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Abstract

:

As energy conversion systems continue to grow in complexity, pneumatic control valves may exhibit unexpected anomalies or trigger system shutdowns, leading to a decrease in system reliability. Consequently, the analysis of time-domain signals and the utilization of artificial intelligence, including deep learning methods, have emerged as pivotal approaches for addressing these challenges. Although deep learning is widely used for pneumatic valve fault diagnosis, the success of most deep learning methods depends on a large amount of labeled training data, which is often difficult to obtain. To address this problem, a novel fault diagnosis method based on the attention-weighted relation network (AWRN) is proposed to achieve fault detection and classification with small sample data. In the proposed method, fault diagnosis is performed through the relation network in few-shot learning, and in order to enhance the representativeness of feature extraction, the attention-weighted mechanism is introduced into the relation network. Finally, in order to verify the effectiveness of the method, a DA valve fault dataset is constructed, and experimental validation is performed on this dataset and another benchmark PU rolling bearing fault dataset. The results show that the accuracy of the network on DA is 99.15%, and the average accuracy on PU is 98.37%. Compared with the state-of-the-art diagnosis methods, the proposed method achieves higher accuracy while significantly reducing the amount of training data.
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1. Introduction


In the control of production processes, pneumatic control valves serve as energy conversion devices for regulating various process parameters such as medium flow, pressure, temperature, and liquid level. As an energy conversion device, a pneumatic control valve may experience unpredictable operational abnormalities potentially diminishing the system’s reliability. Accurately and promptly identifying malfunctions in pneumatic valves during operation is crucial for ensuring their safe operation, avoiding economic losses, and preventing catastrophic accidents. As such, fault diagnosis of pneumatic valve equipment is an essential component of intelligent manufacturing. It helps to maintain the safety and health of mechanical equipment throughout its service life [1].



In recent years, deep learning-based fault diagnosis has made significant progress due to the rapid development of deep learning. Unlike traditional methods that rely on expert experience and manual feature extraction operations, which can be time-consuming, error-prone, and inaccurate, deep learning-based methods enable accurate and efficient fault diagnosis in an end-to-end manner [2]. In 2006, Bartys et al. [3] proposed the DAMATICS valve fault diagnosis model, which benchmarked a total of 19 fault tests present in four main functional blocks, providing a benchmark for subsequent valve fault diagnosis studies. In the same year, Witczak et al. [4] first proposed the use of neural networks to diagnose valve faults and applied the DAMATICS model to generate fault data to complete classification and detection. In 2016, Cabeza et al. [5] proposed the use of Hopfield neural networks to solve data loss and information scarcity problems in data acquisition systems. In 2017, Oliveira et al. [6] applied weightless neural networks for the detection and diagnosis of dynamic systems, which use neurons based on RAM devices and can adjust parameters more easily and quickly. In the same year, José et al. [7] used artificial neural networks as a complement to conventional detectors through parameter identification, correcting errors in the thresholds, and allowing the detectors to demonstrate better fault detection performance. In 2021, Andrade et al. [8] proposed the use of a non-linear autoregressive neural network model with exogenous inputs to generate residuals and applied isolation and decision tree methods to diagnose pneumatic regulating valve faults through residuals. In 2022, Garg et al. [9] proposed the use of unsupervised and semi-supervised deep learning methods for anomaly detection and judgment of valve data. Overall, these studies demonstrate the significant potential of deep learning-based methods for improving the accuracy and efficiency of fault diagnosis in pneumatic control valves. They have contributed to the development of new and innovative fault diagnosis approaches, and are expected to have a profound impact on the field of intelligent manufacturing.



However, these methods require large amounts of labeled training data and expensive computational resources, limiting their potential for practical application [10]. In addition, collecting sufficient labeled fault data in special environments and fault states is challenging and labor-intensive, making it difficult to obtain the necessary data for effective fault diagnosis. To the best of our knowledge, there is no previous research on accurately diagnosing pneumatic valve faults with limited sample data. To address this issue, this paper proposes a few-shot valve fault detection method based on AWRN. The proposed method uses an embedding layer to extract sample information and trains a metric convolution network to map similar samples closer together in space and dissimilar samples farther apart, thereby achieving more accurate classification. Furthermore, an attention mechanism is introduced in a weighted manner after the embedding layer to improve the feature extraction ability and classification accuracy with small samples. This approach is a promising solution to the problem of accurate fault diagnosis with limited sample data. Overall, this paper provides valuable insights into the development of few-shot learning methods for pneumatic valve fault diagnosis, which has been an underexplored area in the field. By addressing the limitations of current methods and proposing a novel approach, this study contributes to the advancement of intelligent manufacturing and the maintenance of safe and healthy mechanical equipment.



The main contributions of this paper can be summarized as follows:




	
To address the problem of accurately diagnosing pneumatic valve faults with limited sample data and to enhance the representative capability of feature extraction, this paper proposes a weighted attention relation network (AWRN) that introduces the attention mechanism to the relation network in a weighted manner. The applicability of this method extends beyond pneumatic valve failures and can be extrapolated to other industrial systems.



	
To alleviate the lack of a publicly available valve fault dataset, we constructed a benchmark valve fault dataset based on the DAMATICS model, and make it publicly available at https://github.com/Levin727/DA$_$database.git (accessed on 1 November 2023).



	
To increase the reliability of the system, we meticulously scrutinize and draw a detailed comparison between two distinct attention-weighted methods. Additionally, we rigorously derive the hyperparameters that are relevant to the network model. The experimental results demonstrate that the proposed network achieves high accuracy even with significantly reduced amounts of training data, and has a strong generalization capability to different tasks.








The rest of the paper is organized as follows: Section 2 reviews the related work. Section 3 describes the classification method and fault diagnosis process of the proposed model. Section 4 constructs the DA dataset and presents the PU public dataset. Section 5 shows the experimental results. Section 6 summarizes the full paper.




2. Related Work


When faced with limited labeled samples, a popular approach for intelligent mechanical fault diagnosis is the few-shot learning method. Zhang et al. [11] were the first to use this approach in fault diagnosis in 2019, and since then, many studies have used few-shot learning methods [12,13,14,15] to extract input signal features. Few-shot learning involves training a model with only a small amount of sample data, and the model must learn general patterns or features from these limited samples to handle a wider range of data [16]. Few-shot learning methods can be categorized into two main types: transfer-based learning methods and meta-learning-based methods. Transfer-based learning methods transfer existing knowledge to a new task, typically by using existing models to initialize new models, which speeds up training and improves model performance. Representative algorithms include MAML [17]. Meta-learning-based methods involve training with a large number of similar tasks, allowing the model to adapt more quickly to a new task. Chen et al. [18] provide a valuable overview of the development of deep transfer learning-based bearing fault diagnosis since 2016, offering valuable guidance and important insights for the current study. Few-shot learning methods based on meta-learning fall into four main categories: metric-based methods, model-based methods, optimization-based methods, and data augmentation-based methods. This paper focuses on metric-based methods for few-shot learning. The operational symbols are shown in Table 1.



Few-shot learning based on metric methods aims to classify samples by measuring their similarity. To achieve this, metric networks first extract sample information using an embedding layer and train a metric function that maps similar samples to a closer space and dissimilar samples to a more distant space. Siamese networks [19], prototypical networks [20], and relation networks [21] are some of the classical methods used for this purpose. Siamese networks rely on feature vectors obtained from neural networks and use Euclidean distances to calculate similarity. Recently, many scholars [22,23,24] have also proposed new models based on Siamese networks for fault diagnosis applications. Prototypical networks create a prototype representation for each classification based on a limited number of labeled samples, and the distance between the prototype vector and the query point of the classification is used to determine classification. Many recent studies [25,26,27] have used Prototypical networks to learn feature mappings for fault diagnosis with limited samples. For example, Chen et al. [28] proposed MoProNet for addressing cross-domain few-shot rotating machinery fault diagnosis. MoProNet employs a progressive update strategy for the support encoder to resolve prototype oscillation issues, thereby enhancing network performance. Relation networks (RNs) obtain feature vectors through multiple convolution layers and analyze the degree of matching by building a neural network to calculate the distance between two samples.



As illustrated in Figure 1, compared to Siamese networks and prototypical networks, relation networks can provide a non-linear classifier   M  φ    that can learn relationships more accurately. Dynamic evaluation functions are better than static evaluation functions in time series anomaly detection, and a non-linear representation can evaluate relationships more accurately, making relation networks more effective for fault signal analysis [9]. Therefore, in this study, relation networks were selected for classifying and analyzing the fault dataset. The proposed attention-weighted relation network in this paper builds upon the foundation of the relation networks. Through the incorporation of an attention-weighted method, the overall system performance is enhanced, leading to improved classification effectiveness. The common definitions in relation networks are shown in Table 2.



The core concept of relation networks is to use the relationship between the support set and the query set for classification in few-shot learning tasks. This process consists of two stages: first, the embedding module extracts signal features from the support and query sets respectively. Then, a similarity measure network is constructed to classify the signal features by comparing the similarity between the support and query set features. The optimization formula is represented by the following Equation [21]:


   θ F *  ,  θ M *  ←   a r g m i n      θ F  ,  θ M     L  M S E    (  θ F  ,  θ M  )   



(1)




Here,   θ F   and   θ M   are the weights of the embedding layer and the similarity measure network, respectively. The embedding layers of the support and query sets share the same weights. The optimal parameters are obtained through iterative optimization.



In 2020, Chang et al. [29] introduced relation networks to fault diagnosis by proposing a few-shot relation network with 2D data processed by STFT as input and using an attention mechanism to enhance feature extraction. Wu et al. [30] compared meta-learning relation networks (MRNs) with other common transfer methods to evaluate the performance of metric-based networks in meta-learning transfer methods. However, few-shot learning in fault diagnosis is still a relatively unexplored area, and relation networks may misclassify relatively similar signals due to insufficient feature extraction and poor feature representation. Additionally, the network may focus solely on feature extraction without exploiting the contrast between the support and query set features, which is a critical feature of metric-based networks such as relation networks.



To address the issue of insufficient feature extraction capability, several studies have combined transfer learning with the relation network [31,32,33]. This approach involves training a good feature extractor using a large amount of data and then transferring it to the target domain for feature extraction. Additionally, attention mechanisms have been introduced to enhance the representativeness of the constructed model and improve subsequent non-linear classification and classification accuracy. For instance, Yu et al. [34] incorporated an attention mechanism in the feature extraction module to increase the weight of important parts. Chen et al. [35] introduced a spatial attention mechanism to improve the representativeness of the relation network. Zhang et al. [15] proposed the use of self-attention mechanisms in relation networks for few-shot learning to model cross-regional features. Furthermore, Gkanatsios et al. [36] proposed multi-headed attention mechanism relation networks to capture the properties of datasets of different sizes while addressing the problem of background category bias in multitasking. Attentional mechanisms mimic human perceptual systems by selectively focusing on salient parts and recording those features, which enhances the accuracy and generalizability of the network.



There are two primary approaches to utilizing attentional networks in the aforementioned studies: one is to incorporate an attentional mechanism in the feature extraction module, and the other is to introduce an attentional mechanism after the feature module. While both approaches enable the network to obtain better features and improve their representativeness, they do not enhance the feature comparison between the support set and the query set, which is required in metric networks. Therefore, in this paper, a special attention-weighted structure is utilized to improve the contrast between the support set and the query set by using the attention mechanism as weights and weighting it onto the support set and the query set, respectively, to obtain better classification results.




3. The Proposed AWRN Fault Diagnosis Approach


As an energy conversion device, the control mode of a pneumatic control valve involves the transmission of a 4–20 mA analog signal through the control system. This electric signal is subsequently transformed into a pneumatic signal by the electrical conversion unit within the valve positioner. The pneumatic signal then enters the pneumatic thin-film actuator, where it is converted into kinetic energy, ultimately facilitating the movement of the valve lever.



To address the challenge of high-accuracy diagnosis for pneumatic valve faults with small sample data and to enhance the representative capability of feature extraction, we propose a weighted relation network incorporating an attention strategy, named the attention-weighted relation network (AWRN). The AWRN approach includes a feature extraction module, a parallel attention-weighted module, and a similarity contrast module. Given the support set samples   x i S   and query set samples   x j Q   as input, the feature extraction module extracts the support features and query features, which are then combined as   f S   and   f Q   and used as input to the parallel attention-weighted module. The parallel attention-weighted module uses a parallel attention mechanism to extract salient features from the faulty data, which are then weighted onto both the support set and the query set features to obtain new support set features   f  S ′    and new query set features   f  Q ′   . Finally, the similarity contrast module evaluates the features and outputs the evaluation score.



The benefits of our approach are twofold: First, the parallel attention mechanism enables the extraction of salient features from the sample data that can be better used for classification. Second, the weighting operation on both sets simultaneously can enhance the contrast between the support and query sets, making features of the same class more similar and features of different classes more dissimilar, thus improving the accuracy of the network.



3.1. The Proposed AWRN Network


As illustrated in Figure 2, AWRN consists of three modules, a feature extraction module, a parallel attention-weighted module, and a similarity comparison module.



3.1.1. Feature Extraction Module


The feature extraction module is composed of four convolution blocks, each containing 64 channels, and a 3 × 3 convolution kernel. The first two blocks have a 2 × 2 maximum pooling operation and are followed by batch normalization and the ReLU activation function. The convolution block operation can be expressed as follows:


    C  3 × 3     x n   = f   w n   x n  +  b n    



(2)







Here,   C  3 × 3    represents a 3 × 3 convolution operation,   x n   is the input, and   w n   and   b n   are the weight and bias of the nth layer of the convolution block, respectively. The maximum pooling layer operation can be expressed as follows:


    P n    x n   = M a  x  2 × 2     x n    



(3)







Here,   M a  x  2 × 2     represents the maximum pooling operation, and 2 × 2 is the size of the pooling window. The feature extraction module takes support samples   x i S   and query samples   x j Q   as inputs and outputs the corresponding features,   F   x i S   ∈  R  1 × H × W     and   F   x j Q   ∈  R  1 × H × W    . For multiple mappings, the support features   F   x i S     are separately processed to form the combined feature    f s  ∈  R  k × H × W     and the formula is as follows:


    f s  = D   F θ    x i S    , i = 1 , 2 , … , k  



(4)







Here,  D  represents the concatenation of feature maps at depth, k represents the number of categories, and i represents each of these categories. The query feature size is   R  j 1 H W   , where j denotes the number of simultaneous branches per iteration. Here, we consider the case where j = 1 for convenience. Then, the query feature at this point is    f Q  ∈  R  1 × H × W    , which is then fed into the attention-weighted module along with the feature map   f i S   and   f j Q  , respectively.



When using relation networks for few-shot fault diagnosis, the feature extraction capability may be limited, resulting in less representative features. This can lead to misjudgment when dealing with relatively similar feature vectors. To address this issue, it is necessary to sharpen the subtle differences in the feature vectors and utilize the attention mechanism to enhance the comparison. Then, if an instance is in the same category as the query set, the features will become more similar after attention weighting, while if the instance is not in the same category, the features will generally appear more different, which helps reveal the category distribution more accurately.




3.1.2. Parallel Attention-Weighted Module


To improve the accuracy of the network, we propose adding a parallel attention-weighted network behind the feature network. The utilization of the parallel attention mechanism proves effective in strategically emphasizing dynamic trends within time series data, facilitating the identification of anomalies and mutations. Concurrently, this mechanism enables the model to concentrate on distinct portions of the data across various scales. Specifically, for a given support feature    f s  ∈  R  k × H × W    , we use the attention module   M   f s   ∈  R  k × H × W     to infer a three-dimensional weight vector that is then applied to both the support features   f s   and the query feature    f Q  ∈  R  1 × H × W    . Here, we demonstrated that the attention-weighted method, when using the support feature, outperforms the method that relies on the query feature, as evidenced by subsequent experiments. This process results in a special weighting architecture with new weighted support features   f  S ′    and query features   f  Q ′   , which are calculated as follows [37]:


   f  S ′   =  A θ    f S   =  f S  +  f S  ⊗ M   f S    



(5)






   f  Q ′   =  A θ      f Q   k   =    f Q   k  +    f Q   k  ⊗ M   f i S    



(6)







Here, ⊗ denotes element-level multiplication, and     f Q   k   denotes dimension raising. To implement the parallel attention mechanism, both channel attention and spatial attention can be used. Channel attention emphasizes attention to channel features in a given input, while spatial attention branches emphasize features at different locations. The attention mechanism is then fused into (5) and (6), and rewritten as follows:


   f  S ′   =  f S  ∗  1 + σ  B N  M L P  A v g   f i S     + B N   C  1 × 1     C  3 × 3     C  3 × 3     C  1 × 1     f i S          



(7)






   f  Q ′   =    f Q   k  ∗  1 + σ  B N  M L P  A v g   f i S     + B N   C  1 × 1     C  3 × 3     C  3 × 3     C  1 × 1     f i S          



(8)







Here, BN denotes batch normalization, MLP denotes multi-layer perceptron operation, and Avg denotes average pooling operation. The new support features and query features obtained through (7) and (8) are then inputted to the similarity contrast module.




3.1.3. Similarity Contrast Module


The similarity contrast module comprises two convolution layers, each with 64 channels and a kernel size of 3 × 3. After each convolution layer, batch normalization, ReLU activation, and 2 × 2 max pooling are applied, followed by two fully connected layers. The similarity scores are computed using the ReLU activation function and sigmoid function normalization, and the fully connected operation is defined as follows:


  F C   x n   = g   α n   x n  +  β n    



(9)







Here, FC represents the fully concatenated operation,   x n   denotes the input, and   α n   and   β n   denote the weight and bias of the nth layer of the fully connected layer, respectively. The similarity contrast module   S θ   is capable of computing the relationship score between the adjusted support feature   f  S ′    and query feature   f  Q ′   . Specifically, the output of   S θ   is represented as follows:


   r  i , j   =  S θ    f  S ′   ,  f  Q ′     



(10)







Here,   r  i , j    is the score obtained after a similarity contrast network, which reflects the similarity between the support set and the query set. A higher relationship score implies that the support and query sets belong to the same category, while a lower relationship score indicates that they belong to different categories.



To facilitate comprehension, Figure 3 provides a detailed illustration of the feature extraction module, the parallel attention-weighted module, and the similarity contrast module. The channel size (C) is fixed at 64, and the number of channels of all gray convolution blocks is also set to C. The attenuation ratio (r) is used to increase the coding implication and reduce the computational effort. The term “attention weighted” refers to the process of applying attention weights to the target, as shown in (7) and (8).





3.2. The Training Algorithm of AWRN


To explain the overall optimization objective, we can rewrite (10) as follows:


   r  i , j   =  S θ    A θ   D   F θ    x i S     ,  A θ    F θ    x j Q     i = 1 , 2 , ⋯ , k  



(11)







For training the optimal model, we used the mean square error (MSE) to calculate the loss function of the AWRN:


   L  M S E   =  ∑  i = 1  N   ∑  j = 1  K     r  i , j   − 1 ·   y i  = =  y j    2   



(12)







Here, 1 indicates that   y i   is the same as and belongs to the same class. The pseudo-code for the AWRN training algorithm process is shown in Algorithm 1.



	Algorithm 1: Training algorithm for the AWRN (n-ways,   N s  -shots). N is the number of examples in the training set, K is

the number of classes in the training set. n is the number of classes in every episode. RAND(S,N) represents the set of N

classes randomly selected from the set S without substitution.   N s   is the number of support samples per class.   N s   is the number of

query samples per class. Episodes denote the number of iterations.



	Input: Training set D = (  x i  ,   y i  ), where i = 1,2…, N, each    y i  ∈  1 , K   .   D k   is the subset of D, containing all elements that satisfy   y i   = k.



	Output: The optimal model   F θ  ,   A θ  ,   S θ   for the classification of test datasets.



	1. Model initialization: Feature extraction module   F θ  , parallel attention-weighted module   A θ  , similarity contrast module   S θ  



	2. for i = 1 to episodes do



	3.   V ← R a n d   1 , 2 , ⋯ , K  , n  …   Select class indices for episodes



	4. for k in   1 … n   do



	   S k  ← R a n d   D  v k   ,  N s   ▽   Select support samples



	   Q k  ← R a n d   D  v k   ∖  S k  ,  N q   ▽   Select query samples



	5. Forward update    L  M S E     θ  F θ   ,  θ  A θ   ,  θ  S θ    ▽   update loss



	6. Backward update   F θ  ,   A θ  , and   S θ   ▽ update model



	7. end for



	8. end for








The parameters of the model, assuming    θ  F θ   ,  θ  A θ     and   θ  S θ    parameters of the feature extractor module   F θ  , the attention-weighted module   A θ  , and the similarity contrast module   S θ  , respectively, are updated according to the results of the loss function. The objective formula for parameter training is as follows:


   θ   F θ   *  ,  θ   A θ   *  ,  θ   S θ   *  ←   a r g m i n    θ  F θ   ,  θ  A θ   ,  θ  S θ      L  M S E    (  θ  F θ   ,  θ  A θ   ,  θ  S θ   )   



(13)







The optimal parameters   θ   F θ   *  ,  θ   A θ   *   and   θ   S θ   *   can be obtained by solving the objective function shown in (13).




3.3. AWRN-Based Valve Fault Diagnosis Method


Information theory plays a crucial role in troubleshooting valve energy conversion systems. The analysis of displacements and gas chamber pressures within valve energy conversion systems is employed to identify and pinpoint faults.



The process of the AWRN-based valve fault diagnosis method is presented in Figure 4. Firstly, data are collected from the sensors set up for the target valve and processed by segmentation. Secondly, the processed data are fed into the AWRN network for training, resulting in a final trained AWRN network. Thirdly, the network performance is tested through test tasks and field application tasks. Finally, the network performance is evaluated by comprehensively analyzing the results obtained from testing and field diagnosis. The specific program for each step is as follows:




	(a)

	
Data acquisition: The target is selected, and a program is developed for configuring sensors to the target valve. The acquisition device records the sensor data, segmented according to 1600 sampling points to generate the original data set.




	(b)

	
Training task: To begin, the training set is selected for the model training task. Next, the training set is divided into support sets and query sets. The support and query sets are then trained in the AWRN network. The training process consists of three steps:




	
The feature extraction module generates 3D features (category–channel–sample).



	
The parallel attention-weighted module is used to obtain new weighted features.



	
The similarity contrast module is used to calculate similarity scores, resulting in a well-trained AWRN network.









	(c)

	
Test task/field application task: The test task and field application task are similar, except that only the test task has a query set label. The sample data in the process switches between test data and field data as the task changes. Firstly, the testing set as well as the field data set is selected for the model test task or the field application task. Secondly, the test task divides the testing set into a support set and a query set, while the field application task divides the field data set into a support set with labels and a query set without labels. Thirdly, the test task/field application task feeds the support and query sets into the AWRN network for testing.




	(d)

	
Performance evaluation: The test task compares the results obtained from the test with the label results and outputs the test results and accuracy for performance evaluation based on classification performance. The field application task outputs test results directly for performance evaluation.











[image: Entropy 26 00022 g004] 





Figure 4. Flow chart of the AWRN-based valve fault diagnosis method. 






Figure 4. Flow chart of the AWRN-based valve fault diagnosis method.
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4. Dataset and Experimental Setup


The primary objective of fault diagnosis methodology is to examine the system, using either frequency or time-domain analysis, to pinpoint the root cause of a fault when it occurs. Initially, we analyze the time-domain signals generated by the DAMATICS model to simulate and create a typical fault dataset within a valve energy conversion system. Additionally, we provide the PU dataset containing frequency signals to assess the network’s reliability.



4.1. The Construction of DA Valve Dataset


4.1.1. Basic Introduction and Model Building


DAMATICS [3] is a troubleshooting benchmark that consists of a process simulator and real data from electro-pneumatic actuators used in a Polish sugar plant. The benchmark includes a total of 19 fault tests in the four main functional blocks, such as positioner faults, servo motor faults, controller faults, and general/external faults. However, the small volume of real data, containing only four general/external faults, is not suitable for network training [38]. Therefore, we utilized the DAMATICS process simulator to generate the fault data. Based on this model, we have improved the way the data are acquired, and the structure of the model is shown in Figure 5.



The benchmark data generator generates timing signals, which are then processed and stored in a mat file. To ensure the comprehensiveness and technical nature of the experiment, we specifically selected six faults that are more typical and difficult to distinguish, as well as one health state for analysis. The selected faults are listed in Table 3.



The faults selected for analysis include control valve faults, pneumatic servo motor faults, positioner faults, and general external faults. The model parameters are determined based on the type of fault, and the error data are generated using a data generation model. The datasets are acquired through multiple acquisition points in succession, and the time-domain signals for these health and faults are illustrated in Figure 6, Figure 7, Figure 8, Figure 9, Figure 10, Figure 11 and Figure 12.




4.1.2. The Dataset Construction Steps


	(a)

	
Model initialization: First, calculate the relative error value by subtracting the displacement output value from the given signal value. This relative error value represents the variation in displacement signals across different cases. Save this value to a mat file. Additionally, set the basic parameters, such as the simulation time (256,000), fault start time (0), and end time (inf).




	(b)

	
Data acquisition: Obtain simulation data under different conditions by varying the fault type, fault degree, and adding noise options. Specifically, we generate simulation data for seven different conditions, including both noisy and noise-free cases, with a large fault degree.




	(c)

	
Data processing: Remove the first 200 data points from the simulation data to obtain stable fault conditions. The simulation data are represented as a two-dimensional matrix, where the first row represents the sampling points and the second row represents the displacement error values.









4.2. The Introduction of PU Dataset


The aim of using the PU dataset [39] in our study is to assess the efficacy of the network introduced in this paper. Demonstrating its validation on a publicly accessible dataset serves as a robust means to establish the network’s reliability. Experiments use the PU dataset conducted by Paderborn University. This dataset consists of three types of faults affecting gears: outer ring faults, inner ring faults, and inner and outer ring faults. Different operating conditions in the dataset produce vibration signals with unique characteristics that are used to indicate the health of the gears. The dataset includes both artificially induced and naturally occurring damage, with piezoelectric accelerometers used to collect vibration signals from bearing housings, sampled at 64 kHz. The dataset comprises vibration signals generated by gears under various operating conditions, with 300 samples for each state, and each sample is a time series of length 1024. The dataset also includes labels for each sample indicating its operating state.



To assess the generalization and reliability of the selected network, this paper selected 14 representative categories from the PU dataset, including 1 healthy bearing, 4 naturally faulty bearings, and 8 artificially damaged bearings, for the classification task under operating conditions N09_M07_F10. The working conditions are shown in Table 4.




4.3. Experimental Setup


To ensure a fair comparison, we replicated a portion of the network using the PyTorch framework and compared our results with those reported in typical published papers. Our experiments were conducted on a computer with an 11th Gen Intel(R) Core (TM) i7-1165G7 processor @ 2.80 GHz, 16 GB RAM (Intel, Santa Clara, CA, USA), and 64-bit Windows 11 OS.



Initially, we adjusted the hyperparameters of both networks and found that a reduction ratio of 8 and a convolution kernel size of 3 × 3 produced better results after several experiments. Table 5 shows the setting of the model hyperparameters, including the number of channels, reduction ratio, number of categories in the sample, the number of support samples per category, batch size, and number of iterations. We trained the model using the Adam optimizer with a learning rate of 0.001 and reduced the learning rate to half for every 1000 epochs trained. Cross-validation was used to evaluate the classification properties.





5. Experimental Results


We evaluated the performance of the AWRN on two datasets: the DA valve failure dataset and the PU gear failure dataset. We compared the AWRN network with several typical networks and found that it significantly improved the expression of the network, demonstrating its effectiveness. In addition, we conducted attention comparison and ablation experiments to determine the optimal parameters for the attention models. Our experimental results validate the broad applicability of this architecture to different attention models and tasks. Finally, we discussed the effects of reduction ratio, expanded convolution kernel size, and sample size on model accuracy. It has been observed that the selection of an appropriate attention framework along with specific hyperparameters can significantly enhance modeling outcomes, thereby improving the classification accuracy of the model.



5.1. Comparative Experiments Using Different Models


Due to the limited size of the public DA dataset, which only contains four types of faults, it is difficult for the fault data to satisfy both the training and testing requirements of the network. Therefore, many current papers use its process simulator to generate the fault data [40,41,42,43]. However, the selection of fault samples and different sampling methods may lead to unfairness. To compare the proposed method with commonly used methods for valve fault diagnosis, this paper uses the three-way and six-shot approach as an experimental comparator. Specifically, the following methods are compared:




	(1)

	
UAE, an unsupervised deep neural network that reconstructs the input through a compressed latent representation using encoders and decoders, with a separate encoder and decoder for each channel.




	(2)

	
TCN, a time convolution network that stacks TCN residual blocks for the encoder and replaces the convolution in the TCN residual blocks with transposed convolution for the decoder.




	(3)

	
LSTM, a long short-term memory recurrent neural network that models the process of data generation from potential space to observation space and is trained using variational techniques.









The model comprising PCA, UAE, LSTM, and TCN comes from Reference [9]. As shown in Table 6, the AWRN network was compared with PCA, UAE, LSTM, and TCN networks on DA after extracting fault features and obtaining classification results through experiments. The proposed AWRN network achieves the highest classification accuracy among the above algorithms. Compared with the best-performing UAE, the AWRN network achieved 2.68% higher classification accuracy on DA. The comparison results validate the effectiveness of the AWRN network and show that the AWRN network can effectively solve the problem of the problem of accurately diagnosing pneumatic valve faults with limited sample data.



Using the five-way approach as an experimental comparator in the PU public dataset, the proposed method is compared with the commonly used fault classification methods in few-shot learning to comprehensively evaluate the network performance.



	(1)

	
RRN: Strengthening the relation network, replacing the feature extractor in RN with a transfer learning model, and using sticky note smoothing and the Adm optimizer to improve the classification accuracy.




	(2)

	
MAML: Using several different tasks to train the model, and using the training data from these tasks to the inner and outer loop of the initial parameters so that it can quickly adapt to new tasks.







As shown in Table 7, after extracting the fault features and obtaining the classification results experimentally, the AWRN network was compared with CNN, RRN, Siamese Net, MAML, and Prototypical Networks on DA. The AWRN network achieved the highest classification accuracy among these algorithms. On PU, the AWRN network achieved an average classification accuracy of 1.09% higher than RRN. Moreover, with different sample sizes, the AWRN network outperformed the other algorithms, achieving a maximum classification accuracy of 98.75% in five-shot.



As shown in Figure 13, the accuracy of conventional methods rises with the continuous increase in the number of data samples. In contrast, AWRN is specifically suited for scenarios with fewer samples, exhibiting overfitting in cases with an excess of samples, thereby diminishing accuracy. Overcoming this challenge constitutes a primary concern for AWRN. Nevertheless, in the context of this study, AWRN’s accuracy surpasses that of other networks by a significant margin. These results demonstrate the effectiveness and generalization ability of the AWRN network, with superior classification accuracy for various fault diagnosis tasks.




5.2. Comparison of Attention-Weighted Methods


In the attention-weighted method, two approaches are employed for weight generation. The first method generates weight vectors from the support set features to be applied to both support set and query set features. The second method generates weight vectors exclusively from the query set features. A visual representation of these two distinct attentional weighting methods is provided in Figure 14.



The average accuracy for both the DA dataset and the PU dataset is computed through validation on both datasets, and the results are presented in Table 8 and Table 9.



Based on our findings, we can draw the conclusion that the accuracy results achieved through attention weighting using support set features significantly outperform those obtained when employing attention-weighted with query set features. The figure also illustrates the rationale behind this observation. When using query set features for attention weighting, although it enhances the similarity among similar features, it simultaneously introduces ambiguous features among dissimilar features. It is this ambiguous feature that leads to a substantial decline in overall classification performance and can even result in network instability. In conclusion, under typical circumstances, attention mechanisms prove advantageous in enhancing the performance of fault classification, but this is not a universal certainty. The introduction of attention mechanisms should be carefully selected based on the characteristics of the methodology.




5.3. Attention Ablation Experiments


To evaluate the generalization of the proposed architecture, we conducted experiments by fusing different attention networks such as channel attention (SE), BAM, and CBAM, while making some improvements to these networks. In these experiments, we set the reduction ratio, r, to 8 and the convolution kernel size to 3 × 3, and measured the accuracy of the DA dataset. The results are presented in Table 10 and Table 11.



This ablation experiment involved removing the attention-weighted module to obtain experimental results for the individual relation networks.



The proposed AWRN, using a parallel attention-weighted module, achieved the highest classification accuracy for both one-shot and five-shot in the aforementioned algorithm. Analysis of the experimental results led to the following conclusions:




	
Fusing various attention mechanisms such as channel attention, serial attention, and parallel attention on the AWRN network resulted in higher accuracy than the traditional relation network. The weighted structure of AWRN can be fused with multiple attention networks, making it highly applicable to different attention models.



	
Networks that incorporate both channel attention and spatial attention mechanisms have higher average accuracy than those that use only the channel attention mechanism. This is because the fault data, after passing through the feature network, become three-dimensional vectors with spatial correlations. Thus, incorporating both types of attention mechanisms increases the reliability of the weight vector.



	
The AWRN network with a parallel attention-weighted structure achieved the highest classification accuracy. This is because the parallel structure of attention is more adaptable to the network structure of AWRN, resulting in more representative weighting parameters compared to the serial structure.








When evaluating a model, an essential factor to consider is its ability to adapt quickly to the task. Fast adaptation allows for a reduction in the number of required training sessions and computation for the model. It has been observed that as the number of episodes increases, the accuracy rate gradually stabilizes at a fixed value between 20 to 30 episodes. Therefore, to assess the model’s fast adaptation, we compare the accuracy rate during the episodes. Figure 15 and Figure 16 demonstrate how the accuracy changes for the four models with increasing episodes.



The results indicate that the AWRN incorporating the parallel attention mechanism achieves the highest accuracy in both one-shot and five-shot conditions for both datasets. This suggests that the network can quickly adapt to different tasks and sample sizes, resulting in improved classification accuracy.




5.4. Experiments on the Selection of Reduction Ratio Parameters


The results demonstrate that the reduction ratio is directly related to the number of channels in the channel attention and spatial attention branches. When applying AWRN to extract weight vectors, a key point is the choice of the reduction ratio r in the model. choosing a certain decay rate can better control the capacity and overhead of the module and affect the ability of the model to extract weight vectors. the value of r is taken as 4, 8, 16, 32, and the average accuracy of the DA dataset and PU dataset is calculated and the results are shown in Figure 17 and Figure 18.



It can be seen that as the reduction ratio, r, increases, the accuracy rises and then falls, reaching a maximum when r is 8. This indicates that as the reduction ratio increases from 4 to 8, the accuracy increases, although the capacity decreases. As r continues to increase, the accuracy decreases slightly. This may be because the capacity is too small, causing the network to ignore some weighting features during the reduction process, which leads to a decrease in accuracy.




5.5. Experiments on Dilated Convolution Kernel Size Selection


The use of a certain dilated convolution kernel in spatial attention increases the perceptual field size, which is important for aggregating contextual information in spatial branches. When applying AWRN to a classification task, the selection of the size of the dilated convolution kernel directly affects the representativeness of the new features. The selection of a certain dilated convolution kernel affects the quality of the weighting parameters and allows for a more reasonable distribution of the weighting parameters. The convolution kernels were taken as 3 × 3, 5 × 5, and 7 × 7, respectively, and the average accuracy of the DA dataset and PU dataset was calculated, and the results are shown in Figure 19.



As can be seen from the figure, the classification accuracy is slightly higher when choosing a smaller 3 × 3 convolution kernel. When targeting simple 1D signals like the time domain, choosing too large a perceptual field can result in a lot of spurious features, which occurs for both one-shot and five-shot. Therefore, this situation is improved when a smaller dilated convolution kernel is chosen, and the overall classification accuracy is improved.




5.6. Relationship between Sample Size and Precision


A large body of literature demonstrates that as the sample size increases, a few-shot network can learn more features, and that the number of samples determines the network’s thickness. When applying AWRN to a classification task, the selection of sample size is crucial, and selecting a certain sample size will increase the thickness of the network and affect the quality of the weight parameters in the model. The value of ‘shot’ is varied from 1 to 10, where the step size is set to 1, and the average accuracy of both the DA and PU datasets is calculated, and the results are shown in Figure 20.



It can be seen that as the number of shots increases, the accuracy rises and then falls, and reaches a maximum when the shot is six. Meanwhile, in the process of rising, the accuracy rises faster from one-shot to three-shot, while three-shot to six-shot rises slower. After the six-shot, the accuracy falls in the opposite way. This suggests that as the number of shots increases from one-shot to six-shot, the accuracy of the model plummets as the network learns more features at first, and then becomes able to capture fewer new features, making the accuracy rise slower, but the overall accuracy continues to improve. As the number of shots continues to increase, the accuracy drops slightly, probably due to the model parameters being over-tuned and many spurious features being learned into the network, resulting in a drop in accuracy. If given a higher number of shots, it would cause the accuracy of the model to plummet, or even cause the model training to crash.





6. Results


As an energy conversion device, a pneumatic control valve may experience unpredictable operational abnormalities potentially diminishing the system’s reliability. Generally deep learning requires many samples, but faults such as pneumatic valves often exist where it is difficult to obtain a large number of samples to support high-performance fault diagnosis. For the problem of accurately diagnosing pneumatic valve faults with limited sample data, this paper proposes a few-shot valve fault detection method based on a weighted attention relationship network (AWRN) to improve feature extraction capability and network classification accuracy for efficient detection of valve faults. In order to verify the effectiveness of the method, a DA valve fault dataset is constructed, and experimental validation is performed on this dataset and another benchmark PU gear fault dataset. The experimental results show that the proposed AWRN network, with an accuracy of 99.15% on DA and an average accuracy of 98.37% on PU, compared with typical fault diagnosis methods, the performance of the proposed method is superior, and the method can still guarantee a high accuracy rate with a significantly lower amount of data for training. More importantly, the AWRN network proposed in this paper has strong generalization capability and wide applicability to different attention models and different tasks. The work in this paper provides a new approach to achieve valve fault detection and classification with small sample data. In our future work, the proposed method will be applied to various energy conversion systems, encompassing components such as gears and control valves, to facilitate offline diagnostics and analyze failures. Simultaneously, we plan to optimize the network structure to enhance its resilience against overfitting.







Author Contributions


Writing—original draft preparation, L.X.; writing—review and editing, A.J., X.Z. and Y.Q.; data curation, L.H. and Y.W.; All authors have read and agreed to the published version of the manuscript.




Funding


This research was funded by “Pioneer” and “Leading Goose” R&D Program of Zhejiang grant number 2023C01024. This research was funded by the National Natural Science Foundation of China grant number 61973102. This research was funded by the Basic Public Welfare Research Project of Zhejiang Province grant number LGG22F030005. This research was funded by the National Natural Science Foundation of China grant number U22A2047.




Data Availability Statement


Data are contained within the article.




Conflicts of Interest


The authors declare no conflicts of interest.




References


	



Hoang, D.T.; Kang, H.J. A survey on deep learning based bearing fault diagnosis. Neurocomputing 2019, 335, 327–335. [Google Scholar] [CrossRef]

	



Zhang, J.; Yi, S.; Liang, G.; Hongli, G.; Xin, H.; Hongliang, S. A new bearing fault diagnosis method based on modified convolutional neural networks. Chin. J. Aeronaut. 2020, 33, 439–447. [Google Scholar] [CrossRef]

	



Bartyś, M.; Patton, R.; Syfert, M.; de las Heras, S.; Quevedo, J. Introduction to the DAMADICS actuator FDI benchmark study. Control Eng. Pract. 2006, 14, 577–596. [Google Scholar] [CrossRef]

	



Witczak, M.; Korbicz, J.; Mrugalski, M.; Patton, R.J. A GMDH neural network-based approach to robust fault diagnosis: Application to the DAMADICS benchmark problem. Control Eng. Pract. 2006, 14, 671–683. [Google Scholar] [CrossRef]

	



Cabeza, R.T.; Viciedo, E.B.; Prieto-Moreno, A.; Vega, V.M. Fault diagnosis with missing data based on hopfield neural networks. In Mathematical Modeling and Computational Intelligence in Engineering Applications; Springer International Publishing: Cham, Switzerland, 2016; pp. 37–46. [Google Scholar]

	



Oliveira, J.C.M.; Pontes, K.V.; Sartori, I.; Embiruçu, M. Fault detection and diagnosis in dynamic systems using weightless neural networks. Expert Syst. Appl. 2017, 84, 200–219. [Google Scholar] [CrossRef]

	



José, S.A.; Samuel, B.G.; Arístides, R.B.; Guillermo, R.V. Improvements in failure detection of DAMADICS control valve using neural networks. In Proceedings of the 2017 IEEE Second Ecuador Technical Chapters Meeting (ETCM), Salinas, Ecuador, 16–20 October 2017; pp. 1–5. [Google Scholar]

	



Andrade, A.; Lopes, K.; Lima, B.; Maitelli, A. Development of a methodology using artificial neural network in the detection and diagnosis of faults for pneumatic control valves. Sensors 2021, 21, 853. [Google Scholar] [CrossRef] [PubMed]

	



Garg, A.; Zhang, W.; Samaran, J.; Savitha, R.; Foo, C.S. An evaluation of anomaly detection and diagnosis in multivariate time series. IEEE Trans. Neural Netw. Learn. Syst. 2021, 33, 2508–2517. [Google Scholar] [CrossRef] [PubMed]

	



Liu, R.; Yang, B.; Zio, E.; Chen, X. Artificial intelligence for fault diagnosis of rotating machinery: A review. Mech. Syst. Signal Process. 2018, 108, 33–47. [Google Scholar] [CrossRef]

	



Zhang, A.; Li, S.; Cui, Y.; Yang, W.; Dong, R.; Hu, J. Limited data rolling bearing fault diagnosis with few-shot learning. IEEE Access 2019, 7, 110895–110904. [Google Scholar] [CrossRef]

	



Wang, S.; Wang, D.; Kong, D.; Li, W.; Wang, J.; Wang, H. Few-shot multiscene fault diagnosis of rolling bearing under compound variable working conditions. IET Control Theory Appl. 2022, 16, 1405–1416. [Google Scholar] [CrossRef]

	



Hu, Y.; Liu, R.; Li, X.; Chen, D.; Hu, Q. Task-sequencing meta learning for intelligent few-shot fault diagnosis with limited data. IEEE Trans. Ind. Inform. 2021, 18, 3894–3904. [Google Scholar] [CrossRef]

	



Zhang, Y.; Li, S.; Zhang, A.; Li, C.; Qiu, L. A Novel Bearing Fault Diagnosis Method Based on Few-Shot Transfer Learning across Different Datasets. Entropy 2022, 24, 1295. [Google Scholar] [CrossRef] [PubMed]

	



Zhang, Z.; Li, Y.; Gao, M. Few-shot learning of signal modulation recognition based on attention relation network. In Proceedings of the 2020 28th European Signal Processing Conference (EUSIPCO), Amsterdam, The Netherlands, 18–21 January 2021; pp. 1372–1376. [Google Scholar]

	



Feng, Y.; Chen, J.; Xie, J.; Zhang, T.; Lv, H.; Pan, T. Meta-learning as a promising approach for few-shot cross-domain fault diagnosis: Algorithms, applications, and prospects. Knowl.-Based Syst. 2022, 235, 107646. [Google Scholar] [CrossRef]

	



Antoniou, A.; Edwards, H.; Storkey, A. How to train your MAML. arXiv 2018, arXiv:1810.09502. [Google Scholar]

	



Chen, X.; Yang, R.; Xue, Y.; Huang, M.; Ferrero, R.; Wang, Z. Deep transfer learning for bearing fault diagnosis: A systematic review since 2016. IEEE Trans. Instrum. Meas. 2023, 72, 1–21. [Google Scholar] [CrossRef]

	



Koch, G.; Zemel, R.; Salakhutdinov, R. Siamese neural networks for one-shot image recognition. In Proceedings of the ICML Deep Learning Workshop, Lille, France, 6–11 July 2015; Volume 2. [Google Scholar]

	



Snell, J.; Swersky, K.; Zemel, R. Prototypical networks for few-shot learning. Adv. Neural Inf. Process. Syst. 2017, 30. [Google Scholar]

	



Sung, F.; Yang, Y.; Zhang, L.; Xiang, T.; Torr, P.H.; Hospedales, T.M. Learning to compare: Relation network for few-shot learning. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Salt Lake City, UT, USA, 18–23 June 2018; pp. 1199–1208. [Google Scholar]

	



Liu, D.; Zhong, S.; Lin, L.; Zhao, M.; Fu, X.; Liu, X. Highly imbalanced fault diagnosis of gas turbines via clustering-based downsampling and deep siamese self-attention network. Adv. Eng. Inform. 2022, 54, 101725. [Google Scholar] [CrossRef]

	



Fang, Q.; Wu, D. ANS-net: Anti-noise Siamese network for bearing fault diagnosis with a few data. Nonlinear Dyn. 2021, 104, 2497–2514. [Google Scholar] [CrossRef]

	



Yang, Y.; Wang, H.; Liu, Z.; Yang, Z. Few-shot learning for rolling bearing fault diagnosis via siamese two-dimensional convolutional neural network. In Proceedings of the 2020 11th International Conference on Prognostics and System Health Management (PHM-2020 Jinan), Jinan, China, 23–25 October 2020; pp. 373–378. [Google Scholar]

	



Zhang, X.; Su, Z.; Hu, X.; Han, Y.; Wang, S. Semisupervised momentum prototype network for gearbox fault diagnosis under limited labeled samples. IEEE Trans. Ind. Inform. 2022, 18, 6203–6213. [Google Scholar] [CrossRef]

	



Jiang, C.; Chen, H.; Xu, Q.; Wang, X. Few-shot fault diagnosis of rotating machinery with two-branch prototypical networks. J. Intell. Manuf. 2023, 34, 1667–1681. [Google Scholar] [CrossRef]

	



Chai, Z.; Zhao, C. Fault-prototypical adapted network for cross-domain industrial intelligent diagnosis. IEEE Trans. Autom. Sci. Eng. 2021, 19, 3649–3658. [Google Scholar] [CrossRef]

	



Chen, X.; Yang, R.; Xue, Y.; Yang, C.; Song, B.; Zhong, M. A novel momentum prototypical neural network to cross-domain fault diagnosis for rotating machinery subject to cold-start. Neurocomputing 2023, 555, 126656. [Google Scholar] [CrossRef]

	



Chang, Y.; Chen, J.; He, S. Intelligent fault diagnosis of satellite communication antenna via a novel meta-learning network combining with attention mechanism. In Proceedings of the Journal of Physics: Conference Series; IOP Publishing: Bristol, UK, 2020; Volume 1510, p. 012026. [Google Scholar]

	



Wu, J.; Zhao, Z.; Sun, C.; Yan, R.; Chen, X. Few-shot transfer learning for intelligent fault diagnosis of machine. Measurement 2020, 166, 108202. [Google Scholar] [CrossRef]

	



Wang, S.; Wang, D.; Kong, D.; Wang, J.; Li, W.; Zhou, S. Few-shot rolling bearing fault diagnosis with metric-based meta learning. Sensors 2020, 20, 6437. [Google Scholar] [CrossRef] [PubMed]

	



Lu, N.; Hu, H.; Yin, T.; Lei, Y.; Wang, S. Transfer relation network for fault diagnosis of rotating machinery with small data. IEEE Trans. Cybern. 2021, 52, 11927–11941. [Google Scholar] [CrossRef] [PubMed]

	



Lu, L.; Zhang, Y.; Li, G.; Mitrouchev, P. Fault Diagnosis Modeling of Massage Chair Electronic Controller Based on Residual Relation Network. In Proceedings of the International Workshop of Advanced Manufacturing and Automation, Xiamen, China, 11–12 October 2022; Springer: Berlin/Heidelberg, Germany, 2022; pp. 378–383. [Google Scholar]

	



Yu, X.; Ju, X.; Wang, Y.; Qi, H. A metric learning network based on attention mechanism for Power grid defect identification. In Proceedings of the Journal of Physics: Conference Series; IOP Publishing: Bristol, UK, 2020; Volume 1693, p. 012146. [Google Scholar]

	



Chen, Z.; Wu, J.; Deng, C.; Wang, X.; Wang, Y. Deep attention relation network: A zero-shot learning method for bearing fault diagnosis under unknown domains. IEEE Trans. Reliab. 2022, 72, 79–89. [Google Scholar] [CrossRef]

	



Gkanatsios, N.; Pitsikalis, V.; Koutras, P.; Maragos, P. Attention-translation-relation network for scalable scene graph generation. In Proceedings of the IEEE/CVF International Conference on Computer Vision Workshops, Seoul, Republic of Korea, 27–28 October 2019. [Google Scholar]

	



Park, J.; Woo, S.; Lee, J.Y.; Kweon, I.S. Bam: Bottleneck attention module. arXiv 2018, arXiv:1807.06514. [Google Scholar]

	



Supavatanakul, P.; Lunze, J.; Puig, V.; Quevedo, J. Diagnosis of timed automata: Theory and application to the DAMADICS actuator benchmark problem. Control Eng. Pract. 2006, 14, 609–619. [Google Scholar] [CrossRef]

	



Lessmeier, C.; Kimotho, J.K.; Zimmer, D.; Sextro, W. Condition monitoring of bearing damage in electromechanical drive systems by using motor current signals of electric motors: A benchmark data set for data-driven classification. In Proceedings of the PHM Society European Conference, Bilbao, Spain, 5–8 July 2016; Volume 3. [Google Scholar]

	



Libal, U.; Hasiewicz, Z. Wavelet based rule for fault detection. IFAC-PapersOnLine 2018, 51, 255–262. [Google Scholar] [CrossRef]

	



Lemos, A.; Caminhas, W.; Gomide, F. Adaptive fault detection and diagnosis using an evolving fuzzy classifier. Inf. Sci. 2013, 220, 64–85. [Google Scholar] [CrossRef]

	



Ahmad, S.; Lavin, A.; Purdy, S.; Agha, Z. Unsupervised real-time anomaly detection for streaming data. Neurocomputing 2017, 262, 134–147. [Google Scholar] [CrossRef]

	



Wang, L.; Hodges, J.; Yu, D.; Fearing, R.S. Automatic modeling and fault diagnosis of car production lines based on first-principle qualitative mechanics and semantic web technology. Adv. Eng. Inform. 2021, 49, 101248. [Google Scholar] [CrossRef]

	



Zhang, S.; Ye, F.; Wang, B.; Habetler, T.G. Few-shot bearing fault diagnosis based on model-agnostic meta-learning. IEEE Trans. Ind. Appl. 2021, 57, 4754–4764. [Google Scholar] [CrossRef]








[image: Entropy 26 00022 g001] 





Figure 1. Metric-based few-shot learning network. 
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Figure 2. Network architecture of AWRN. For ease of illustration, a four-way and one-shot classification task was chosen for this figure. AWRN consists of three modules, a feature extraction module, a parallel attention-weighted module, and a similarity contrast module. The leftmost rectangle (support/query set) is the scalar and the square represents the 3D tensor. The white boxes indicate the modules and denote the features generated by the support set and query set after the feature extraction module, respectively; they represent the new features obtained after the attention-weighted module.   M (  f S  )   denotes the attention weight parameter. The output score represents the score obtained after the similarity contrast network, where a value closer to 1 indicates a darker color. 
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Figure 3. Details of the structure in the AWRN network. (a) Feature extraction module; (b) parallel attention-weighted module; (c) similarity contrast module. 
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Figure 5. Data generation model. 
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Figure 6. No faults with 5000 samples and 500 samples. 
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Figure 7. The error of F7 with 5000 samples and 500 samples. 
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Figure 8. The error of F10 with 5000 samples and 500 samples. 
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Figure 9. The error of F12 with 5000 samples and 500 samples. 
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Figure 10. The error of F15 with 5000 samples and 500 samples. 
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Figure 11. The error of F16 with 5000 samples and 500 samples. 
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Figure 12. The error of F17 with 5000 samples and 500 samples. 
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Figure 13. Comparison of trends in different approaches. 
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Figure 14. Comparison of two attention-weighted methods. 
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Figure 15. The accuracies of different tasks and sample sizes: one-shot and five-shot of DA. 
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Figure 16. The accuracies of different tasks and sample sizes: one-shot and five-shot of PU. 
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Figure 17. Relationship between reduction ratio and accuracy: one-shot and five-shot of DA. 
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Figure 18. Relationship between reduction ratio and accuracy: one-shot and five-shot of PU. 
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Figure 19. Relationship between convolution kernel size and accuracy. 
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Figure 20. Relationship between the sample size and precision. 
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Table 1. Basic operation symbols in few-shot learning.
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	Notation
	Meaning





	   x i S   
	Input support set



	   x j Q   
	Input query set



	i
	Each of these categories, ranging from 1 to k.



	j
	The number of simultaneous branches per iteration



	k
	The number of categories



	   a ∈  R  k × H × W     
	Vector



	   f S   
	Support set feature



	   f Q   
	Query set feature



	   f  S   ′     
	New support set feature



	   f  Q   ′     
	New query set feature



	⊗
	Kronecker product



	   L  M S E    
	Mean squared error



	   r  i , j    
	Similarity score



	  D  
	Concatenation of feature maps at depth



	AWRN
	Attention-weighted relation network










 





Table 2. Some definitions in relation networks.
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	Description





	Support set
	The support set is made up of a small number of data sets, acting as a reference for the query set



	Query set
	The query set is made up of a small number of data sets to train the network parameters by the degree of matching between the query set and the support set



	Source domain
	The source domain is a dataset that has been acquired prior to the learning task and used for training and modeling. Source domain data are typically collected from one or multiple related domains and often come with labels or manual annotations



	Target domain
	The target domain can be newly collected data outside of the source domain or a subset of samples within the source domain that have not been seen before



	Training set
	A collection of data from the source domain to train a few-shot learning model, usually consisting of a support set and a query set



	Testing set
	Data from target domain sets for evaluating the performance of few-shot learning models



	shot
	Number of samples per category used to train the model



	ways
	Number of categories in a few-shot learning task










 





Table 3. Typical Valve Failures.
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	Serial Number
	Fault Description
	Fault Category





	F7
	Media evaporation or critical flow
	Control valve failure



	F10
	Diaphragm perforation for servo motors
	Pneumatic servo motor failure



	F12
	Electrical converter failure
	Positioner failure



	F15
	Faulty positioner feedback
	Positioner failure



	F16
	Positioner supply pressure drop
	General faults/external faults



	F17
	Sudden changes in pressure outside the valve
	General faults/external faults



	No-Fault
	No-Fault
	No-Fault










 





Table 4. Health and damage categories at N09_M07_F10 Working Conditions.






Table 4. Health and damage categories at N09_M07_F10 Working Conditions.











	Name
	Reasons
	Location
	Features





	KA01
	Electric discharge machining
	Outer Ring
	Artificial damage



	KA03
	Electric discharge machining
	Outer Ring
	Artificial damage



	KA05
	Electric discharge machining
	Outer Ring
	Artificial damage



	KA07
	Borehole
	Outer Ring
	Artificial damage



	KA08
	Borehole
	Outer Ring
	Artificial damage



	KI01
	Electric discharge machining
	Inner Ring
	Artificial damage



	KI03
	Manual electric engraving
	Inner Ring
	Artificial damage



	KI05
	Manual electric engraving
	Inner Ring
	Artificial damage



	K001
	Health
	Health
	



	KA04
	Fatigue, electrical erosion
	Outer Ring
	Natural damage



	KB23
	Fatigue, electrical erosion
	Inner and outer rings
	Natural damage



	KB27
	Plastic deformation, fracture, and cracking
	Inner and outer rings
	Natural damage



	KI04
	Fatigue, electrical erosion
	Inner Ring
	Natural damage










 





Table 5. Setting of model hyperparameters.






Table 5. Setting of model hyperparameters.





	Parameters
	Size
	Description





	  C  
	64
	Number of channels used to describe the dimensionality of the feature



	r
	8
	Reduction ratio



	class
	3, 5
	Number of categories in the sample



	shot
	1–10
	Number of support samples per category



	batch size
	10
	Number of simultaneous branches per iteration



	Episode
	100
	Number of complete tasks of the agent interacting with the environment










 





Table 6. Accuracy comparison of DA dataset (%).






Table 6. Accuracy comparison of DA dataset (%).





	Model
	DA





	PCA
	82.45



	UAE
	96.47



	LSTM
	81.17



	TCN
	91.77



	AWRN
	99.15










 





Table 7. Accuracy comparison of the PU dataset (%).






Table 7. Accuracy comparison of the PU dataset (%).













	Model
	
	
	PU
	
	





	
	One-Shot
	Five-Shot
	Five-Shot
	Ten-Shot
	Overall



	CNN
	89.31
	95.37
	96.66
	97.64
	94.75



	RRN [31]
	96.0
	96.9
	97.7
	98.5
	97.28



	Siamese Net [44]
	88.75
	92.34
	94.21
	95.37
	92.67



	MAML [44]
	90.78
	94.61
	96.32
	97.17
	94.72



	Prototypical Net [44]
	89.17
	93.14
	95.57
	96.39
	93.57



	AWRN
	97.49
	98.66
	98.75
	98.56
	98.37










 





Table 8. Attention ablation experiment for the DA dataset.






Table 8. Attention ablation experiment for the DA dataset.





	
Model

	
DA






	

	
one-shot

	
five-shot




	
AWRN + Query feature

	
60.85 (±6.74)

	
61.08 (±16.06)




	
AWRN + Support feature

	
97.44 (±0.37)

	
98.85 (±0.36)











 





Table 9. Attention ablation experiment for PU the dataset.






Table 9. Attention ablation experiment for PU the dataset.





	
Model

	
PU






	

	
one-shot

	
five-shot




	
AWRN + Query feature

	
39.11 (±4.36)

	
42.71 (±3.10)




	
AWRN + Support feature

	
97.49 (±0.40)

	
98.75 (±0.28)











 





Table 10. Attention ablation experiment for the DA dataset.






Table 10. Attention ablation experiment for the DA dataset.





	
Model

	
DA






	

	
one-shot

	
five-shot




	
RN

	
96.84 (±0.24)

	
98.72 (±0.13)




	
AWRN + Channel attention

	
96.98 (±0.55)

	
98.77 (±0.24)




	
AWRN + Serial attention

	
97.34 (±0.32)

	
98.84 (±0.44)




	
AWRN + Parallel attention

	
97.44 (±0.37)

	
98.85 (±0.36)











 





Table 11. Attention ablation experiment for the PU dataset.






Table 11. Attention ablation experiment for the PU dataset.





	
Model

	
PU






	

	
one-shot

	
five-shot




	
RN

	
97.08 (±0.33)

	
98.23 (±0.25)




	
AWRN + Channel attention

	
97.45 (±0.51)

	
98.59 (±0.29)




	
AWRN + Serial attention

	
97.21 (±0.65)

	
98.61 (±0.16)




	
AWRN + Parallel attention

	
97.49 (±0.40)

	
98.75 (±0.28)
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