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Abstract: Applying deep learning to unsupervised bearing fault diagnosis in complex in-
dustrial environments is challenging. Traditional fault detection methods rely on labeled
data, which is costly and labor-intensive to obtain. This paper proposes a novel unsuper-
vised approach, WDCAE-LKA, combining a wide kernel convolutional autoencoder
(WDCAE) with a large kernel attention (LKA) mechanism to improve fault detection un-
der unlabeled conditions, and the adaptive threshold module based on a multi-layer per-
ceptron (MLP) dynamically adjusts thresholds, boosting model robustness in imbalanced
scenarios. Experimental validation on two datasets (CWRU and a customized ball screw
dataset) demonstrates that the proposed model outperforms both traditional and state-of-
the-art methods. Notably, WDCAE-LKA achieved an average diagnostic accuracy of
90.29% in varying fault scenarios on the CWRU dataset and 72.89% in the customized ball
screw dataset and showed remarkable robustness under imbalanced conditions; com-
pared with advanced models, it shortens training time by 10-26% and improves average
fault diagnosis accuracy by 5-10%. The results underscore the potential of the WDCAE-
LKA model as a robust and effective solution for intelligent fault diagnosis in industrial
applications.

Keywords: unsupervised feature learning; machinery fault detection; auto-encoder; kernelized
attention; adaptive thresholding

1. Introduction

With the rapid development of Industry 4.0, modern industrial systems usher in dig-
ital transformation [1], requiring advanced fault detection to maintain safety and effi-
ciency in production processes [2]. As an indispensable part of rotating machinery sys-
tems, bearings directly affect their performance and operation. However, subjected to
complex loads and high-speed operation over extended periods, bearings are susceptible
to wear and structural degradation, potentially compromising performance and operator
safety [3,4]. Therefore, effective and timely fault detection of bearings is essential for main-
taining industrial system stability [5].

Traditional bearing fault diagnosis methods depend on prior knowledge and con-
ventional analysis techniques to derive diagnostic insights [6]. However, the unbalanced
and unlabeled condition of bearings makes traditional methods, such as physical
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modeling, challenging to comprehensively address [7]. With advancements in artificial
intelligence, data-driven fault diagnosis approaches are increasingly being adopted [8].
Unlike traditional techniques, data-driven methods do not require prior knowledge, al-
lowing real-time fault detection based on sensor data [9]. Among these, deep learning-
based intelligent fault diagnosis (IFD) demonstrates significant advantages in processing
extensive long data and accurately assessing machinery health [10,11]. Kiakojouri et al.
[12] proposed a hybrid technique combining improved cepstrum pre-whitening and high-
pass filtering, demonstrating enhanced bearing fault diagnosis capabilities under various
conditions, particularly in detecting incipient faults with low signal-to-noise ratios. Ding
et al. [13] proposed an edge intelligence method for bearing fault diagnosis using a pa-
rameter-transplanted convolutional neural network (S-AlexNet), demonstrating high ef-
ficiency and low cost for embedded systems. Du et al. [14] introduced the Integrated Gra-
dient-based Continuous Wavelet Transform (IG-CWT), an explainable deep learning
method for bearing fault diagnosis that improves fault classification by selecting a key
frequency range. Bertocco et al. [15] proposed a low-computational-cost machine learning
model for roller bearing fault classification, designed for embedded microcontrollers,
achieving efficient real-time fault detection using spectrogram-based preprocessing and a
lightweight CNN architecture.

Yet, deep learning models generally require extensive, labeled, and balanced da-
tasets; annotating extensive industrial datasets is costly and labor-intensive, where nor-
mal data are easily collected, resulting in data imbalances that compromise fault recogni-
tion accuracy [16]. Addressing the challenges of training deep learning models on unla-
beled, imbalanced datasets is essential for effective fault diagnosis [17]. In practical equip-
ment maintenance, bearings are often directly replaced when faulty, without necessitating
precise fault localization or extent analysis [18]. Unsupervised deep learning methods,
which do not require labeled samples, are well-suited to facilitate rapid anomaly detection
in bearings [19]. These methods adhere to the basic process of intelligent fault diagnosis:
data collection, feature extraction, and pattern recognition, with feature extraction playing
a particularly critical role [20]. High-quality features not only reveal potential fault infor-
mation but also distinguish diverse fault types [21].

Common unsupervised fault detection techniques based on feature extraction fall
broadly into two categories: feature clustering and feature reconstruction. Clustering
methods include K-means, K-medoids, DBSCAN, and HDBSCAN [22]. Feature recon-
struction methods, such as Autoencoders (AE), are typical feature learning techniques that
encode input data into lower-dimensional features and then decode to reconstruct the
original data [23]. By modifying the basic AE, there are now many variants of AE models,
such as DAE (Denoising Autoencoder), SAE (Sparse Autoencoder), convolutional autoen-
coders (CAE), and SAEs (stacked autoencoders) [24-28].To adapt to the unbalanced and
unlabeled condition and improve model robustness and generalization ability, Zhang Z
et al. [18] proposed the sparsity-optimized autoencoder (SOAE), demonstrating enhanced
feature discrimination and robustness against noise. Zhang J et al. [29] proposed the mod-
ified denoising autoencoder with self-attention (MDAE-SAMB) for fault detection and
representation learning for few-shot classification and unknown fault identification,
achieving high accuracy and robustness. However, feature clustering methods often
struggle with key feature extraction from long-term data, while feature reconstruction
methods exhibit lower accuracy in addressing complex industrial environments. There-
fore, there is a pressing need for an unsupervised fault diagnosis method that can effi-
ciently extract data features and adapt to complex industrial environments for rapid and
accurate bearing fault detection.

This study proposes a model based on a Wide-Kernel Convolutional Autoencoder
(WDCAE) and a Large-Kernel Attention (LKA) mechanism, referred to as WDCAE-LKA,
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for advanced fault diagnosis of rolling bearings. The WDCAE module captures fine-
grained features from raw vibration signals, while the LKA module improves the extrac-
tion of critical information. Additionally, a multi-layer perceptron (MLP)-based adaptive
thresholding module enables dynamic threshold adjustments, enhancing model adapta-
bility and reliability across diverse operational conditions. The main contributions of this
paper are as follows:

(1) Powerful Feature Extraction Capability: The wide-kernel convolutional autoen-
coder, combined with the large-kernel attention mechanism, enhances fine-grained fea-
ture capture, significantly improving fault detection accuracy.

(2) Adaptive Threshold Adjustment Mechanism: The MLP-based adaptive threshold-
ing module provides flexibility to adapt to the unbalanced condition, thereby improving
diagnostic precision and reliability.

(3) Strong Adaptability to Changing Complex Industrial Environments: Experi-
mental validation on two datasets demonstrates that the WDCAE-LKA model excels
across both stable and variable operational conditions, underscoring its potential for
broad industrial applications.

In conclusion, the WDCAE-LKA model combines advanced feature extraction with
an adaptive threshold adjustment mechanism, offering a robust solution for fault diagno-
sis under complex conditions. The structure of the paper is as follows: Section 2 introduces
the foundational principles of AE models and attention mechanisms; Section 3 details the
WDCAE-LKA model; Section 4 presents experimental results and analysis; Section 5 con-
cludes the paper.

2. Basic Theory
2.1. Standard Autoencoder

The Autoencoder (AE) is a neural network-based technique used in unsupervised
learning for dimensionality reduction and feature extraction. The basic structure of an AE,
as shown in Figure 1, includes two primary processes: compression (encoding) and recon-
struction (decoding), both implemented through neural networks. In its simplest form, an
AE consists of a symmetrical three-layer architecture: an input layer, a hidden (or latent)
layer, and an output layer. The input and output layers contain an equal number of neu-
rons, ensuring that the AE attempts to reconstruct the input data accurately. When a sam-
ple x € R" is introduced into the network, the encoder compresses this input, producing
a feature vector f € R/ in the hidden layer. The decoder then reconstructs this feature
vector, yielding an output vector z € R'. Here, I and | denote the dimensions of the in-
put and hidden layers, respectively. The encoding and decoding processes are mathemat-
ically represented as follows:

1
os(t) = Txp(—t) 1)
f = o;(Wex + b) )
z = os(Waf + ba) 3)

Here, o,(t) represents the commonly used Sigmoid activation function. The weight
matrices for the encoder and decoder are denoted by W, € R™ and Wy, € R, respec-
tively, while b, € R/ and b, € R' are the bias vectors. The parameter set for the
AE, {W,, Wy, b,, by}, is optimized over the unlabeled training sample set {x*,x?, e, XN} by
minimizing the following cost function:

Yar W, Wa, be, ) = 5= _ 1 Il x™ = 2" 113 )
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After training, the optimized encoding function o5 (W,",b; ) can serve as a feature
extractor for any input sample r € R' [30].
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Figure 1. Network structure of AE.

The standard AE is widely applied due to its adaptive and robust feature learning
capabilities, especially with non-sequential data. However, in complex time-series data, it
only considers the current input, overlooking temporal correlations and thus limiting its
ability to capture time-dependent patterns. To address this issue, this paper proposes a
novel Wide-Kernel Convolutional Autoencoder (WDCAE) to improve feature extraction
and adaptability. Through wide convolutional kernels, the WDCAE captures granular
features during encoding, providing a clear advantage in reconstructing and classifying
complex signals.

2.2. Self-Attention Mechanism

The self-attention mechanism is a core component of the Transformer architecture
and enables sequence representation by computing correlations between distinct posi-
tions in a sequence. When handling long sequences, self-attention facilitates parallel com-
putation of dependencies across positions, enhancing computational efficiency. The visu-
alization of attention weights further aids in identifying focus regions within the model,
thereby enhancing interpretability and providing insights into the decision-making pro-
cess [31].

In the self-attention mechanism, the mapping of hidden layer neurons and their im-
portance is derived through the following formula:

) K\T
Attention(Q,K,V) = softmax(%)wwv) (5)
s= ¢p(xf) = m (6)

where s = [sl, S, w) sb], ws and b, are the weight matrix and bias vector in the self-at-
tention layer, respectively, with ¢ as the sigmoid activation function. Here, dk represents
the dimensionality of the key’s hidden representation, while WX, W<, WV are the pro-
jection matrices for the query, key, and value, respectively, in a single attention head. For
simplicity, in multi-head attention with k heads, we omit the notation for multiple sets of
projection matrices in the equations below [31].
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Traditional self-attention calculates attention scores via the dot product of the query
and key, which can incur high computational costs and hinder performance in capturing
complex nonlinear relationships. The Kernelized Attention module replaces the dot prod-
uct with a kernel function, allowing the model to capture complex nonlinear dependen-
cies more effectively, improving both computational efficiency and the ability to capture
spatial correlations and long-range dependencies.

3. Proposed Intelligent Fault Diagnosis Method

Figure 2 illustrates the structure of the proposed LKA-WDCAE, which is composed
of a main branch and multiple auxiliary branches. First, the bearing signal undergoes pre-
processing through a wavelet denoising algorithm to minimize noise interference. Next,
the designed LKA-WDCAE, which enhances the traditional three-layer AE structure, im-
proves model performance while reducing parameter count, enabling accurate signal re-
construction. Finally, a Multi-Layer Perceptron (MLP) dynamically calculates an adaptive
threshold based on the reconstruction error and signal features to identify fault signals
under the unbalanced and unlabeled condition.
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2 Fault Detection

Unlabeled traning data Data preprocessing

Encoder Decoder WWW
e Deconv layer]
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Figure 2. Overview structure of the proposed LKA-WDCAE.

3.1. Large Kernelized Attention-Base Feature Extraction

The Large Kernelized Attention (LKA) module builds upon the standard attention
mechanism by incorporating a kernel function transformation to refine the relationships
between Query and Key. Define Q € R¥*L, K € R#*L, and V € R™*! as the query, key,
and value matrices, where W and H denote the sequence width and height, and L rep-
resents the feature dimensionality.

Initially, both the query and key matrices are transformed via a large kernel function
¢ (), resulting in the following mapped feature representations:

Q) € R, p(K) € R @)

As depicted in Figure 3a, the LKA module operates on an input feature map F €
REWXH where C represents the number of input channels, and d denotes the dilation
rate. The output of the large kernel function is computed using Equations (8)—(11) as fol-

lows:
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ARES ZH.WW(gd—l)xl * (ZH,Wfo(Zd—n * FC) )
CcC _ C Cc 7C
VAR ZH,W W[%]n * (ZH,W W1><[§] * Z ) )
AC = Wiy * Z€ (10)
F¢ = A° Q F€ (11)

Here, * and @ denote convolution and Hadamard (element-wise) product, respec-
tively. The term Z° represents the output of depthwise convolutions of sizes (2d - 1) x 1
and 1 x (2d — 1) applied to the input feature map F, capturing localized spatial information
and mitigating grid effects. Z¢ is derived by applying a depthwise convolution with ker-
nel size [g] to Z°. This output is then convolved with a 1 x 1 kernel to generate the atten-
tion map A°. The final output of the LKA module, F¢, is obtained as the Hadamard prod-
uct of the attention map A® and the input feature map F€.
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Figure 3. Structure of LKA.
The attention score A is calculated as follows:
L @ g )

K

where ¢(Q) and ¢(K) are the query and key matrices transformed by the kernel func-
tion module, respectively, and K is a normalization factor that ensures the sum of atten-
tion scores equals 1.

Next, the attention score A is used to perform a weighted summation over the value
matrix V, resulting in the final output:

Output = A-V (13)

This output is a weighted combination of nonlinear patterns captured by the kernel
function, allowing the LKA module to handle complex input data patterns more effec-
tively. Particularly suited for scenarios requiring higher-order feature extraction, the LKA
design reduces computational complexity compared to the traditional self-attention
mechanism. This efficiency enhancement makes LKA advantageous for industrial appli-
cations with rapid processing requirements.

3.2. Threshold Generation with LKA-WDCAE
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The LKA-WDCAE model leverages unsupervised learning, which removes the re-
quirement for labeled data in training. This model incorporates the Large Kernel Attention
(LKA) mechanism in both encoding and decoding processes. In the encoding phase, the
input signal is compressed into a low-dimensional latent space, while the decoder maps
this latent representation back to reconstruct an output signal that closely resembles the
original input.

During the encoding phase, the input data undergo feature extraction through con-
volutional layers and LKA layers, expressed as follows:

c, = f(z Wox; + b) (14)

Zene = LKA(C) (15)

where C; represents the feature map output from the convolutional layer, W is the con-
volution kernel, x; is the input feature map, b; is the bias term, and ® denotes the con-
volution operation. Z,,. is the encoded feature map output, and LKA (-) denotes the ap-
plication of the Large Kernel Attention module on the feature map. Through successive
convolutional layers and LKA layers, the model incrementally extracts higher-level ab-
stract features.

In the decoding phase, the encoder’s output is processed through transposed convo-
lution layers with integrated LKA modules, represented by:

éi = f(z WT@Zenc + B\l) (16)

X = LKA(C) (17)

where WT is the transposed convolution kernel, Z,,. is the decoder’s output, b, is the
bias term, and X; is the output after the Large Kernel Attention layer. Key parameters
such as stride and padding are used in the transposed convolution to control the spatial
dimensions of the output feature map.

The model’s reconstruction loss is optimized using the Mean Squared Error (MSE)
loss function, defined as:

~\2
Hmse = %Z{V: 1(Xi - Xi) (18)

where . represents the final reconstruction error, X; is the original input data, X; is
the reconstructed output, and N is the sample size. By minimizing the MSE loss, the
model iteratively optimizes its performance during training, thus improving reconstruc-
tion accuracy.

The integration of LKA modules significantly improves the model’s ability to process
long-sequence signals, yielding higher reconstruction accuracy and establishing a robust
foundation for applications involving complex datasets.

3.3. Threshold Adaptation with MLP

To improve fault detection under the unbalanced condition, an adaptive threshold
prediction method utilizing a Multi-Layer Perceptron (MLP) is introduced. This section
focuses on the structure and function of the MLP, explaining how it computes the adap-
tive threshold based on input features and integrates the reconstruction error from the
LKA-WDCAE for fault detection.

The proposed method predicts the adaptive threshold by extracting various features
from the reconstruction error of the LKA-WDCAE model, as explained in Section 3.2, and
combines these with the time-frequency features of the original signal to form a
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comprehensive input dataset for training. The selected features, representing essential as-
pects of both the reconstructed and original signals, are listed in Table 1.

Table 1. The extracted features and their formulas.

Features of Error Features of Signal Formula
Maximum Maximum Zimax = max(z)
Minimum Minimum Zmin = min(z)

Peak-to-Peak Value Peak-to-Peak Value Zp_p = max(z) — min(z)
n
1
Mean Mean Zmean = EZ z;

Variance Variance Zypar =

- Root mean square Zrms =

- Skewness Zskew =

4
- Kurtosis Ziwrt = E [( - ) ]
- Wavelet Coefficient Eyr = X1 wti (D/N

These extracted features provide a comprehensive view of both the reconstruction
quality and statistical characteristics of the signal, enriching the input data for MLP mod-
ule. The MLP receives the extracted feature vector F = [fy, f5, ..., f], which integrates fea-
tures derived from both the reconstruction error of the LKA-WDCAE model and the vi-
bration signal itself, to produce an adaptive threshold for effective fault detection. By dy-
namically adjusting the threshold based on these robust signal characteristics, the MLP
aids in distinguishing between normal and fault conditions under diverse operating sce-
narios.

The MLP architecture is structured with two hidden layers, where each hidden layer
employs the ReLU activation function, and the output layer uses a linear activation func-
tion to yield a continuous threshold value. The output formula of the MLP is as follows:

Hadaptive = f F) = W, o (WL—l ' U(---U(Wl F + bl) )t bL—l) + b, (19)
MLP

where [ gqapeive 1S the final output adaptive threshold, W; represents the weight matrix
of the i-thlayer, b; isthe bias vector of the i-thlayer, ¢ isthe ReLU activation function.
L denotes the number of hidden layers. This formula describes how the input features are
progressively transformed through each layer’s weights, biases, and activation functions
in the MLP, ultimately generating an adaptive threshold tailored for reliable fault detec-
tion across varying conditions.

3.4. Combination Strategy Design

With the construction of the LKA-WDCAE module and MLP module complete, the
next phase is to develop an integrated fault diagnosis decision system. This combination
strategy involves the following key steps:

1. Data Collection and Denoising: Acquire unlabeled data from rolling bearings, apply-
ing noise reduction techniques to filter out industrial noise interference. This step is
crucial for ensuring the input data quality, allowing the model to focus on meaning-
ful signal features.
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2. Feature Extraction and Reconstruction: Employ the LKA-WDCAE module to extract
features from the denoised input data and perform accurate signal reconstruction.
The module computes the reconstruction error of the dataset, which will be utilized
in later stages for fault detection.

3. Threshold Generation: Using both the reconstruction error and original signal fea-
tures obtained from the LKA-WDCAE module, train the MLP module to produce an
adaptive threshold. This threshold acts as the criterion for distinguishing between
normal and faulty signals.

4.  Stability Assurance: Conduct repeated experiments and model training to ensure the
stability and reliability of diagnostic results, making the system robust to various op-
erational conditions.

The pseudo code for the proposed method is provided in Algorithm 1, and the de-
tailed architectures of the LKA-WDCAE model components are summarized in Table 2.
This combination strategy integrates feature extraction, threshold generation, and stabil-
ity assurance to provide a comprehensive fault diagnosis framework tailored for complex
industrial applications.

Algorithm 1: LKA-WDCAE

# Training stage

Input: unlabeled source datasets x = [xy,x;, ..., X,;,] € R¥™

1: for epoch =1 to epochs do
2: Randomly sample source data from unlabeled datasets.
3. Extract features with the convolutional layer, using Equation (14) for
calculation.
4. Compute attention scores of feature maps with the large kernel
attention layer, using Equation (15).
5. Restore the signal through the deconvolution layer, calculated by Equation (16).
6. Calculate reconstruction error as output using Equation (18).
7. Use the output reconstruction error and original signal features as
input to the MLP.
8. Adaptively adjust the reconstruction error by Equation (19).

9.end for

Return: The Adaptive Threshold u 4qaptive -

# Testing stage
Input: Unseen target dataset x'.
Model: The Adaptive Threshold  4gaptive -

Output: Final diagnosis decisions.

Table 2. Detailed structure parameters of the proposed method.

Module Name Layer Type Parameters Operation
Convolution Kernel 16-64 x 4 BN, ReLU
Max-Pooling Kernel 16-2 x 2 /
Convolution Kernel 32-3 x 1 BN, ReLU
Large Kernel Attention 256, head = 8 ReLU, Sigmoid
Convolution Kernel 64-3 x 1 BN, ReLU
LKA-WDCAE Max-Pooling Kernel 64-2 x 2 Flatten
Linear Layerl 64, 1024
Linear Layer2 1024, 64 x 128 UnFlatten
ConvTranspose Kernel 32-3 x 1 ReLU
Large Kernel Attention 256, head =8

ConvTranspose Kernel 16-3 x 1 ReLU
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ConvTranspose Kernel 16-64 x 4 ReLU
Input Layer Input Size: 14
Linear Input: 14 Output: 128 BN
MLP Linear Input: 128 Output: 64 ReLU
Dropout p=02
Linear Input: 64, Output: 32 ReLU
Linear Input: 32, Output: 1 Linear (None)

4. Experimental Results and Discussion

To simulate real-world industrial scenarios, the proposed method was tested on two
mechanical test rigs. The objective was to assess the performance of the LKA-WDCAE
model and its individual components for fault detection under various conditions. The
evaluation involved two main steps: initially, five variants of AE-based unsupervised
methods were selected for comparison, and these methods served as a benchmark to
measure the LKA-WDCAE model’s performance in terms of reconstruction accuracy and
fault detection capability. Subsequently, ablation studies were conducted to verify the ef-
fectiveness of the different components of the method.

4.1. Dataset Description

(1) CWRU Public Bearing Dataset

Figure 4 shows the schematic of the experimental setup from Case Western Reserve
University Lab. The experimental setup mainly contains an induction motor, an accel-
erometer, testing bearings, and a loading motor. Vibration signals are collected by accel-
erometers [32]. Figure 5 displays the vibration waveforms for various fault conditions,
including normal, rolling element fault, inner race fault, and outer race fault, with failure
diameters of 0.178 mm, 0.356 mm, and 0.533 mm, respectively. Data are gathered from
both the drive-end (DE) and fan-end (FE) bearings, at a rotational speed of 1772 rpm and
a sampling frequency of 12 kHz. For each fault type, 200 samples are collected, with each
sample comprising 1024 data points and 512 points overlapping with adjacent samples,
resulting in 2000 total samples for each dataset. Table 3 provides a detailed description of
the experimental data.

(2) Ball Screw System Bearing Fault Simulation Experimental Platform

Figure 6 shows the 3D model of the ball screw system bearing failure experiment (a)
and the actual failure simulation experiment platform (b). The platform mainly includes
a mobile platform, rolling linear guide, support end bearing, fend bearing seat, ball screw,
and a servo motor. This experiment uses two triaxial accelerometers to capture vibration
signals from the platform. Additionally, three voltage sensors and three current sensors
collect line voltage and current output from the servo motor. Signals are transmitted
through National Instruments (NI) devices with a sampling frequency set to 10,240 Hz,
while feedback from the motor driver, including command and actual position, speed,
and output torque, is recorded at an approximate sampling frequency of 2000 Hz. Table 4
outlines the data collection arrangement. Using driver feedback data and timestamps, the
motion time of each ball screw stroke is aligned with the sensor data to prepare samples
for training and validating the intelligent diagnostic algorithm. Tests are conducted under
various fault conditions, and Figure 7 illustrates the vibration signal waveforms for each
fault, including inner race, outer race, rolling element, and cage faults, as well as normal
conditions. The number of samples of each type in the original vibration signal is 500, and
the length is 1024 data points.
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Figure 7. Original vibration signal from the self-built bearing fault experiment; (1) normal, (2) ball
fault, (3) inner race fault, (4) outer race fault, (5) cage fault.

Table 3. Data distribution of CWRU bearing dataset.

Bearing State Sensor Diameter (mm) Class Label Data Length Sample Number

Normal - Nor 1024 200
Rolling ele- 0.178 Ro07 1024 200
ment fault 0.356 Rol7 1024 200
0.533 Ro21 1024 200
DE & 0.178 In07 1024 200
Inner ring fault FE 0.356 In17 1024 200
0.533 In 21 1024 200
Outer ring 0.178 Ou07 1024 200
0.356 Oul4 1024 200

fault

0.533 Ou21 1024 200
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Table 4. Experimental data collection arrangement.

llection De- li
Signal Type  Sensor Model  Sensor Layout Collection De-  Sampling

vice Frequency
1 attached magneti-
cally to the fixed end
Vibra.tion Accelera— PCB 356A16 bearing seat, another NI 9230
tion Signal to the support end
bearing seat or mobile
platform
Servo Driver
Servo Information — — Panasonic ~2000 Hz

MBDLN25BE

4.2. Compared Approaches and Implementation Details

To comprehensively evaluate the performance of the proposed WDCAE-LKA model,
we designed a series of seven fault detection tasks with varying proportions of normal
and fault signals. These tasks simulate real-world industrial conditions where fault data
availability may vary, reflecting scenarios from purely normal data to highly imbalanced
datasets containing increasing proportions of fault signals. As shown in Table 5, the pro-
portion of normal samples in the dataset used for model training in taskl-task? has de-
creased from 100% to 70%, and the proportion of faulty samples has increased from 0 to
30%. The diagnostic accuracy of a fault detection model will typically vary as the normal
to fault ratio changes. Specifically, accuracy tends to decrease as the proportion of normal
data decreases. This behavior is primarily due to the following factors: (1) The recon-
structed models rely on sufficient normal data to establish baseline patterns for accurate
anomaly detection; (2) at higher fault proportions, the overlapping characteristics of nor-
mal and fault signals become more pronounced, leading to increased reconstruction errors
for both normal and faulty samples.

Table 5. Unsupervised fault detection tasks for two datasets.

Task

Name Signal Proportion Task Description

Task1 100% normal signals, 0% fault signals simulates a fault-free baseline scenario

Task2  95% normal signals, 5% fault signals ~ simulate an early-stage fault scenario

Task 3  90% normal signals, 10% fault signals ~ simulate a moderate fault scenario

Task 4 85% normal signals, 15% fault signals simulates more noticeable fault oceur-

rences

Task 5 80% normal signals, 20% fault signals simulates a challenging scenario

simulates real-world imbalanced da-
tasets

Task 7 70% normal signals, 30% fault signals simulates highly imbalanced datasets

Task 6 75% normal signals, 25% fault signals

To evaluate the effectiveness of the proposed LKA-WDCAE model in addressing
fault detection in unlabeled data, a comparative analysis was conducted involving several
mainstream intelligent fault detection algorithms. Specifically, three basic AE model var-
iants (M1-M3) were selected to benchmark the performance of the LKA-WDCAE. Addi-
tionally, two popular and advanced AE model variant algorithms (V1-V2) were tested to
assess performance differences between the proposed method and state-of-the-art tech-
niques (see Table 6 for details). Finally, an ablation study was performed using three
model variants (A1-A3) to analyze the necessity of each component, and two model var-
iants (B1 and B2) replaced the Large Kernel Attention Layer in A2 and A3 with a self-
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attention layer to analyze the advantages of the large core attention mechanism (see Table
7 for details).

All experiments were conducted on a Windows 11 64-bit system with an AMD Ryzen
7 5800H CPU (3.20 GHz) and an NVIDIA GeForce GTX 3060 GPU, utilizing the PyTorch
(Version 2.0.0+cul18) framework. To minimize the influence of random variations, each
experiment was repeated 10 times, with the average value taken as the final result. For
consistency, all compared methods used the same backbone network as the proposed
model to generate feature representations. The proposed method obtains the optimal val-
ues of learning rates, batch sizes, feature dimensions, kernel sizes, strides, and optimizers
on the CWRU dataset through grid search (backbone network parameters, see Table 2).
Each model was trained for 200 epochs, with a batch size of 32. The Adam optimizer was
used with an initial learning rate of Ir = 0.001. Hyperparameters for the compared
methods were set according to their respective original papers.

Table 6. Variants of the five AE models.

Method Description
M1 DAE, analogous to AE, with enhanced resistance to noisy signals.
D VAE, analogous to AE, offering advantages in generative capability, latent
space continuity, generalizability, and interpretability.
M3 DAE, analogous to AE, with added sparsity constraints for learning more
representative features.
V1 MDAE-SAMB [32], integrates attention mechanisms within neurons for effi-
cient and precise fault detection.
V2 SOAE [14], includes two sparse optimization attributes for high-precision

unsupervised fault detection.

Table 7. Ablation study.

LP A i
Wide Kernel Con- Large Kernel At- Self-Attention M dapflve
Method . . Thresholding
volution Layer tention Layer Layer
Layer

Al X X X X
A2 v x x x
A3 v v x x
B1 v x v x
B2 v x v v
LKA-WDCAE v v x v

4.3. Diagnosis Results and Performance Analysis

(1) Comparison with unsupervised AE variants

Three unsupervised baseline AE variants—DAE, VAE, and SAE (M1, M2, M3)—were
selected as comparative baselines. Specifically, M1 enhances noise resistance by incorpo-
rating a denoising module in the bottleneck layer; M2 generates synthetic data by model-
ing the input data’s probability distribution, making it suitable for learning latent distri-
butions in new samples; and M3 learns sparse features by optimizing sparsity constraints
during the training lifecycle. Additionally, two widely recognized advanced unsuper-
vised learning methods—MDAE-SAMB (V1) and SOAE (V2)—were also included as
benchmark methods. V1 integrates multi-head attention mechanisms for improved fea-
ture discrimination within the DAE model, while V2 incorporates a sparsity optimization
penalty term into the SAE model to enhance the sparsity of hidden layer feature
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Accuracy(%)

distributions. The mean diagnostic accuracy outcomes from ten repeated experiments are
presented in Figure 8, with specific result detailed in Table 8.

From Figure 8, four significant conclusions can be drawn: (1) The proposed LKA-
WDCAE model, leveraging robust feature extraction capabilities, significantly outper-
forms the three basic AE variants across all diagnostic tasks, achieving the highest accu-
racy. This result suggests that LKA-WDCAE is well-suited to industrial applications in-
volving unlabeled data. (2) Compared to other methods, the proposed model demon-
strates notable performance gains under complex operational scenarios. This improve-
ment is attributed to the reliance of other methods on reconstructing original signals for
fault diagnosis, which does not account for the presence of fault signals within training
samples. As the proportion of fault samples increases, the diagnostic accuracy of these
models declines sharply, whereas LKA-WDCAE maintains high diagnostic accuracy due
to the adaptive thresholding module’s integration. (3) In Task 1, both V1 and V2 outper-
form LKA-WDCAE, as these advanced methods possess specialized advantages in signal
processing. According to Table 9, the proposed model improves training speed through
the wide kernel design, resulting in slightly lower accuracy compared to V1 and V2 under
certain conditions. However, as the proportion of fault signals increases, the diagnostic
accuracy of LKA-WDCAE gradually becomes higher than that of V1 and V2. (4) Results
across multiple experiments show that LKA-WDCAE has a significantly lower standard
deviation compared to other models, signifying greater stability and robustness across
complex industrial environments. This consistency in fault detection accuracy validates
the model’s effectiveness in handling uncertainty and noise in industrial environments,
underscoring its practical and applied significance in intelligent fault diagnosis systems.
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Figure 8. Experimental results of the proposed method and AE variant fault detection.

Table 8. Performance comparison of fault detection.

Task Name M1 M2 M3 V1 V2 Proposed
CWRU-Task1  80.36% 80.10% 83.52% 99.83% 98.39% 98.87%
CWRU-Task2  76.74% 76.97% 78.99% 93.37% 93.89% 95.63%
CWRU-Task3  72.96% 72.24% 73.96% 90.42% 89.42% 92.41%
CWRU-Task4  67.99% 68.03% 68.91% 85.44% 85.91% 89.25%
CWRU-Task 5  62.13% 63.37% 62.24% 81.13% 80.60% 88.09%
CWRU-Task 6  55.76% 56.50% 57.68% 77.13% 76.28% 84.97%
CWRU-Task 7  48.24% 50.45% 50.18% 72.95% 71.66% 82.82%

CWRU-Avg 66.12% 66.95% 67.93% 85.75% 85.16% 90.29%
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Ball screw-Task 1  68.78% 70.89% 73.52% 88.21% 86.91% 86.25%
Ball screw-Task 2 65.45% 67.54% 70.45% 82.04% 81.93% 82.47%
Ball screw-Task 3  61.12% 62.32% 65.12% 77.84% 77.52% 79.60%
Ball screw-Task 4  56.32% 58.75% 60.78% 71.54% 71.66% 75.82%
Ball screw-Task 5 52.67% 53.90% 54.54% 66.43% 67.21% 73.12%
Ball screw-Task 6 46.90% 47.78% 49.40% 61.13% 61.49% 71.43%
Ball screw-Task 7 41.23% 42.11% 42.25% 58.02% 53.45% 67.45%

Ball screw-Avg  56.07% 57.61% 59.43% 71.90% 72.25% 76.59%

Table 9. Computation training time (s) of three methods.

Task Name Vi1 V2 LKA-WDCAE
CWRU-Task 1 98.68 113.13 96.78
Ball screw-Task 1 104.42 115.10 101.93

(2) Effectiveness of Different Modules

An ablation study was conducted to evaluate the contribution of each model compo-
nent by systematically removing individual components and observing the resulting per-
formance changes. Five variants of the proposed method, outlined in Table 7, were used
for this purpose. Figure 9 shows the diagnostic results of these variants, with specific re-
sults detailed in Table 10. By comparing the results of A3 with those of LKA-WDCAE, it
is evident that the wide-kernel convolution and large-kernel attention layers demonstra-
bly enhance feature extraction and reconstruction capabilities. By comparing B1 with A3,
and B2 with LKA-WDCAE, we can find that the large core attention mechanism does re-
duce the prediction accuracy of the model compared with the self-attention mechanism,
but it improves the speed of the model by 10-26% (see Table 11). The removal of the adap-
tive thresholding module resulted in a performance decline across all tasks except Task 1,
underscoring the essential role of this module in adapting to unbalanced condition.

To provide a more intuitive representation of the model’s fault detection capabilities,
the reconstruction error and detection threshold of test samples from Task 5 were plotted
in two-dimensional space, as shown in Figure 10. The proposed method effectively dis-
tinguishes different types of signals and produces distinct clusters for each type.

Accuracy(%)

[ AN A2 AN 81T B2 Proposed AN A2 AN 817 B2 Proposed

100

Accuracy(%)

Task 1 Task2 Task3 Task4 Task5 Task6 Task7 Avg Task 1 Task2 Task3 Task4 Task5 Task6 Task7 Avg
(a)fault identification results of CWRU dataset (b)fault identification results of Self-built dataset

Figure 9. Experimental results of the proposed method and its variant fault detection.
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Table 10. Performance comparison of the variants and LKA-WDCAE.

Task Name Al A2 A3 B1 B2 WIi;(é A;E
CWRU-Task 1 75.82% 81.63% 98.87% 99.21% 99.21% 98.87%
CWRU-Task 2 72.58% 78.12% 93.12% 93.54% 95.97% 95.63%
CWRU-Task 3 69.30% 73.39% 89.37% 90.12% 92.84% 92.41%
CWRU-Task 4 63.12% 69.14% 84.76% 86.85% 90.34% 89.25%
CWRU-Task 5 56.99% 64.51% 80.58% 82.37% 88.53% 88.09%
CWRU-Task 6 50.45% 57.72% 76.23% 78.43% 85.23% 84.97%
CWRU-Task 7 43.67% 51.86% 70.88% 73.76% 83.45% 82.82%

CWRU-Avg 61.57% 68.04% 84.83% 86.32% 90.79% 90.29%

Ball screw-Task 1 67.34% 72.34% 86.25% 87.64% 87.64% 86.25%
Ball screw-Task 2  65.88% 68.92% 81.23% 82.43% 82.91% 82.47%
Ball screw-Task 3  61.45% 63.11% 77.11% 78.25% 80.47% 79.60%
Ball screw-Task4  56.10% 59.45% 72.78% 73.68% 76.42% 75.82%
Ball screw-Task 5  51.25% 54.03% 66.54% 67.19% 73.85% 73.12%
Ball screw-Task 6  45.63% 48.89% 61.40% 61.96% 71.96% 71.43%
Ball screw-Task 7 39.05% 42.76% 55.25% 58.73% 68.13% 67.45%

Ball screw-Avg 49.53% 58.50% 71.51% 72.84% 77.34% 76.59%

Table 11. Computation training time (s) of five methods.

Task Name A1 A2 A3 B1 B2 “:“];((‘;E
CWRU-Task 1 65.14 82.35 91.28 107.81 122.32 96.78
Ball screw-Task 1 72.56 86.23 94.72 112.15 128.47 101.93
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(a)fault identification results under unspupervised condition of CWRU dataset
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Figure 10. Visual fault detection verification results of two datasets in Task 5.

This analysis underscores the essential role of each module in optimizing the overall
performance of the proposed method. Specifically, the wide-kernel convolution and large-
kernel attention mechanisms substantially enhance the model’s capacity for feature ex-
traction and fault pattern reconstruction. Furthermore, the adaptive thresholding module
proves indispensable for ensuring robustness and adaptability under unbalanced and un-
labeled conditions.

5. Conclusions

In this study, we proposed a wide-kernel deep convolutional autoencoder model
(LKA-WDCAE) for label-free fault diagnosis in industrial settings. The model innova-
tively integrates wide-kernel convolutional modules, large-kernel attention mechanisms,
and an adaptive thresholding module to address the challenges of unlabeled, imbalanced,
and noisy datasets. The model’s effectiveness was thoroughly validated through experi-
ments on the CWRU dataset and a self-built dataset. Key findings include:

(1) The proposed model achieved superior diagnostic performance across varying
fault scenarios. On the CWRU dataset, it attained an average accuracy of 90.29%, outper-
forming advanced methods such as MDAE-SAMB and SOAE by 4.54% and 5.13%, respec-
tively. On the custom ball screw dataset, the model maintained high diagnostic accuracy,
with a significant performance gain of 5-15% compared to baseline methods under imbal-
anced fault conditions.

(2) The adaptive thresholding module demonstrated robust adaptability, particularly
in challenging scenarios with low fault signal proportions (e.g., Task 2 with only 5% fault
signals, achieving 95.63% accuracy).

(3) In ablation studies, the integration of wide-kernel convolutions, large-kernel at-
tention mechanisms, and the adaptive thresholding module resulted in a 15-20% im-
provement in accuracy compared to variants without these components.

(4) The proposed model exhibited a faster training speed compared to state-of-the-
art methods, with a reduction in computation time of up to 20% on average across tasks.

The findings validate the feasibility of wide-kernel convolutions auto-encoder, large
kernel attention mechanisms and MPL Adaptive module for label-free fault diagnosis, of-
fering a viable solution for unsupervised fault diagnosis in industrial applications. The
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proposed approach demonstrates strong potential for practical implementation in real-
world industrial environments.

Despite its promising performance, the proposed WDCAE-LKA model has certain
limitations. First, though the wavelet denoising preprocessing step mitigates noise inter-
ference, extreme noise levels may still impact diagnostic accuracy. Secondly, the model’s
adaptability to entirely unseen operating conditions requires additional validation. Future
research will focus on addressing these limitations by incorporating domain adaptation
techniques to enhance generalizability across unseen conditions, exploring lightweight
attention mechanisms for real-time applications, and expanding the validation datasets to
cover a broader range of industrial scenarios.
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