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Abstract: Stirred reactors are key equipment in production, and unpredictable failures will result in significant economic losses and safety issues. Therefore, it is necessary to monitor its health state. To achieve this goal, in this study, five states of the stirred reactor were firstly preset: normal, shaft bending, blade eccentricity, bearing wear, and bolt looseness. Vibration signals along x, y and z axes were collected and analyzed in both the time domain and frequency domain. Secondly, 93 statistical features were extracted and evaluated by ReliefF, Maximal Information Coefficient (MIC) and XGBoost. The above evaluation results were then fused by D-S evidence theory to extract the final 16 features that are most relevant to the state of the stirred reactor. Finally, the CatBoost algorithm was introduced to establish the stirred reactor health monitoring model. The validation results showed that the model achieves 100% accuracy in detecting the fault/normal state of the stirred reactor and 98% accuracy in diagnosing the type of fault.
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1  Introduction

Stirred reactors are important process equipment and are widely used in many industries. In the production process, the state of the stirred reactor has a great effect on product quality, production efficiency and personal safety. Therefore, it is important to realize the monitoring of the stirred reactor state. As a typical rotating equipment, the changing health condition of the stirred reactor is reflected in the vibration. Therefore, the researchers collect vibration signals and monitor the health state of the key production equipment by using the above features.

In recent years, there has been a new trend to introduce energy harvesting techniques for fault diagnosis and condition monitoring of machinery. Zhang et al. [1] proposed an energy harvester (piezoelectric sheet) that not only scavenged completely wasted energy in rotating machinery but also generated the power that could be used to drive a wireless sensor system to realize the condition monitoring of bearings. Similarly, Safian et al. [2] applied an embedded piezoelectric transducer for fault detection in a cylindrical roller bearing and achieved ideal results compared to the accelerometer. However, more effort is needed to verify the effectiveness of applying this technique in integrated devices with different kinds of faults.

The way that vibration sensors acquire signals is homologous to that of piezoelectric sensors, which is widely used in fault diagnosis. The subsequent diagnosis of the equipment state is based on vibration signal processing. The processing methods can be mainly divided into four categories: time domain [3], frequency domain, time-frequency domain [4], and nonlinear analysis [5]. Time domain analysis analyzes how signal changes across time as an independent variable. The features that can be extracted in the time domain include signal amplitude, energy, root mean square (RMS), wave crest factor, kurtosis, etc. Among them, kurtosis and wave crest factors are less affected by load and speed, better reflecting impact faults [6]. Zarai et al. [7] considered that excessive signal analysis at multiple scales would degrade the efficiency of fault recognition. As a result, he extracted four time-domain features from vibration signals: variance, peak, RMS2, and skewness, which were preprocessed by an elaborately designed filter, allowing him to quickly diagnose bearing faults. Similarly, Yadav et al. [8] investigated the relationship between vibration and bearing faults in the time domain, extracting a total of 6 features such as average amplitude, peak, RMS, etc., proposing an index highly related to bearing condition. However, time-domain analysis is susceptible to noise interference, resulting in erroneous judgment, and it is only a quantification of the amplitude and profile of the signal, which makes it difficult to discern between different system states.

Through a designed bandpass filter, periodic signal information can be provided by the frequency domain, which is also able to extract background noise and fault signals and improve the signal-to-noise ratio [9,10]. Generally, the features that can be extracted from each frequency segment include power spectral density (PSD), standard deviation, peak value, and other statistical features. Ribeiro et al. found that the time domain features of vibration signals were unable to detect faults in electric errors except bearing failures [11]. Frequency domain analysis of the vibration signal was used to overcome this limitation. The results demonstrated that it was possible to detect and classify healthy and other 6 fault states of the motor, indicating that the frequency domain response contains richer state information than the time domain response. However, it is still insufficient for frequency domain analysis to monitor states as the working conditions and the health state of the equipment vary across time [12]. What’s more, some drawbacks can be found in frequency domain analysis. Firstly, a discrete Fourier as it requires may lead to distortion and higher computational complexity. Secondly, the time changes of the signal cannot be observed by frequency domain analysis since it can only provide a frequency domain representation of the signal without time domain information.

Time-frequency analysis is aimed at extracting information from vibration signals functioning as both time and frequency, which raises the efficiency in accomplishing fault diagnosis in non-stationary conditions [13]. Traditional time-frequency analysis includes short-time Fourier transform (STFT) [14], Wigner Ville distribution (WVD) [15] and directional Choi Williams distribution [16], empirical mode decomposition (EMD) technology [17], Hilbert-Huang transform (HHT) [18] and wavelet transform (WT) [19]. However, considering the weak correlation between frequency characteristic and time, integrating time domain analysis and frequency domain analysis makes it possible to enrich the features extracted from the vibration signals to identify the failure or success of the stirred reactor and the kind of fault without the need of complex time-frequency analysis.

In addition to vibration signal processing techniques, model selection has also aroused a significant concern among researchers. Generally speaking, fault diagnosis refers to a kind of classification task. In most studies, supervised classification algorithms have been used to establish models, such as tree models [20], fuzzy logic [21,22], neural networks [23], and particle swarm optimization algorithms [24,25], etc. Attoui et al. designed a wrapped algorithm to extract more effective features and diagnose bearing faults with a high accuracy [26]. The proposed algorithm achieved a fault diagnosis with an accuracy rate of 99.83% through reasonable signal processing and feature processing. Considering that different faults of rotating machinery are reflected in vibrations, You et al. combined vibration severity, dyadic wavelet energy time-spectrum, and coefficient power spectrum of the maximum wavelet energy level (VWC) to extract features [27]. Then, it designed a modified shuffled frog-leaping algorithm-support vector machine (MSFLA-SVM) model and achieved accurate classification of machinery faults. To update the fault database and diagnose the unknown type of incipient faults, Wu et al. [28] improved a Deep Principal Component Analysis (PCA) and Kullback–Leibler Divergence based fault diagnosis scheme to successfully diagnose high-speed railway traction devices.

Although most previous studies have been done in combining machine learning with vibration signals to achieve fault diagnosis of mechanical systems such as bearings and motors, it is still rarely reported to use triaxial vibration signals to diagnose the stirred reactor which is a crucial piece of chemical equipment with kinds of fault. The interaction between the medium and the blades, together with the changing rotational speed of the shaft, makes it difficult to monitor the states of the stirred reactor based on vibration. Therefore, this study aims to achieve the state monitoring of a stirred reactor under complex conditions through the analysis and fusion of multi-source vibration signals. The main contributions are summarized as follows:

(a) Faults of the stirred reactor are diagnosed based on vibration signals and a high-performance model.

(b) z-axial vibration signals contain the most abundant fault information of the stirred reactor.

(c) A combined feature evaluation and reduction method is proposed to realize feature dimension reduction.

2  Experimental Setup

2.1 Testing Platform

The test platform for the stirred reactor is a glass vessel reactor with a capacity of 20 L, as shown in Fig. 1. The glass vessel supported by a stainless steel frame is equipped with a stirring blade and a stirring shaft, which are made of a kind of steel core and plastic-coated material with good rigidity. A bearing sleeve connects the stirring shaft with the vessel lid. The bolts hold the vessel cover to the vessel body in place. The rotation speed of the shaft can be adjusted within the range of 0~600 r/min. Magnetic bases are used to install the x-, y-, and z-axis vibration sensors at the bottom of the stirred reactor. The x-axis and y-axis vibration sensors are installed symmetrically at the radial position of the vessel, while the z-axis vibration sensors are installed axially at the bottom of the vessel.
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Figure 1: Testing platform

As shown in Fig. 2, the signal acquisition platform integrates vibration sensors, a power supply, a data acquisition card and a PC. The vibration sensors are KS78C 100 with a maximum sampling rate of 14 kHz and a measuring range of 0–60 g. The acquisition card is ADVANTEC USB4711A with a maximum sampling rate of 150 kHz. An SD14T03, 0–24 V DC power supply is responsible for powering the sensors. Data acquisition parameters are set in a PC which is configured with CPU i7 8565U and RAM 16 G. The subsequent data processing and modeling are performed on Python and MATLAB platforms.
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Figure 2: Vibration signal acquiring platform

2.2 Testing Parameters

Given the most occurring faults in production, five agitator conditions are defined: normal condition, bearing wear, shaft bending, blade eccentricity and loosening of bolts. Fig. 3a shows that a rough (Ra0.05 μm) brown corundum ball replaces a zirconia ball in the ceramic bearing to create a worn bearing. A shaft bending fault is made in Fig. 3b. As shown in Fig. 3c, a screw is added to one blade, increasing the weight by 0.8 g compared to the other blade. To simulate a bolt looseness fault, as shown in Fig. 3d, two symmetrically mounted screw nuts are removed and the remaining two are tightened to 2 Nm instead of the normal tightening force of 8–10 Nm. The experimental parameters can be seen in Table 1. The sampling rate of the sensor is set to 250 Hz due to the low stirring shaft speed. Furthermore, four shaft rotating speeds of 300, 400, 500, and 600 r/min are set to fully account for the effect of shaft speed on fault detection. Vibration signals are collected for 15 s at different rotating speeds and stirred reactor states.
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Figure 3: Faults setup, (a) bearing wear, (b) shaft bending, (c) blade eccentricity, (d) bolt looseness
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3  Vibration Signal Analysis

3.1 Time Domain Analysis

Fig. 4 demonstrates the amplitude of the triaxial vibration signals at varying rotation speeds under the normal conditions of the stirred reactor. The amplitude decreases with increasing rotation speed for the same source of vibration signals because a low rotating speed corresponds to the equipment’s natural frequency, causing resonance. As the rotation speed increases, the resonance phenomenon disappears and the amplitude decreases as well. Comparing the triaxial vibration signals, it is evident that the vibration amplitude of the z-axis is greater than that of the x-axis and y-axis, which is attributed to the change of the barycenter in the z-axis when the medium and the shaft rotate. Fig. 5 shows the amplitude of the triaxial vibration signals at different rotation speeds when the bolts are loose. In terms of each axial vibration signal, the fluctuation of the x-axis vibration amplitude becomes significant with the increase of the rotation speed, while the change of the y-axis signal is not obvious, and the amplitude of the z-axis vibration decreases as the rotation speed increases. Moreover, the z-axis signal amplitude increases slightly when the bolt is loose compared to the normal condition. This is because the bolt loosening does not cause axial vibration of the vessel cover. Fig. 6 shows that the amplitude fluctuation of the triaxial signal increases with the increasing rotation speed under the blade eccentricity condition. Fig. 7 presents that the amplitude of the z-axis vibration decreases with the rotation speed increase when the stirred reactor is subject to bearing wear, while the signal of the other two axes remains unchanged. Fig. 8 illustrates the signal amplitude at different rotating speeds when the stirred reactor state is subject to shaft bending. It can be seen that the amplitude of the z-axis vibration increases with the increase of the rotation speed, which differs from the change of the z-axis vibration in other stirred reactor states. In general, in the time domain, the change of the z-axis vibration with changing state and speed shows a more obvious regularity than the vibration of the other two axes.
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Figure 4: Vibration amplitude of normal state at the speed of 300, 400, 500, and 600 r/min, (a) x-axis, (b) y-axis, (c) z-axis
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Figure 5: Vibration amplitude of bolt looseness at the speed of 300, 400, 500, and 600 r/min, (a) x-axis, (b) y-axis, (c) z-axis
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Figure 6: Vibration amplitude of blade eccentricity at the speed of 300, 400, 500, and 600 r/min, (a) x-axis, (b) y-axis, (c) z-axis
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Figure 7: Vibration amplitude of bearing wear at the speed of 300, 400, 500, and 600 r/min, (a) x-axis, (b) y-axis, (c) z-axis
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Figure 8: Vibration amplitude of shaft bending at the speed of 300, 400, 500, and 600 r/min, (a) x-axis, (b) y-axis, (c) z-axis

3.2 Frequency Domain Analysis

Although the vibration signal in the time domain shows regular changes at different speeds, it is still difficult to detect each fault. Therefore, it is necessary to analyze the vibration signal in the frequency domain. PSD estimation is an effective method for frequency domain analysis in signal processing. Fig. 9 shows the PSDs of the triaxial vibration signal under the state of blade eccentricity at different rotating speeds. From the perspective of every 20 Hz frequency segment, it is apparent that, with the increase of the speed, the PSD of the x-axis signal shows a significant upward trend in the frequency range of 1–20 Hz with an increase in speed, and decreases in the frequency range of 81–100 Hz with the increase in speed. The PSDs of the y-axis and z-axis vibrations do not present any obvious regularity as the rotational speed changes. Fig. 10 shows the PSDs under different stirred reactor states at a rotating speed of 300 r/min. By comparing the PSDs of the triaxial signals, it is noticeable that the PSDs amplitudes of the x and y axes vibrations in the frequency range of 21–120 Hz are capable of detecting the normal state. In addition, the PSDs amplitudes of the z-axis vibration signals in the frequency bands 61–80, 81–100 and 101–120 Hz can clearly distinguish the five states of the stirred reactor.
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Figure 9: PSDs of vibration signals under the state of blade eccentricity at different rotating speeds, (a) x-axis, (b) y-axis, (c) z-axis
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Figure 10: PSDs of vibration signals under different stirred states at the speed of 300 r/min, (a) x-axis, (b) y-axis, (c) z-axis

4  Feature Processing and Modeling

4.1 Feature Extraction and Reduction

The above signal analysis confirms that the vibration signals in both the time domain and frequency domain are strongly correlated with the stirred reactor state and can be used to diagnose different faults. Therefore, 7 statistical features per second are extracted in the time domain, such as the average amplitude, average energy, and kurtosis of the vibration signal. Similarly, 24 features are extracted in the frequency domain, including the sum, percentage, standard deviation, and root mean square of the PSD of 6 frequency bands (20 Hz per band). The feature definitions are listed in Table 2.
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A total of 93 features are extracted from the three axes, with 31 features extracted from each axis vibrating signal. However, a large number of features will inevitably result in redundant data, which will reduce the efficiency and accuracy of state recognition. Therefore, there is a necessity to perform further processing and achieve dimension reduction of 93 features. Although Principal Component Analysis (PCA) can easily achieve the reduction of feature dimension by mapping high-dimensional information to low-dimensional information through linear transformation, there may still be features that are weakly correlated with the health state of the stirred reactor. t-Distributed Stochastic Neighbor Embedding (t-SNE) is a nonlinear dimension reduction method that maps high-dimensional data into 2D or 3D space for easy visualization and analysis but reduces the interpretability of feature selection. Therefore, it is necessary to develop an understandable method to achieve features dimension reduction through evaluating and fusing.

Fig. 11 shows the results of the feature importance evaluation and fusion. Fig. 11a shows the feature weights evaluated by the ReliefF algorithm [29], which is widely used in highly efficient feature processing. When dealing with multi-classification problems, ReliefF randomly selects a set R from the training set at each iteration, finds k nearest neighbors of the same kind set and finds k nearest neighbors of the different kind set, and then updates the weights of each feature. Fig. 11b shows the feature weights obtained by MIC [30]. MIC detects the nonlinear correlation between features and selects features with a greater effect on the targets from the initial feature set. It assigns weights and eliminates features with less information, thus reducing the feature dimension. In addition, effective features can be selected directly through model evaluation. XGBoost [31] is a tree model that can record the weights of each feature while building a decision tree during the model training step. Fig. 11c shows the evaluation results based on XGBoost. Finally, as shown in Fig. 11d, the Dempster-Shafer (D-S) evidence theory [32] is employed to fuse the feature evaluation results. The selection rules are as follows:
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Figure 11: Feature evaluation and fusion

1): The optimal feature set should contain features extracted from x, y, and z axial vibration sources (to avoid missing key information of the stirred reactor state and enhance the compatibility of the model).

2): The optimal feature set should contain both time and frequency domain features (Time domain analysis-based features are strongly correlated with the state of the stirred reactor, while the frequency domain analysis features are strongly correlated with the type of faults).

3): The optimal feature set should contain fewer features (to ensure the model has a good performance in the training model).

According to the above rules, the top 16 features of the triaxial vibration signals are selected as the final feature set and are listed in Table 3. As stated in the signal analysis, 7 features of the z-axis vibration are selected, indicating a stronger correlation between the z-axis vibration and the condition of the stirred reactor compared to the other two axes.
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After feature processing, it is essential to perform a visual inspection. Figs. 12a–12d show the relationship between the normalized features of ranking 1~4, 5~8, 9~12, and 13~16 and the state of the stirred reactor. Even under the same stirred reactor state, the selected feature values may vary due to the changing rotation speed of the shaft. Nevertheless, by comparing the changes of each feature both itself and between features, it can be found that each kind of feature or its relationship is distinct under a stirred reactor state, which proves the uniqueness and effectiveness of feature selection.
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Figure 12: Selected 16 features and stirred reactor states

4.2 State Monitoring Model Based on CatBoost

CatBoost [33] is a machine learning model based on symmetric decision trees. Compared to XGBoost and LightGBM, CatBoost supports the use of multiple feature categories by preprocessing features and generating new numerical features. This eliminates the need for feature normalization. In addition, CatBoost takes into account the relationship between features, increasing the dimension and use of features at the model level. The gradient lifting method is used to confront the noise points in the training set, so as to avoid the gradient estimation bias and solve the prediction error problem. Pseudo codes of the calculation process are listed in Table 4, where the ApplyMode represents that the trained model is used for prediction.
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CatBoost was selected as the algorithm to establish the stirred reactor state recognition model based on the above characteristics and the ability to perform the classification task efficiently. A total of 300 pieces of triaxial vibration sensor data were collected in the experiment. A total of 250 pieces of data were randomly selected as the training set and the remaining 50 pieces of data were used as the validation set. The validation results are shown in Fig. 13. The recognition accuracy of the model for the fault and the normal state reaches 100%, and the accuracy of diagnosing fault type is 98%.
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Figure 13: State recognition results of the Catboost-based model

5  Discussion

5.1 Performance of Different Feature Sets

Feature engineering is an important step in the establishment of an efficient and accurate model. Therefore, it is necessary to evaluate the performance of the selected feature set at the model level. The evaluation is carried out from four aspects: prediction time, training time, accuracy of fault, and state recognition. The feature set selected by D-S evidence theory is compared with the 93 features set and the top 16 features set ranked by ReliefF, MIC, and XGBoost, respectively. The results of the evaluation are shown in Fig. 14. It can be seen that the 16 feature sets selected by the combined method of feature evaluation and fusion by ReliefF, MIC, XGBoost, and D-S evidence theory have the best model performance and prove the effectiveness of feature engineering.
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Figure 14: Performance of different feature sets

5.2 Comparison of Different Models

As mentioned in Section 4.2, CatBoost is selected as the model to monitor the states of the stirred reactor in terms of its low feature requirements and high classification efficiency. However, the performance of the CatBoost needs to be evaluated horizontally. First, LightGBM and XGBoost, which are tree models, are selected to detect the state of the stirred reactor. As shown in Fig. 15, the comparison is made from the following four aspects: prediction time, training time, and accuracy of fault and state detection. Although the training time of the CatBoost model is longer than that of LightGBM and XGBoost, CatBoost shows advantages concerning diagnosis efficiency and accuracy. In addition, another type of model, the Adaptive Network Based Fuzzy Inference System (ANFIS), is trained and compared with the CatBoost model. The comparison results are also shown in Fig. 15. It can be seen that the performance of the CatBoost model is completely superior to that of the ANFIS model.

[image: images]

Figure 15: Performance of different models

6  Conclusion

This study collects the x, y, and z-axis vibration signals of the stirred reactor under normal, shaft bending, blade eccentricity, bearing wear, and bolt looseness states at different speeds and analyzes them in time and frequency domains. The main contributions are summarized as follows: (i) Due to the influence of the equipment’s modal characteristics and the changing speed, triaxial vibration signals are necessary to avoid missing important information. (ii) Effective feature dimension reduction can be achieved by applying ReliefF, MIC and XGBoost to evaluate feature importance, correlation and model performance, respectively, as well as introducing D-S evidence theory to the fusion feature evaluation results. (iii) A CatBoost-based stirred reactor condition monitoring model is established by using the selected set of 16 features, achieving 100% condition detection accuracy and 98% fault diagnosis accuracy.
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Table 3: Selected 16 features set and a part of their feature values

Features Normal Bearing wear Blade Shaft bending  Bolt looseness
eccentricity
y-SP1a0 0.056 0.046 0.037 0.053 0.015 0.057 0.063 0.035 0.033 0.076
x-stdPg ..o ~ 0.027 0.037 0.010 0.016 0.020 0.007 0.010 0.013 0.015 0.035
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y-SPg1%0 0.067 0.058 0.013 0.012 0.013 0.015 0.018 0.012 0.012 0.045
X-SPo1-120 0.018 0.021 0.016 0.009 0.021 0.008 0.024 0.021 0.019 0.023
z-E 0940 0989 0311 0450 0.322 0.258 0.216 0.312 0.705 0.967
y-SPg1-100 0.450 0.549 0.304 0.878 0.671 0.715 0.650 0.724 0970 0.494
z-5Pg 100 1.000  0.550 0.341 0.462 0.250 0.168 0.062 0.211 0.396 0.722
z-5Pg 5 0.427 0.698 0.226 0.416 0.202 0.373 0.076 0.193 0.334 0.552
y-rmsPg 0  0.083 0.052 0.010 0.028 0.011 0.017 0.010 0.013 0.016 0.035
x-S Pg-100 0.336  0.720 0.229 0.097 0484 0.153 0.123 0.232 0.282  0.685
z-A 0961 0977 0544 0.664 0.564 0.512 0454 0.546 0.846 1.000
z-stdPy.1ny 0445 1.000 0.227 0.559 0.189 0.362 0.106 0.193 0.371 0.624
X-Std P, 4 0.025 0.036 0.017 0.016 0.021 0.012 0.009 0.008 0.023 0.024
z-rmsP,.  0.026 0.034 0.018 0.019 0.026 0.012 0.010 0.010 0.026 0.029
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Table 4: Calculation process of CatBoost

CatBoost

Input: {(x;, y)}_, .1, «, L, s, Mode

o, < random permutation of [1, n] for; r =0...s

M,(i) < 0 for; Initialization of n models of 0 orderi=1...5s

If then Mode = Plain

M,(i) < forr=1...5,i:0,(1) <2,

If then Mode = Ordered

forto doj < 1[log,n]

M, (i) < 0 for Initialization of n models of other ordersr=1...5,i=1...2";s
fortodotr « 17

T.,{M.},_, < BuildTree({(x,,y)}._, ,a,L,{o,},_ ., Mode); Build trees
leaf (i) < GetLeaf (x;, T, 00) for;i=1...n

grad, < CalcGradient(L, M,, y);

for each do leaf jin T,

b; < —avg(grad, (i) for i: leaf, (i) = j);

M, (i) <~ M, () +ab,,, , fori=1...n

return; F'(x) = Z::l 2 DN Gerrea .1, pplyode=)
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Table 1: Experimental parameters

State Normal  Bearing wear  Shaft bending  Blade eccentricity ~ Loose bolts

Rotating speed 300, 400, 500, 600 r/min
Sampling rate 250 Hz
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Table 2: Feature definition

Features (TD means time Definition:
domain feature) F. =250 Hz
N =20H:z

PSD-average PSD per frequency segment.
y-average amplitude of per vibration signal.

s
Average amplitude (TD) = Z,-_I; |Vl
Average energy (TD) E— > 1; Vi
1 § |

F Zil @ - yxi)4

Kurtosis (TD) K = ls :
Fy ,—
— 20— xi)z)
(FS Z =1 (.y y
Zero crossing rate (TD) if T —p) kT — pen) <0, Z=Z+1
E\' 2

Energy zero crossing rate (TD) EZR = Zi_Zl Vi

Standard deviation (TD) std = 3
Margin factor (TD) MF = Fmax @) .
(X2 VIl/F)
Sum of PSD sP=>""PSD
P
Percentage of PSD pP = ZS:SP
T —
_(PSD; — PSD,)*
Standard deviation of PSD stdP = \/ 2., (PS N SD)
>, (PSD)’
RMS of PSD rmsP = | == ——

N
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