning model proposed in this paper not only demonstrates the 
powerful ability of ACNN in feature extraction, but also highlights the excellent advantages of 
CFOA-BiLSTM in processing time series data. The combination of the two significantly improves 
the effectiveness and stability of rolling bearing fault diagnosis. 

Table 2. Results of the rubric for each model 
Model Average F1 score / % Average precision / % Average recall / % 

a 98.51±0.18 98.56±0.15 98.52±0.18 
b 40.82±8.74 56.71±8.21 49.46±7.25 
c 52.66±6.15 55.23±8.64 53.76±6.63 
d 32.74±5.84 50.41±20.94 43.55±6.03 
e 34.44±5.53 34.36±0.93 41.94±3.95 

5. Discussion 

The ADLM model proposed in this paper performs well in rolling bearing fault diagnosis with 
high accuracy and robustness. Compared with existing studies, the main innovations and 
advantages of this paper are as follows: 

1) Combination of feature extraction and time series analysis: the ADLM module proposed in 
this paper combines the feature extraction capability of ACNN and the time series analysis 
capability of CFOA-BiLSTM, which achieves a seamless transition from feature extraction to 
time series modeling, and is able to capture fault features more comprehensively. 

2) Application of optimization algorithm: In this paper, CFOA algorithm is introduced to 
optimize the hyperparameters of BiLSTM, which significantly improves the performance of the 
model. 

3) Robustness and adaptability: through experimental verification, the model in this paper 
performs well in rolling bearing fault diagnosis under the background of complex working 
conditions, and has high robustness and adaptability. 

Although this paper has achieved certain research results, there are still some places that can 
be further improved. Future directions of work include: 

1) Further optimize the model structure: explore more efficient feature extraction and time 
series analysis methods to further improve the performance of the model. 

2) Expanding application scenarios: applying the model in this paper to other types of 
mechanical fault diagnosis, and verifying its applicability and effectiveness in different 
application scenarios. 

3) Improve the optimization algorithm: study more advanced optimization algorithms to 
further improve the optimization efficiency and accuracy of the model. 

6. Conclusions 

In this paper, a rolling bearing fault diagnosis model based on ADLM is proposed. The model 
combines the powerful feature extraction capability of ACNN and the advantages of 
CFOA-BiLSTM in time series analysis to realize the intelligent diagnosis of rolling bearing faults. 
Through a large number of experimental verification, the model in this paper performs well in 
rolling bearing fault diagnosis under the background of complex working conditions, with high 
accuracy and robustness. The main work and conclusions of this paper are as follows: 
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1) Method innovation: the ADLM module is designed to capture the spatial features of the 
bearing vibration signals through the multiscale convolution of ACNN, and combine with the 
CFOA-optimized BiLSTM for dynamic modeling of timing dependencies, which effectively 
solves the problem of the traditional method that is difficult to take into account the multiscale 
features and the time series information. 

2) Performance validation: By comparing with mainstream models such as ANN, TCN, 
MSCNN, etc., the model in this paper improves 61.96 %, 65.19 % and 58.30 % in accuracy, which 
is significantly higher than the other comparison models. 

3) Module contribution: ablation experiments show that the ACNN module can improve the 
feature characterization ability by 44.76 %, and the CFOA-BiLSTM module improves the timing 
prediction accuracy by 49.06 %, and the synergistic effect of the two is significantly better than 
that of a single module or traditional fusion methods. 
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