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Abstract

:

A novel intelligent centrifugal pump (CP) fault diagnosis method is proposed in this paper. The method is based on the contrast in vibration data obtained from a centrifugal pump (CP) under several operating conditions. The vibration signals data obtained from a CP are non-stationary because of the impulses caused by different faults; thus, traditional time domain and frequency domain analyses such as fast Fourier transform and Walsh transform are not the best option to pre-process the non-stationary signals. First, to visualize the fault-related impulses in vibration data, we computed the kurtogram images of time series vibration sequences. To extract the discriminant features related to faults from the kurtogram images, we used a deep learning tool convolutional encoder (CE) with a supervised contrastive loss. The supervised contrastive loss pulls together samples belonging to the same class, while pushing apart samples belonging to a different class. The convolutional encoder was pretrained on the kurtograms with the supervised contrastive loss to infer the contrasting features belonging to different CP data classes. After pretraining with the supervised contrastive loss, the learned representations of the convolutional encoder were kept as obtained, and a linear classifier was trained above the frozen convolutional encoder, which completed the fault identification. The proposed model was validated with data collected from a real industrial testbed, yielding a high classification accuracy of 99.1% and an error of less than 1%. Furthermore, to prove the proposed model robust, it was validated on CP data with 3.0 and 3.5 bar inlet pressure.
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1. Introduction


Centrifugal pumps (CPs) are vital to various technical processes such as power generation, chemical processes, air conditioning, manufacturing, heating, and cooling of engines [1]. According to a survey of European organizations, machines driven by electric motors consumes approximately 65% of the grid energy, and CPs consume 80% of the total energy [2]. CPs are diverse in use, inexpensive, easy to construct, and reliable to operate. However, they can fail unexpectedly, which can lead to problems, i.e., economic loss, energy loss, expensive repairs, danger to the life of the operating staff, and lengthy downtimes [3]. Thus, to prevent their failure and avoid these severe consequences ensuring reliability, a health-monitoring system for CPs is necessary.



There are several ways to monitor the health of CPs. Among them, the condition-based monitoring system (CBM) is the most effective. The CBM is based on data collected from the machine under different conditions; thus, it is helpful to extend the runtime of a machine with low cost [4]. Hence, in this study we also used a condition-based monitoring system for fault diagnosis in CPs. According to research conducted on CPs, there are two types of faults, i.e., hydraulic and mechanical. These types of faults are dependent on each other, but mechanical faults are more frequent [5]. Thus, to keep a CP healthy, mechanical faults, such as impeller faults, mechanical seal holes, and scratches, need to be identified early. Therefore, in this study we considered only the mechanical fault diagnosis in CPs. Mechanical faults have a huge impact on the vibration signals obtained from a CP; these faults make the vibration signals non-stationary and impulsive, which draws attention to the analysis of these vibrations for fault identification [6]. Due to faded fault impulses and a significant amount of noise in the signals, fault-related information is often unclear and masked, so it is necessary to pre-process the vibration sequences and extract useful fault-related information from the signal. The main techniques used for signal processing are analyses in time (TD), frequency (FD), and time–frequency domains (TFD).



TD-extracted features, such as RMS, peak value, variance, etc., can be useful in fault identification of bearings and gearbox; however, in CPs, there are unexpected changes in the height (amplitude) of the signals, causing these TD-extracted features to provide very little discriminating information. However, the discriminant features can still be extracted using the FD. The FD can address the issue of impulses in the signal by displaying a peak in the specific frequency spectrum. The FD analysis of stationary and simple vibration signals is useful for fault identification; however, in this study, we considered a vibration signal with a non-stationary and complex nature. Thus, the FD analysis tool, Fourier transform, could not be used to extract features from these non-stationary and complex signals. However, we could use FD analysis in shape of spectral kurtosis to identify the transients in the CP vibration signal, though fault features interpretation would remain complex [7]. To overcome the shortcomings of the FD, such as its limitation of applicability to only stationary signals and its complexity, researchers have used several TFD techniques for the detection of faults using non-stationary signals. Peng et al. [8] used a general parametrized time–frequency transform for feature extraction from a non-stationary vibration signal. Kang et al. [9] used a time-changing and multi-problem solving solution envelope analysis for fault diagnosis in bearings. Alexander Prosvirin et al. [10] used empirical mode decomposition (EMD) for rub-impact fault identification in blades utilizing non-stationary vibration signals. The TFD analyzes the non-stationary and complex signals with better precision; however, it still depends on discriminant feature extraction for the proper characterization of mechanical faults. A better technique to solve these issues is spectral analysis. The spectral analysis tool, kurtogram, which was used in various studies [3] has proven to be effective and the best among all the techniques used to deal with non-stationary and impulsive signals for fault detection. Based on its effectiveness in fault diagnosis, in this study we also used kurtogram to differentiate between different frequencies based on colors assigned to them in the kurtogram image of the vibrations signal.



For fault diagnosis, when the features are extracted, they are usually handed over to machine learning (ML) algorithms, i.e., SVM [11], K-NN [12,13], or naïve Bayes classifiers, for classification. The mentioned ML methods result in a satisfactory classification, especially, SVM proved to provide a high accuracy in research conducted in [14]. In addition, a significant amount of research has been performed on artificial intelligence-based fault diagnosis in pumps [15]. However, the related algorithms classify data based on manually extracted features, which may not be the best for the classification of faults as it requires expertise in manual data analysis. This strategy is also very time-consuming even for experienced analyzers. It is necessary to extract features that provide the best discrimination for data from different classes. Therefore, to avoid the complications associated with conventional ML algorithms and extract the useful features, deep learning (DL) models have been used [16,17]. Deep learning is useful in fault diagnosis because of its fault features extraction and classification performance. Deep learning, with its inherent property of autonomous feature extraction, solves both the issues linked to ML models, i.e., autonomous important features extraction and time-consuming manual data analysis. Some of the deep learning techniques used for fault diagnosis include a convolutional neural network (CNN) [3] and autoencoders [18]. The CNN is the most popular DL technique used for feature extraction [19], and autoencoders are convenient for feature extraction because of their ability to compress data and form latent coding. Guo et al. [20] utilized a deep belief network (DBF) for fault diagnosis in bearings. Based on previous studies, all the deep learning techniques showed a prominent and satisfactory performance in feature extraction and classification. However, it is still possible to increase the accuracy and robustness of these models. Thus, to improve the DL model for fault classification, we introduced a supervised approach using contrastive learning, which allowed learning the contrast in data fed to the DL model. Supervised contrastive learning uses the supervised contrastive loss that pulls together samples of the same class while pushing apart samples belonging to different classes, providing better discriminance in data than other models. Therefore, supervised contrastive learning outperforms other loss functions in terms of improving the accuracy and robustness of a DL model [21]. In this work, we present a supervised contrastive learning-based DL framework for mechanical fault diagnosis in CPs. We used a CE to produce the vector representations of the input images and applied supervised contrastive loss to learn the representations of images and bring together those belonging to the same class, while moving apart those coming from different classes. A linear classifier was built with a CE having a fully connected layer accompanied by a SoftMax layer. First, the CE was pretrained without a classifier to optimize the supervised contrastive loss. The CE with supervised contrastive loss learnt the contrasting representations corresponding to the respective class; then, for the classification of CP faults, the weights of the CE were kept frozen, and a classifier (linear) was trained using the same weights of the already trained CE, while the weights of the hidden and SoftMax layers of the classifier were optimized for fault identification. The major contributions of this study are:




	
In order to find the impactful and discriminant parts in vibration signals, we computed fast kurtograms of the time series vibration signals. The kurtograms displayed the fault-related transients in collected signals well.



	
To address the issues of conventional feature extraction methods, a convolutional encoder was introduced to produce a latent space with the help of its compressing power.



	
To make the deep learning models more accurate and robust, a supervised contrastive loss function was employed, which clearly outperformed the conventional loss functions. Based on the data contrast, the classifier carried out the classification task, completing the process of faults diagnosis.








The rest of the work is arranged as follows:



Section 2 presents the proposed method, Section 3 contains the experimental testbed setup and data acquisition, Section 4 presents the technical background, Section 5 describes the results and performance, and Section 6 concludes the manuscript.




2. Proposed Method


Figure 1 shows the CP fault diagnosis framework, comprising four main steps.



	I

	
The vibration signals under different CP conditions were collected using a data acquisition system.




	II

	
The kurtograms were computed from the collected vibration signals and displayed the frequency changes in different sub-bands of the signals in the form of an image pattern used for fault diagnosis.




	III

	
Next, the kurtograms images were fed to the CE with a supervised contrastive loss function. This CE was pretrained for supervised contrastive loss optimization that segregated the data of a corresponding label using data contrast.




	IV

	
After the CE learnt the contrastive features of a corresponding label, the CE was kept frozen; meanwhile, a linear classifier was trained, and the classifier accomplished the task of classification.








3. Experimental Setup and Data Acquisition


Figure 2 depicts the self-developed experimental test rig comprising a PMT-4008 CP driven by a motor with a power of 5.5 kw, a control panel that changed the flowrate, speed, temperature, and water supply, a display, and a switch. Two water tanks were used to keep a net positive suction head at the inlet of the pump. The water tanks were placed high enough to normally operate the CP. Steel pipes with pressure gauges and valves were used to connect the CP to the tanks. The schematized the testbed is displayed in Figure 3. The CP was constantly run at 1733 rpm during the collection of the vibration signals. The vibration data were obtained using several accelerometers; two were fixed on the pump case, one was installed near the mechanical seal (MS), and one was fitted near the impellers, using adhesives. Every accelerometer had its own channel to record the CP vibration data. A National Instruments 9234 device was used to digitize the vibration data. Table 1 presents the details of the accelerometer and the digitization of the collected CP vibration signals.



For the collection of the data, the CP was run for 300 s at 25.6 kHz sampling frequency. A sum of 1200 samples with 25,600 sample length were collected under one normal and three faulty conditions, at an inlet pressure of 3.0 bar. The same process was repeated applying a 3.5 bar pressure at the inlet. Further details of the experimental setup are reported in [3].



This study analyzed the CP data collected under four varying operating conditions: a normal condition, an MS scratch fault, an MS hole fault, and an impeller defect. The description of different fault conditions is provided below.



3.1. Mechanical Seal Scratch Fault


In this study, an MS of 38 mm diameter was used. A scratch having a diameter of 2.5 mm and a depth of 2.8 mm was created in the seal for a seal scratch fault. Figure 4 presents the actual fault condition.




3.2. Mechanical Seal Hole Fault


For the hole fault, the mechanical seal’s diameter was 38 mm. A hole with a diameter and a depth of 2.8 mm was made in the revolving part of the MS to obtain the mechanical seal hole defect. Figure 5 shows the MS hole fault (MSH).




3.3. Impeller Fault


Seven impellers were used in this study. Out of those seven, six were defect-free, and the seventh was made faulty by removing a portion. The dimensions of the flaw created had a diameter of 2.5 mm, a length of 18 mm, and a depth of 2.8 mm. This provided our study with a faulty impeller condition. Figure 6 shows this fault.



The vibration signals collected from the CP under faulty and normal operating conditions are shown in Figure 7. Figure 8 and Figure 9 show the frequency spectrums of the CP under normal, impeller fault, MSH fault, and MSS fault conditions. The defect frequencies for the impeller fault were calculated using the mathematical equations provided in [2]. It can be seen from Figure 8a,b that the amplitudes of the third, fourth, and fifth harmonics increased because of the impeller defect. Furthermore, some spikes appeared in the frequency spectrum after introducing the impeller defect. The possible reason for this is the interaction of the fluid with the faulty impeller, as can be seen in Figure 8b. In Figure 9, it can be observed that the excitation frequency under mechanical seal defects increased twice with respect to that of the normal condition. The excitation frequency is highlighted in Figure 9a–c.





4. Technical Background


4.1. Vibration Signals Representation Using Kurtograms


The vibration data obtained from the CP testbed were noisy, and because of different faults, they presented impulses, non-stationarities, and non-linearities. The TD, FD, and TFD techniques lagged in extracting the discriminant parts from the signal because of the above-mentioned reasons. Thus, we used fast kurtograms to clearly depict the impulses, non-stationarities, and non-linearities in the vibration sequences.



The fast kurtogram was first proposed by Antoni [22,23]. A kurtogram is a spectral analysis tool based on spectral kurtosis used to detect non-stationarities and non-linearities in signals. Spectral kurtosis was presented for the first time by Dwyer in 1983 [24,25]. This tool uses power spectral density to detect and show the transients in vibration signals. The main idea on the basis of spectral kurtosis is to have a kurtosis for all frequency values to detect and locate the hidden transient portions of a signal in the frequency domain.



Random processes in vibration signals, such as non-stationary x(n) with zero-mean, are split using the given Wold–Cramer equation used in the study [23].


  X ( n ) =   ∫   −  1 2    +  1 2    H   n , f    e  j 2  π fn    d  Z x   f   



(1)







  H   n , f     indicates a complex kind of envelope for x(n) with frequency  f , and   d  Z x    indicates an orthonormal spectral change.



The mathematical definition of spectral kurtosis is given as:


   K x   f  =   〈   H     n , f    4    〉     〈   H   n , F     〉  2    − 2  



(2)







The above-mentioned mathematical definition has important properties; one related to this study is given in Equation (3) [22], as explained below.



In a non-stationary process, when dealing with an impulsive signal x(n) having a stationary additive noise s(n), the spectral kurtosis of the calculated measurement   y  n  = x  n  + s  n    can be:


   k y   f  =    k x   f        1 + p  f     2     



(3)







   k x   f    is the spectral kurtosis of   x  n  ,   and   p  f    is the SNR as a function of frequency.



In this study, when the fast kurtogram was applied to real vibration signals, it produced a graph that displayed the spectral kurtosis of different frequency bands in the frequency domain [23]. The kurtograms computed from the CP vibrational sequences clearly showed different color regions when changing the CP operating conditions. Figure 10 depicts the kurtogram images of the vibration sequences for each CP operating conditions. The colors in each block of the kurtogram image represents a portion of the frequency, and the block width represent the bandwidth. The appearance of high-intensity colors in Figure 10b–d indicates the impulses that occurred because of different faults in the CP. These high-frequency impulses were used for fault identification by the DL models utilized in this work. The computation of these colors and bands were based on spectral kurtosis.




4.2. Convolutional Encoder with Contrastive Learning


An autoencoder is an NN comprising three main layers: an input layer that takes data as an input, a hidden layer that processes the data, and finally an output layer that provides the output. The first two layers form the encoder, while the last two layers form the decoder. The encoder learns the important representations of the input data, and the decoder performs the reconstruction of the data using the representations learnt by the encoder. The process of data compression and reconstruction by an autoencoder is explained below.



The encoder obtains the input data as x, and the hidden layer transforms them into hidden representations h.


  h = a    W 1  x +  b 1    ,  



(4)







Here,    w 1    and    b 1    show the weight vectors and bias vectors of the hidden layers, while  a  is the activation function. The decoder reconstructs the input data x using the learnt hidden representations h with the following equation:


   x r  = a    w 2  h +  b 2    ,  



(5)







   x r    denotes the reconstructed input data of the autoencoder, and the weight vectors and bias vectors of the output layer are represented by    w 2    and    b 2   , respectively. We did not need to reconstruct the data, so we only needed the encoder



The encoder portion of the autoencoder has inherent function of data compression. To achieve the best latent representation of the input data, we modified the data compression process by introducing a series of convolutional layers backed by pooling layers. Therefore, in this paper, we used the convolutional encoder for feature extraction, rather than as a traditional encoder.



The CE comprised convolutional layers, pooling layers, and a fully connected layer. In this study, the CE had the kurtogram images computed from the vibration signals of the CP as its input; from these images, the CE extracted useful features by performing the convolution and pooling processes. The operation of the CE is described below.



The convolutional layers performed the convolution of the kurtograms using various filters, and every channel of the kurtograms underwent the convolution separately. At the end of the convolution operation, several features were obtained through the activation function. The following equation shows the operation of the convolutional layer.


   x c n  =  a n        ∑   k = 1    k  n − 1      w  k , c  n  ∗  x k  n − 1   +  b c n     



(6)







Here,   n     denotes the order of the current convolutional layer,   ∗     shows the convolution of the channel   k = 1 , … ,  k  n − 1     for the input    x k  n − 1     of the convolutional layer, and    w  k , c  n    represents the   C t h   filter weights in layer   n .    b c n    is the bias of the filter   c   in   the convolutional layer   n ,   and    a n   .      is the non-linear activation function to extract the features. In this study, we used the (ReLU) as an activation function.



After the convolution process, the pooling process started. The aim of the pooling process is to obtain key features from the feature map obtained from the convolutional layer, hence reducing the amount of processing data. Consequently, the encoder consumes less time and memory to operate on the features data. The output of the pooling layer is given below.


   x c n  =  β c n  d o w n    x c  n − 1     +  b  c .  n   



(7)







The   d o w n  .    indicates the down-sampling process,    x c n    shows the pooling layer’s outcome, and    x c  n − 1     the previous layer’s output and the current pooling layer’s input.    β c n    represents a multiplicative bias, while    b c n    is the additive bias. mMx-pooling was used for size reduction of the features obtained at each convolution operation. The architecture used for the CE is presented in Table 2.



A number of convolution and pooling steps completed the feature extraction from the kurtograms fed to the CE. Cumulatively, four convolutional layers having eight 3 × 3 filters followed by four pooling layers each having eight 2 of 2 × filters, one flattening layer having 512 nodes, and a reshape layer completed the architecture of the CE. An activation function RELU was placed at the out-gate of each convolutional layer. To train the CE, a supervised contrastive loss was used, which kept the features bound to the specific class label based on the contrast in the features. During CE training, the representations learned were propagated to a projection network where the supervised contrastive loss was computed and optimized.



As obvious form the word “contrast”, contrastive learning aims to learn low-dimensional representations of data by contrasting similar and dissimilar samples. Specifically, contrastive learning brings similar samples near each other in the feature pool and pushes the different samples away on the basis of the Euclidean distance [26]. To complete this task, contrastive loss is used, which explicitly shows how close the features are based on their similarity. In contrast to other common losses, such as cross-entropy, mean-squared error, etc., whose goal is to predict the labels directly, contrastive loss targets train the semantically useful feature representations of the data. Contrastive learning has shown promising results in dealing with computer vision in both supervised [27,28] and unsupervised ways [29,30]. Franceschi et al. [31] also applied contrastive learning successfully to time series data. In this study, we used contrastive learning for fault diagnosis in CPs. Generally, in contrastive learning, the projection network   P r o j  .    obtains the features from an encoder and maps those features vector  x  to a vector   z = P r o j  x  ∈  R   D  C E      . The projection network is instantiated as a multi-layer perceptron having only a hidden layer with size of 2048 and an output vector with size of 128. The output of this network is normalized to a unit hypersphere, which allows the use of the inner product for measuring distances in projection space. This projection network is discarded at the end of contrastive training, and eventually, the inference model obtains exactly the same parameters as the output of a convolutional encoder. This is how contrastive learning works. There are several settings in which contrastive learning can be applied, e.g., supervised and unsupervised contrastive learning. However, in this study, we considered multiclass labelled data. Therefore, for differentiating data and grouping data by features to their respective class label, we needed a setup of supervised contrastive learning in the projection network



For supervised learning, the general mathematics of contrastive loss is incapable of measuring the distance in the projection space because of multiclass labels. As a result, the following equations are used for supervised inference [21].


   l  o u t   s u p   =   ∑   i ∈ I    l  o u t , i   s u p   =   ∑   i ∈ I     − 1     P  i        ∑   p ∈ P  i    log   exp (  s i  ·  s p  / τ )     ∑   a ∈ A  i    exp (  s i  ·  s a  / τ )    



(8)






   l  i n   s u p   =   ∑   i ∈ I    l  i n , i   s u p   =   ∑   i ∈ I   − log {  1    P  i        ∑   p ∈ P  i      exp (  s i  ·  s p  / τ )     ∑   a ∈ A  i    exp (  s i  ·  s a  / τ )   }  



(9)







  P  i  =   p ∈ A  i    :  y p  =  y i      points to the indices set consisting of all positives in the features data extract by the CE. In Equation (8), the summation is outside the log      l  o u t   s u p     ,   while in Equation (9), the summation is inside the log      l  i n   s u p      . Both losses have properties such as generalization to an arbitrary number of positives, a contrastive power increase with more negatives, and the intrinsic ability to perform hard positive/negative mining [21].




4.3. Fault Identification Using a Linear Classifier


After completion of the supervised contrastive inference in the projection network, the weights of the CE were kept frozen, and a linear classifier was trained which had a hidden layer and an output layer. The weights of the fully connected layer that had a SoftMax function were optimized. Because this was a multiclass classification problem, a categorical cross entropy loss was used to perform the classification. The vibration sequences were transformed to kurtograms, from which significant features were extracted by the CE. These features were segregated through supervised contrastive learning and were classified by the linear classifier. Figure 11 shows the data flow with architecture details of the models used for the supervised contrastive learning-based CP fault diagnosis.





5. Results and Discussion


For the evaluation of the performance of our method for fault diagnosis, it was necessary to organize a proper training and testing subsets of the data. This study considered a total of 1200 kurtograms, 300 for each class. The kurtograms were split randomly at a ratio of 8:2. The training set comprised 960 kurtograms, and the testing set contained 240 data samples.



Performance and Comparison


In this study, we computed the fast kurtograms of vibration signals and then used a convolutional encoder to extract features from the kurtograms. The extracted features were provided to a projection network where the contrastive loss was optimized to infer the contrast in the data features. Once the interclass contrast in the data was inferred, the weights of the CE were kept frozen, and a classifier was trained using the learned representations. The classifier then identified the health condition of the CP. The proposed model showed the best results in terms of accuracy and robustness. To compare the performance of our method with those of the reference methods, we used different metrics, i.e., accuracy, precision, recall, and F1 score. The equations for the calculation of these metrics are presented below.


  A c c u r a c y =     ∑  α E  T  P α   N  × 100  %     



(10)






  P r e c i s i o n =     ∑  α E   n α  ×     T  P α    T  P α  + F  P α       N  × 100 %  



(11)






  R e c a l l =     ∑  α E   n α  ×     T  P α    T  P α  + F  N α       N    ×   100 %    



(12)






  F 1 =  1 N    ∑  α E   n a  × 2 ×   ∑  α E      R e c a l  l α  × P r e c i s i o  n α    R e c a l  l α  + P r e c i s i o  n α      × 100 %  



(13)







Here, TPs are true positives, FPs are false positives, and FNs denote false negative outcomes of the features of class   a .      n a    is the total number of samples of class  a . E depicts the number of classes, and N is number of data samples in the test data.



Shao Haidong et al. [32] used a deep autoencoder features learning method for rotatory machines fault diagnosis. The data used for fault diagnosis were acquired using a vibrations sensor; to avoid signal processing, these authors directly developed a deep autoencoder and then followed the framework provided in a previous methodology [32]. They obtained good results in fault diagnosis, which led us to compare their method to our proposed method. For a fair comparison between the referenced and the proposed fault diagnosis frameworks, we applied the deep autoencoder features learning method to our CP dataset. The referenced method extracted features without preprocessing using deep auto encoders, because it could not display the transients in the vibration signals. In contrast, the proposed method used fast kurtograms to explicitly show the impulses, non-stationarities, and non-linearities in vibration data because of faults in the CP. Therefore, it was easy for the pipeline to identify the faults with high accuracy. Furthermore, in the referenced method, the features learned by the deep autoencoder were directly fed to a SoftMax classifier for fault classification, while the proposed method used a convolutional encoder to extract features and fed them to a projection network for the optimization of a contrastive loss, to learn the contrasting features in the data. To keep these contrasting features as a base for the purpose of classification, the weights of the CE and the contrastive features were kept frozen, and a classifier was trained to infer the contrast and decide about the state of the CP’s health. The final results showed that the proposed model outperformed the referenced method, i.e., the proposed method had 99.1% accuracy, while the referenced method had 90.4% accuracy.



To demonstrate the superiority of our method, we compared our method with another framework that used a sparse autoencoder based on multivariate data to detect faults. This study includes an offline detection and an online detection. Because our study was based on offline fault detection, we applied the offline setup to our data and obtained good results in fault detection; however, the method did not surpass the proposed technique for CP health state identification. The proposed method outperformed the referenced method in identifying the conditions of the CP. To statistically compare the performances of the proposed and referenced methods, we used the confusion matrices shown in Figure 12, which clearly proved the proposed method’s superiority with respect to the referenced methods.



The performance of our method compared to those of the other described methods is shown in Table 3. The stats clearly shows that our method performed better than the referenced methods in fault identification. The proposed method classification results had an accuracy of 99.1%, a precision of 98.95%, a recall of 99%, and an F1 score of 98.75% using the 3.0 bar inlet pressure vibration data. The results are explained below.



The proposed model also showed stability when the experiment was repeated 10 times; the model had higher accuracy than the referenced methods because we used contrastive learning that provided the classifier with highly discriminant features, while the other methods provided non-discriminant and indifferentiable features to the classifier, which resulted in low accuracy of the CP dataset. Figure 13 presents the plots of features obtained from the principal component analysis of the proposed and referenced models before the classification.



To prove the robustness of our model, we trained the model on a dataset with a 3.0 bar inlet pressure and then tested it on the CP vibration data with a 3.5 bar pressure at the inlet. The proposed model provided promising fault classification results even on a different dataset; the accuracy was 98.8%, the precision was 98.1%, the recall was 97.9%, and the F1 score was 98%.





6. Conclusions


This paper proposes a novel and robust framework for CP fault diagnosis based on kurtograms and contrastive learning. The proposed method involved three major steps. First, vibration signals of four different CP health conditions were considered to pre-process the signals and explicitly show discriminant fault features with the fast kurtogram. Second, these kurtograms were fed to a convolutional encoder to extract features using the convolution and pooling operations; furthermore, these features were provided to a projection network, where the contrastive loss was optimized to infer the contrast in the extracted features. In the third phase, the inference of the projection network was used to determine the health of the CP; the weight of the encoder and the learning in the projection network were maintained, and a classifier was trained. The proposed model yielded very promising results in fault classification, with an accuracy of 99.1%; however, we need to test the model on hydraulic CP faults. We will extend our research to classify hydraulic CP faults, such as cavitation, using the proposed method. Besides this, we will widen the scope of the proposed approach by applying it to pumps data that have missing labels.







Author Contributions


Conceptualization, S.A., Z.A. and J.-M.K.; methodology, S.A., Z.A. and J.-M.K.; validation, S.A., Z.A. and J.-M.K.; formal analysis, S.A., Z.A. and J.-M.K.; resources, S.A., Z.A. and J.-M.K.; writing—original draft preparation, S.A. and Z.A.; writing—review and editing, J.-M.K., visualization, S.A. and Z.A.; supervision, J.-M.K.; project administration, J.-M.K.; funding acquisition, J.-M.K. All authors have read and agreed to the published version of the manuscript.




Funding


This work was supported by a Korea Technology and Information Promotion Agency (TIPA) grant funded by the Korea government (SMEs) (No. S3126818). This work was also supported by a Korea Industrial Complex Corporation (KICOX) grant funded by the Korea Government (MOTIE) (HRU2112, 2021 Competitiveness Strengthening Program for Industrial Complexes).




Institutional Review Board Statement


Not applicable.




Informed Consent Statement


Not applicable.




Data Availability Statement


Data will be provided upon request.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Alabied, S.; Hamomd, O.; Daraz, A.; Gu, F.; Ball, A.D. Fault diagnosis of centrifugal pumps based on the intrinsic time-scale decomposition of motor current signals. In Proceedings of the ICAC 2017–2017 23rd IEEE International Conference on Automation and Computing: Addressing Global Challenges through Automation and Computing, Huddersfield, UK, 7–8 September 2017; pp. 7–8. [Google Scholar] [CrossRef]

	



Ahmad, Z.; Prosvirin, A.E.; Kim, J.; Kim, J.M. Multistage Centrifugal Pump Fault Diagnosis by Selecting Fault Characteristic Modes of Vibration and Using Pearson Linear Discriminant Analysis. IEEE Access 2020, 8, 223030–223040. [Google Scholar] [CrossRef]

	



Prosvirin, A.E.; Ahmad, Z.; Kim, J.M. Global and Local Feature Extraction Using a Convolutional Autoencoder and Neural Networks for Diagnosing Centrifugal Pump Mechanical Faults. IEEE Access 2021, 9, 65838–65854. [Google Scholar] [CrossRef]

	



Lei, Y. Intelligent Fault Diagnosis and Remaining Useful Life Prediction of Rotating Machinery; Butterworth-Heinemann: Amsterdam, The Netherlands, 2016; pp. 12–86. [Google Scholar] [CrossRef]

	



Rapur, J.S.; Tiwari, R. Experimental fault diagnosis for known and unseen operating conditions of centrifugal pumps using MSVM and WPT based analyses. Meas. J. Int. Meas. Confed. 2019, 147, 106809. [Google Scholar] [CrossRef]

	



Panda, A.K.; Rapur, J.S.; Tiwari, R. Prediction of flow blockages and impending cavitation in centrifugal pumps using Support Vector Machine (SVM) algorithms based on vibration measurements. Meas. J. Int. Meas. Confed. 2018, 130, 44–56. [Google Scholar] [CrossRef]

	



Jia, F.; Lei, Y.; Shan, H.; Lin, J. Early fault diagnosis of bearings using an improved spectral kurtosis by maximum correlated kurtosis deconvolution. Sensors 2015, 15, 29363–29377. [Google Scholar] [CrossRef] [PubMed]

	



Zhou, P.; Peng, Z.; Chen, S.; Yang, Y.; Zhang, W. Non-stationary signal analysis based on general parameterized time–frequency transform and its application in the feature extraction of a rotary machine. Front. Mech. Eng. 2018, 13, 292–300. [Google Scholar] [CrossRef]

	



Kang, M.; Kim, J.; Wills, L.M.; Kim, J.M. Time-varying and multiresolution envelope analysis and discriminative feature analysis for bearing fault diagnosis. IEEE Trans. Ind. Electron. 2015, 62, 7749–7761. [Google Scholar] [CrossRef]

	



Prosvirin, A.E.; Islam, M.; Kim, J.; Kim, J.M. Rub-impact fault diagnosis using an effective imf selection technique in ensemble empirical mode decomposition and hybrid feature models. Sensors 2018, 18, 2040. [Google Scholar] [CrossRef]

	



Piltan, F.; Prosvirin, A.E.; Sohaib, M.; Saldivar, B.; Kim, J.M. An SVM-based neural adaptive variable structure observer for fault diagnosis and fault-tolerant control of a robot manipulator. Appl. Sci. 2020, 10, 1344. [Google Scholar] [CrossRef]

	



Ahmad, Z.; Rai, A.; Hasan, M.J.; Kim, C.H.; Kim, J.M. A Novel Framework for Centrifugal Pump Fault Diagnosis by Selecting Fault Characteristic Coefficients of Walsh Transform and Cosine Linear Discriminant Analysis. IEEE Access 2021, 9, 150128–150141. [Google Scholar] [CrossRef]

	



Ahmad, Z.; Nguyen, T.K.; Ahmad, S.; Nguyen, C.D.; Kim, J.M. Multistage centrifugal pump fault diagnosis using informative ratio principal component analysis. Sensors 2022, 22, 179. [Google Scholar] [CrossRef] [PubMed]

	



Djeziri, M.A.; Djedidi, O.; Morati, N.; Seguin, J.L.; Bendahan, M.; Contaret, T. A temporal-based SVM approach for the detection and identification of pollutant gases in a gas mixture. Appl. Intell. 2022, 52, 6065–6078. [Google Scholar] [CrossRef]

	



Liu, Y.; Ding, W.; Feng, Y.; Guo, Y. Ensembled mechanical fault recognition system based on deep learning algorithm. J. Vibroengineering 2021, 23, 1318–1331. [Google Scholar] [CrossRef]

	



Chen, H.; Huang, W.; Huang, J.; Cao, C.; Yang, L.; He, Y.; Zeng, L. Multi-fault Condition Monitoring of Slurry Pump with Principle Component Analysis and Sequential Hypothesis Test. Int. J. Pattern Recognit. Artif. Intell. 2020, 34, 2059019. [Google Scholar] [CrossRef]

	



Wilhelm, Y.; Reimann, P.; Gauchel, W.; Mitschang, B. Overview on Hybrid Approaches to Fault Detection and Diagnosis: Combining Data-driven, Physics-based and Knowledge-based Models. Procedia CIRP 2020, 99, 278–283. [Google Scholar] [CrossRef]

	



Qu, X.Y.; Zeng, P.; Xu, C.C.; Fu, D.D. DropOut denoising autoencoder-based fault diagnosis for grinding system. Kongzhi Yu Juece/Control. Decis. 2018, 33, 1662–1666. [Google Scholar] [CrossRef]

	



Jiang, G.; He, H.; Yan, J.; Xie, P. Multiscale Convolutional Neural Networks for Fault Diagnosis of Wind Turbine Gearbox. IEEE Trans. Ind. Electron. 2019, 66, 3196–3207. [Google Scholar] [CrossRef]

	



Guo, C.; Li, L.; Hu, Y.; Yan, J. A Deep Learning Based Fault Diagnosis Method with Hyperparameter Optimization by Using Parallel Computing. IEEE Access 2020, 8, 131248–131256. [Google Scholar] [CrossRef]

	



Khosla, P.; Teterwak, P.; Wang, C.; Sarna, A.; Tian, Y.; Isola, P.; Maschinot, A.; Liu, C.; Krishnan, D. Supervised contrastive learning. In Proceedings of the 34rd International Conference on Neural Information Processing Systems, Online, 6–12 December 2019; pp. 1–13. [Google Scholar]

	



Antoni, J. Fast computation of the kurtogram for the detection of transient faults. Mech. Syst. Signal Processing 2007, 21, 108–124. [Google Scholar] [CrossRef]

	



Antoni, J.; Randall, R.B. The spectral kurtosis: Application to the vibratory surveillance and diagnostics of rotating machines. Mech. Syst. Signal Processing 2006, 20, 308–331. [Google Scholar] [CrossRef]

	



Geng, Y.; Wang, Z.; Jia, L.; Qin, Y.; Chen, X. Bogie fault diagnosis under variable operating conditions based on fast kurtogram and deep residual learning towards imbalanced data. Meas. J. Int. Meas. Confed. 2020, 166, 108191. [Google Scholar] [CrossRef]

	



Dwyer, R. Detection of non-Gaussian signals by frequency domain Kurtosis estimation. In Proceedings of the ICASSP ’83. IEEE International Conference on Acoustics, Speech, and Signal Processing, Boston, MA, USA, 14–16 April 1983; Volume 8, pp. 607–610. [Google Scholar] [CrossRef]

	



Jaiswal, A.; Babu, A.R.; Zadeh, M.Z.; Banerjee, D.; Makedon, F. A Survey on Contrastive Self-Supervised Learning. Technologies 2020, 9, 2. [Google Scholar] [CrossRef]

	



Hadsell, R.; Chopra, S.; LeCun, Y. Dimensionality reduction by learning an invariant mapping. In Proceedings of the IEEE Computer Society Conference on Computer Vision and Pattern Recognition, New York, NY, USA, 17–22 June 2006; Volume 2, pp. 1735–1742. [Google Scholar] [CrossRef]

	



Gomez, R.; Gomez, L.; Gibert, J.; Karatzas, D. Learning to learn from web data through deep semantic embeddings. In Proceedings of the European Conference on Computer Vision (ECCV) Workshops, Munich, Germany, 8–14 September 2018; Lecture Notes in Computer Science. Springer: Cham, Switzerland, 2019; Volume 11134, pp. 514–529. [Google Scholar] [CrossRef]

	



Bachman, P.; Hjelm, R.D.; Buchwalter, W. Learning representations by maximizing mutual information across views. In Proceedings of the 33rd International Conference on Neural Information Processing Systems, Vancouver, BC, Canada, 8–14 December 2019; Volume 32. [Google Scholar]

	



Dosovitskiy, A.; Springenberg, J.T.; Riedmiller, M.; Brox, T. Discriminative unsupervised feature learning with convolutional neural networks. Adv. Neural Inf. Processing Syst. 2014, 1, 766–774. [Google Scholar] [CrossRef] [PubMed]

	



Franceschi, J.Y.; Dieuleveut, A.; Jaggi, M. Unsupervised scalable representation learning for multivariate time series. In Proceedings of the 33rd International Conference on Neural Information Processing Systems, Vancouver, BC, Canada, 8–14 December 2019; Volume 32. [Google Scholar]

	



Shao, H.; Jiang, H.; Zhao, H.; Wang, F. A novel deep autoencoder feature learning method for rotating machinery fault diagnosis. Mech. Syst. Signal Processing 2017, 95, 187–204. [Google Scholar] [CrossRef]








[image: Sensors 22 06448 g001 550] 





Figure 1. Flow chart of the proposed approach used for CP fault detection. 
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Figure 2. Experimental setup utilized for vibration data acquisition. 
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Figure 3. Block scheme of the experimental testbed. 
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Figure 4. Mechanical seal scratch fault. 
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Figure 5. MS hole fault. 
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Figure 6. Impeller defect. 
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Figure 7. Time-domain vibration sequences in (a) normal, (b) impeller fault, (c) MSH fault, and (d) MSS fault conditions. 
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Figure 8. Frequency spectra of the CP under (a) normal and (b) impeller defect conditions. 
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Figure 9. Frequency spectrum of the CP. (a) Healthy conditions, (b) MSH fault, and (c) MSS fault. 
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Figure 10. Kurtogram patterns computed for the signals representing (a) normal conditions, (b) MSS fault, (c) MSH fault, and (d) impeller defect under a 3.0 bar pressure. 
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Figure 11. Flow diagram of feature extraction, contrastive learning, and classification. 
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Figure 12. Confusion matrices (CM) of (a) the proposed method, (b) the DAE feature learning method, and (c) the SAE-based scheme for a 3.0 bar pressure vibration dataset. 
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Figure 13. PCA feature plots of the (a) proposed method, (b) the SAE-based fault detection scheme, and (c) the DAE feature learning method. 
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Table 1. Attributes of the testbed for data acquisition.
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	Tool
	Specification





	Accelerometer (622b01)
	0.42–10 kHz frequency range 100 mV/g (10, 2 mV/(m/s2)) ± 5% of sensitivity



	DAQ system (NI 9234)
	0–13.1 MHz range of frequency

generator having four input analogue channels with a 24-bit resolution power
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Table 2. Architecture of the convolutional encoder.
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	Layer Number
	Filters Number
	Kernel
	Output
	Activation ftn





	1, Conv.
	8 Filters
	3 × 3
	128 × 128 × 8
	ReLU



	2, Maxpool
	8 Filters
	2 × 2
	64 × 64 × 8
	-



	3, Conv.
	8 Filters
	3 × 3
	64 × 64 × 8
	ReLU



	4, Maxpool
	8 Filters
	2 × 2
	32 × 32 × 8
	-



	5, Conv.
	8 Filters
	3 × 3
	32 × 32 × 8
	ReLU



	6, Maxpool
	8 Filters
	2 × 2
	16 × 16 × 8
	-



	7, Conv.
	8 Filters
	3 × 3
	16 × 16 × 8
	ReLU



	8, Maxpool
	8 Filters
	2 × 2
	8 × 8 × 8
	-



	9, Flatten
	512 Nodes
	-
	512
	



	10, Reshape
	-
	-
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Table 3. Results obtained from the proposed and compared methods for 3.0 bar inlet pressure vibration data.
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	Metric
	Proposed
	SAE Based Fault Detection Scheme
	DAE Feature Learning Method





	Accuracy
	99.1%
	92.75%
	90.4%



	Recall
	98.95%
	91.4%
	89.5%



	Precision
	99%
	90.2%
	91%



	F1 score
	98.75%
	90.8%
	90.5%
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