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Abstract: With the advent of Industry 4.0, marked by a surge in intelligent manufacturing, advanced sensors embedded in smart factories now enable extensive data collection on equipment operation. The analysis of such data is pivotal for ensuring production safety, a critical factor in monitoring the health status of manufacturing apparatus. Conventional defect detection techniques, typically limited to specific scenarios, often require manual feature extraction, leading to inefficiencies and limited versatility in the overall process. Our research presents an intelligent defect detection methodology that leverages deep learning techniques to automate feature extraction and defect localization processes. Our proposed approach encompasses a suite of components: the high-level feature learning block (HLFLB), the multi-scale feature learning block (MSFLB), and a dynamic adaptive fusion block (DAFB), working in tandem to extract meticulously and synergistically aggregate defect-related characteristics across various scales and hierarchical levels. We have conducted validation of the proposed method using datasets derived from gearbox and bearing assessments. The empirical outcomes underscore the superior defect detection capability of our approach. It demonstrates consistently high performance across diverse datasets and possesses the accuracy required to categorize defects, taking into account their specific locations and the extent of damage, proving the method’s effectiveness and reliability in identifying defects in industrial components.
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1  Introduction

With the rise of information technology and the Internet of Things (IoT), the era of Industry 4.0, led by intelligent manufacturing, is rapidly approaching. Global manufacturers are upgrading their production factories to embrace digitalization and intelligence [1]. Smart manufacturing also escalates the requirements for both the reliability and safety of production equipment. Rotating machinery is central to manufacturing operations, enduring continuous high loads for extended periods. This strain makes components like bearings and gearboxes susceptible to various failures, potentially causing performance instability and significant accidents.

Consequently, defect-detecting technology is gaining significance in Industry 4.0. It can identify whether manufacturing equipment deviates from its normal operating state, facilitating efficient risk management and preventing the economic loss caused by prolonged plant downtime. Smart factories can capture a considerable quantity of data through numerous sensors [2], such as vibration, temperature, pressure, and acoustics, representing the actual response of the manufacturing equipment to its working state. Utilizing these datasets enables the early identification of potential defects. Due to their demonstrated efficiency, vibration signal-based defect detection techniques have become the primary research focus in this area [3].

Researchers employed several signal processing techniques to sort out the valid fault information in the vibration signal. Dibaj et al. [4] used a parameter-optimized variational mode decomposition (VMD) to decompose signals. Han et al. [5] disintegrated the non-smooth gear signals into several intrinsic mode functions (IMF) by empirical mode decomposition (EMD). Saha et al. [6] used the Fast Fourier Transform (FFT) to convert the vibration data’s time waveform into a spectrum. Ding et al. [7] utilized the whale optimization technique to optimize the wavelet filter to identify the best frequency demodulation band for various defects. Nevertheless, these traditional methods are restricted to a few specific scenarios and excessively rely on the specialists’ technical expertise, which is inefficient in handling the copious amounts of data produced by the smart factory’s sensors.

We have devised a deep learning-based intelligent detection method to meet the Industry 4.0 era’s demand for diagnostic procedures with robust data processing capabilities. The method is designed for direct application to vibration signals within the operating environment of an intelligent factory, where it demonstrates excellent detecting performance and adaptability.

This study’s primary contributions are as follows: (1) We introduce the high-level feature learning block (HLFLB), which leverages residual learning and efficient channel attention (ECA), alongside the multi-scale feature learning block (MSFLB) that employs parallel dilated convolutions to comprehensively extract complex features from vibration signals, thereby enhancing feature extraction capabilities. (2) We implement a dynamic adaptive fusion block (DAFB) that dynamically adjusts the receptive field to integrate multi-level and multi-scale features within convolutional neural networks effectively. (3) Our proposed method undergoes rigorous validation across various datasets and is benchmarked against multiple methods for an extensive comparison. The experimental results demonstrate that our approach achieves superior diagnostic accuracy and stability.

We organize the paper as follows: Section 2 provides a literature review of detection methods based on deep learning. In Section 3, we present the composition blocks of the proposed method. Section 4 contains experimental cases and corresponding results. Furthermore, the last section ends with a conclusion.

2  Literature Review

The related works discussed in this section contain some application examples based on deep learning. Han et al. [8] explored the fusion of simulated annealing into a deep neural network (DNN) to detect chiller defects. Bhuiyan et al. [9] combined the deep belief network with the fundamental discrete wavelet transform for microgrid status monitoring. Mansouri et al. [10] presented an improved recurrent neural network (RNN) for detecting faults in wind energy conversion systems. Plakias et al. [11] created a soft-voting ensemble method of auto-encoders and its successful application to bearing and chemical process data.

More recently, convolutional neural network (CNNs) has seen increased usage in defect diagnosis. With a deep architecture, CNNs can capture representative features from high-dimensional vibration signals. Wang et al. [12] applied one-dimensional CNNs to vibration and acoustic signals from bearings for fault classification. Xie et al. [13] combined one-dimensional CNNs and a gated recurrent unit to detect anomalies in industrial control systems. Zhang et al. [14] added residual learning in the CNNs to lessen the gradient disappearance or explosion problem in deep convolutional networks and prevent degradation.

Given the intricate dynamic properties of industrial equipment and the multifaceted nature of defects, the data collected often encapsulates information across a range of time scales. Huang et al. [15] enhanced their network capability by incorporating a layer of convolutional kernels of varying sizes, enabling the amalgamation of information from disparate input scales. Shao et al. [16] fused three short-time gap feature learning structures based on multi-scale convolutions to learn the intricate features from the temporal signals of manufacturing plants.

The methodologies above significantly augment the learning capabilities of convolutional neural networks (CNNs); however, they introduce the challenge of discerning and leveraging the salient features conducive to classification while mitigating irrelevant or disruptive inputs. Shen et al. [17] incorporated a channel attention mechanism to selectively emphasize vectors extracted across diverse scales and channels, directing the network’s focus towards more pivotal features. Xu et al. [18] employed overlapping window operations to extract information at various granularity levels from the original signal, aiding the network in learning more valuable characteristics. Incorporating an adaptive scoring system, integrated through an attention mechanism, has further augmented the model’s generalization ability, ensuring robust performance across disparate datasets.

Motivated by the studies above, our research endeavors to explore a deep learning method for defect detection tasks, which aims to autonomously learn salient features indicative of potential defects, capable of demonstrating consistently high performance across diverse datasets.

3  Method

This section elucidates the architecture of the proposed defect detection method. Initially, a wide convolutional kernel with a size of 128 and a stride of 2 is applied in the first layer to diminish the noise within the signal. Next, we detail the high-level feature learning block (HLFLB), multi-scale feature learning block (MSFLB), and dynamic adaptive fusion block (DAFB).

3.1 High-Level Feature Learning Block

3.1.1 Residual Learning

Convolutional neural networks with complex layers have been developed to adequately extract feature information from the enormous amount of data that smart factories have collected. However, deeper convolutional models cause tricky problems in training. The gradient will progressively converge to 0 or show exponential inflation as the number of network layers rises, which is the problem of vanishing and exploding gradients. In addition, too much information loss causes the degradation of the network. He et al. [19] pioneered residual learning to alleviate these deficiencies.

3.1.2 Batch Normalization

The deep residual convolutional neural network contains a superposition of multiple layers. During model training, the input distribution of each layer alters based on the parameters of the preceding layer; consequently, the subsequent layers must adjust to the changed input distribution, a phenomenon known as internal covariate shift, making model training challenging and time-consuming. We employ Batch Normalization (BN) [20] to stabilize the distribution of input values in each layer, alleviate the influence of internal covariate shifts in deep residual network training, and accelerate model convergence.

3.1.3 Efficient Channel Attention

An attention mechanism is an instrumental tool that enables a neural network to allocate weights differentially across various segments of the input, thereby extracting more pertinent information. Its primary objective is to refine the network’s representational capacity by accentuating salient features while suppressing less relevant ones, facilitating more precise inferences without an excessive expenditure of computational resources. This section adds efficient channel attention (ECA) [21] to the residual network. We first compress the input feature map using the global average pooling (GAP) in the spatial dimension.

y=GAP(x)=1L∑i=1Lxi(1)

where L is the length of the feature. Then the channel weights ω are generated in Eq. (2) by one-dimensional convolution of size k, the kernel size k can be determined adaptively according to Eq. (3).

ω=σ(Convk1d(y))(2)

k=|log2⁡Cγ+bγ|odd(3)

where σ is the sigmoid function, |x|odd is the closest odd number, C represents channel dimensions, γ is 2 and b is 1.

Finally, the new feature map is created by element-wise multiplication with the original feature map.

3.1.4 The Construction of High-Level Feature Learning Block

Combining with residual learning, we propose the high-level feature learning block (HLFLB) in Fig. 1 to learn more features from the raw signal. Then, the attention module assigns various weights to the features obtained by the residual depth block to eliminate meaningless noise and enhance the discriminative defect characteristics. The process of HLFLB is as follows:

zl−1=δ(BN(zl−2wl−1+bl−1))(4)

zl=ECA(BN(zl−1wl+bl))(5)

zl=δ(zl+h(x))(6)

where w is weight, b is bias, δ is the relu activation function, h(x) refers to shortcut connection.
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Figure 1: High-level feature learning block

3.2 Multi-Scale Feature Learning Block

3.2.1 Dilated Convolution

Dilated convolution [22] introduces a hyperparametric dilation rate that expands the neural network’s receptive field by inserting zero padding. Assuming the dilation rate is d, the equivalent convolution kernel k′ is:

k′=k+(k−1)(d−1)(7)

3.2.2 The Construction of Multi-Scale Feature Learning Block

Different types of defects typically yield unique spectral components within vibration signals. Moreover, fault severity disparities can significantly impact the amplitude. Equipment in the factory may undergo diverse operational states and encounter fluctuating load conditions throughout its operation. These factors collectively contribute to the emergence of distinct fault characteristic distributions across various scales. Gathering features across diverse scales can effectively unveil latent information within the signal, thereby improving the sensitivity and precision of defect diagnosis.

Hence, we incorporate the multi-scale feature learning block (MSFLB) [23] to capture the intricate different scale characteristics of the vibration signal. Within each MSFLB, as illustrated in Fig. 2, two parallel dilated convolutions with a kernel size of 3 are executed concurrently. Each set captures information at distinct scales, acquiring different levels of detail within the vibration signal. Subsequently, the feature maps obtained are concatenated and fed into the next sets. The block takes local residual learning to promote gradient flow throughout the training process. The first convolutional layer of the MSFLB employs 32 filters, while the second layer utilizes 64 filters.
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Figure 2: Multi-scale feature learning block

3.3 Dynamic Adaptive Fusion Block

Features at various levels encompass information with varying degrees of abstraction. Shallow parts primarily concentrate on signal details and capture local structural information, yet their capacity to gather global information is comparatively limited. In contrast, deep-level features comprise a plethora of abstract and complex data that excel in pinpointing defects, but they may sacrifice some spatial intricacies in the process. Strategically aggregating these hierarchical features empowers the network to capture broader and more intricate representations, enhancing its overall capabilities. This work uses a dynamic adaptive fusion block (DAFB) [24,25] to amalgamate features across various levels and scales while retaining their complementary characteristics, as shown in Fig. 3.
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Figure 3: Dynamic adaptive fusion block

(1) Fusion

Following the extraction of rich and diverse features from signals utilizing various learning blocks, we fuse the copious features gathered from different branches via elementwise addition to produce a new feature map in Eq. (8).

U=U1+U2+U3(8)

Then extract aggregation feature descriptor from the new feature maps. For the channel descriptor, we compress the fused feature map Ualong the spatial dimension using global average pooling in Eq. (9) to obtain the global spatial information. After that, the compact feature Z is generated by a convolutional layer.

Sc=FGap(U)=11×L∑i=1LU(i,j)(9)

Z=Fconv(sc)=Relu(BN(Ws))(10)

where L is the length of the feature map.

(2) Selection

The primary objective of the selection process is to dynamically recalibrate feature maps at distinct levels by leveraging feature descriptors. Directing varying degrees of attention weights to these feature maps results in neurons with receptive fields of different sizes.

The weights of the three branches can be obtained adaptively by the cross-channel softmax.

a=eAczeAcz+eBcz+eCcz, b=eBczeAcz+eBcz+eCcz, c=eCczeAcz+eBcz+eCcz(11)

At last, dynamically recalibrated weights, and the original feature map are multiplied element-wise and summed to generate a calibrated output Y.

Yc=a⋅U1+b⋅U2+c⋅U3(12)

3.4 Classification

We smoothly extract rich and diverse features from signals using several different learning blocks. Then, the DAFB aggregates features at different levels. The fused feature maps enter the global average pooling (GAP) to be compressed into a one-dimensional vector. Since the manifestations of manufacturing equipment defects are diverse, softmax is suitable for the classification function in this defect multi-classification task, which maps the predicted probabilities of each category to [0,1].

p(zj)=softmax(zj)=ezj∑kezk(13)

where the j is the element of the vector z.

The proximity between the predicted and actual values can be measured using cross-entropy, pointing the network’s subsequent training in the proper direction.

H(p,q)=−∑xp(x)log⁡q(x)(14)

where p(x) is the probability distribution of the target, q(x) is the predicted distribution, and the base of the logarithm q(x)is e.

3.5 General Flow of the Method

The flow chart of the proposed method is depicted in Fig. 4, comprising three phases: data split, feature fusion, and diagnosis. The detailed steps are as follows:
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Figure 4: General flow of the proposed method

Data split: The gathered vibration signals are divided into equal lengths and labeled by one-hot codes. We split the data into the training, validation, and test sets in the ratio of 8/1/1, after which the z-score normalizes them in Eq. (15) to unify the feature attributes.

xnor=(x−μ)/s(15)

where μ indicates the mean value of x, s is the standard deviation of x.

Feature fusion: The depth feature map, designated as F1, is constructed sequentially by stacking three high-level feature learning blocks (HLFLBs) equipped with 64, 128, and 128 filters, respectively. The feature maps F2 and F3 are derived from a combination of the HLFLB and the multi-scale feature learning block (MSFLB). Subsequently, features extracted from multiple levels and scales are skillfully integrated using the dynamic adaptive fusion block (DAFB).

Diagnosis: Employ the softmax function to generate the predicted probabilities for each defect type, following applying global average pooling (GAP).

4  Experimental Verifications

In this section, we choose failure-prone manufacturing equipment components: gearboxes, and bearings to validate the method proposed in this paper.

4.1 Experimental Settings

The model performs on a PC with Windows 10 (64-bit), Intel Core i5-11400 CPU, and RTX3060 GPU. The framework used for the experiments is TensorFlow based on Python version 3.7. We employ Adam [26] as the optimizer with parameters β1 0.9 and β2 0.999. The learning rate is adjusted by Eq. (16), making it easier to approach the optimal solution and get better generalization performance.

lr′=lr∗βt/T(16)

where lr refers to the initial learning rate, β and denotes the decay factor.

4.2 Case Study 1

4.2.1 Data Description

In case study 1, we are working with pertains to gearbox data. The first dataset was collected under 20HZ-0V and 30HZ-2V. The test rig entails a motor, parallel gearbox, planetary gearbox, and brake [27]. It contains data for distinct defect categories: chipped, surface, miss, root, and healthy, with details in Table 1.
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The second dataset comprises time-domain vibration signals from two-stage gearboxes with replaceable gears [28], and descriptions can be found in Table 2.
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4.2.2 Results and Analysis

In this section, we examine the detection capability of the proposed network under gearbox data. We select a range of methods for comparative validation, including MSCNN [29], MA1DCNN [30], RESNET [31], SRDCNN [32], and DCNRC [33]. Fig. 5 presents the experimental results of these methods conducted over five trials on dataset A.
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Figure 5: Results of five experimental trials on gearbox dataset 1

MSCNN utilizes multi-scale convolutions to capture information at various scales and attains a classification accuracy of nearly 100% on the gearbox dataset. In a comprehensive evaluation, MSCNN and the method presented in this study emerge as frontrunners in performance. MA1DCNN, which merges the channel attention, excitation attention, and joint attention module has achieved detection performance comparable to that of RESNET, positioning it solidly in the second tier of similar models. The recognition accuracy of DCNRC, with its diverse residual weights and dilation rates, consistently falls behind the performance of the above methods listed by a notable margin of more than 10%. SRDCNN, constructed by merging dilated convolutional layers and residual connections and incorporating the input gate structure of LSTM for information extraction, exhibits relatively insufficient detection capabilities.

We examine each tool’s impact on the proposed method’s detection capability. Fig. 6 presents the experimental outcomes after the exclusion of specific tools from dataset B. Subfigure (a) illustrates the curves derived from the training set, while subfigure (b) shows the corresponding results on the validation set. Experiments conducted on dataset B reveal that the network configured with all tools achieves the best accuracy, which indicates that incorporating rich, complementary features enhances the model’s generalization capabilities. Eliminating specific elements, like global average pooling (GAP), precipitates underfitting within the validation set, notwithstanding the accelerated convergence observed during the training phase. Additionally, the absence of a wide convolutional kernel results in a performance dip greater than 10%, underscoring the importance of wide kernels in capturing useful features and suppressing interference.

[image: images]

Figure 6: Results of our method and one without a particular tool

4.3 Case Study 2

4.3.1 Data Description

We further validate the proposed method using a dataset about ball bearings of type 6203, including multiple damage kinds and levels [34]. All of the data in this study have been collected at a frequency of 64 kHz and a temperature between 45 and 50 degrees Celsius. We use data from loads of 0.7 and 0.1 N·m at 1500 rpm. The damage manifestations encompass several distinct categories, classified based on the nature and extent of the damage, as detailed in Table 3.
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4.3.2 Results and Analysis

Furthermore, in the context of intelligent factory operations characterized by continuous equipment usage over prolonged periods, the operational status of production devices frequently experiences dynamic fluctuations. This inherent variability means that the signals collected by the sensors contain information about the device in different operating scenarios. Consequently, our validation process encompasses evaluating each method within congruent and disparate domains, and the ensuing results are illustrated in Fig. 7.
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Figure 7: Performance of our method and others under varying domains

The proposed method exhibits robust detection ability across all scenarios. MSCNN closely follows in performance, demonstrating that multiscale extraction comprehensively captures fault-related features from the signal. In the C-D domain, RESNET and MA1DCNN attained accuracies of 94.09% and 93.18%, respectively, reflecting a decline of nearly 4% when compared to the accuracy attained by our proposed method. The accuracy of DCNRC in the D-C scene lags by approximately 5%. SRDCNN’s diagnostic performance is lackluster across all scenarios, with accuracy ranging from 86.64% to 93.99% for different domains, exhibiting a notable gap compared to the other well-performing methods.

5  Conclusion

This study has developed a comprehensive deep learning-based method for the automatic detection of manufacturing equipment defects using vibration data, aligning with the advanced requirements of intelligent manufacturing. Central to our approach is the integration of several feature learning blocks: the high-level feature learning block (HLFLB), the multi-scale feature learning block (MSFLB), and the dynamic adaptive fusion block (DAFB). These components are engineered to extract and process defect-related information efficiently, improving the network’s ability to express and interpret complex features as well as conducting a comprehensive analysis of vibration data.

Comprehensive validations across various industrial datasets have substantiated the efficacy of our proposed method. It has demonstrated a notable capacity to categorize distinct types of defects precisely, evidencing robust feature learning and a high level of generalizability. This approach is in harmony with the objectives of intelligence in the Industry 4.0 era, enabling end-to-end defect detection that eschews the need for traditional, complex manual feature selection, making it a powerful tool for defect detection in smart manufacturing.

In this paper, we have studied vibration signals in smart factories without considering other state information collected by sensors, such as current, temperature, pressure, etc. Furthermore, the research acknowledges the intrinsic challenge posed by the unbalanced nature of real-world data, where some defect types are more prevalent than others, leading to disproportionate class sample sizes that can skew the analysis and the effectiveness of the detection models.

The future scope of this research is to expand the horizons of defect detection by incorporating more holistic sensor data. The intention is to integrate multiple types of sensor data to create a more robust and comprehensive diagnostic framework that can effectively handle the challenges of unbalanced datasets. Such advancements will further improve defect detection performance, supporting the transition towards more intelligent and self-optimizing factories.
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Table 1: Description of gearbox dataset 1
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Surface  Wear occurs on the surface of the gear
A 20HZ-0V&30HZ-2V Miss Missing one of the feet in the gear

Root Crack occurs in the root of gear feet

Health /
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Table 3: Description of bearing dataset 1

Torque/N-m Types Extent/mm  Damage

C D
Outer ring <2 Single damage
Outer ring <2 Repetitive damage
Outer ring <2 EDM
Inner ring <2 Repetitive damage

0.7 0.1 Inner ring 2< <45 Single damage
Inner ring <2 EDM
Outer and inner ring <2 Multiple damage
Outer and inner ring 2< <45 Multiple damage

Outer and inner ring >4.5 Multiple damage
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Table 2: Description of gearbox dataset 2

Dataset Sampling frequency Types Label
Healthy 0
Missing tooth 1

B 20 kHZ Crack 2
Spalling 3
Chipping tip 4~8
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