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Abstract

:

The use of phase-sensitive optical time-domain reflectometry (Φ-OTDR)-distributed fiber vibration sensors to detect and identify damaged bags in bag dust collectors has the potential to overcome the inadequacy of traditional damaged bag detection methods. In our previous study, we verified the feasibility of applying this technique in the field of damaged bag detection in bag filters. However, many problems still occur in engineering applications when using this technology to detect and identify damaged filter bags in pulse-jet dust-cleaning bag dust collectors. Further studies are needed to characterize the fiber vibration signals inside different types of rectangular damaged filter bags. A filter bag damage identification and detection method based on empirical mode decomposition (EMD) and a backpropagation (BP) neural network is proposed. The signal feature differences between intact filter bags and damaged filter bags with different rectangular hole sizes and positions are comparatively analyzed, and optimal feature difference parameters are proposed. Support vector machine (SVM) and a BP neural network are used to recognize different types of filter bag signals, and the comparison results show that the BP neural network algorithm is better at recognizing different types of filter bags, obtaining the highest recognition rate of 97.3%.
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1. Introduction


Distributed optical fiber vibration sensors offer many advantages [1,2,3], such as the ability to detect multiple intrusion vibration signals on an optical fiber link [4]. The vibration signals in the area can be detected as long as an optical fiber can be laid in this area. Thus, this technique is particularly suitable for use in detecting intrusion vibration signals in many complex spatial locations. Phase-sensitive optical time-domain reflectometry (Φ-OTDR) is one distributed vibration sensing technology. The external intruding vibration signal can cause a change in the phase of the backscattered light in the fiber. By detecting this phase change, technology enables the distributed measurement and recovery of vibration signals. Thanks to the joint efforts of researchers, this technology is now widely used in various application scenarios, such as perimeter security [5,6,7,8], oil and gas pipeline detection [9,10,11], high-speed rail [12,13,14,15,16], natural hazard detection [17], geophysical prospecting [18,19], structural health monitoring [20,21,22], etc. In addition to the industries mentioned above, our research group has recently begun to use this technology in the field of bag filter damage detection, which is often used in the environmental industry [23,24,25]. At present, in the field of detection, identification, and localization of broken filter bags in bag dust collectors, traditional methods tend to directly rely on workers’ personal experiences to detect damaged bags, or when the bags have been in use for some time, the worker replaces all of the filter bags in the dust collector or uses fluorescent powder to mark damaged bags. The worker places fluorescent powder particles into the air supply outlet of the bag dust collector; then, the fluorescent powder particles flow into the dust chamber of the bag dust collector with the dust airflow, pass through the leaky hole of the damaged filter bag, and flow to the clean gas chamber. A portion of the fluorescent powder particles will adhere to the leaky hole of the filter bag, while another portion of the fluorescent powder particles will remain near the mouth of the damaged filter bag in the clean gas chamber. The worker opens the box of the bag dust collector and uses a fluorescent lamp to illuminate the dust chamber or the clean gas chamber. When the fluorescent lamp shines on the hole in the filter bag, the fluorescent powder deposited at the hole will emit light, and the worker can then directly discover the location of the hole. However, there are obvious drawbacks to traditional identification and pinpointing methods. For example, the dust collector must stop and wait while the worker locates and replaces the filter bag, which may result in plant downtime. As a result, these methods are expensive, time-consuming, complex, and do not allow for the real-time online monitoring and localization of filter bags.



In previous studies, we used a bag airflow simulation experimental setup and a bag dust collector field experimental platform to detect and identify broken filter bags [23,24], verifying the feasibility of applying this technology to filter bag leakage detection. The recognition rates for good and broken bags were 93.8% and 97.8%, respectively. These results were obtained using a radial basis function support vector machine (RBF-SVM). However, the effect of the size and location of the hole in the filter bag on the hole recognition rate was not analyzed during the experiment. The fiber is hung inside the filter bag and oscillated by the airflow, and the sensor identifies the leaky hole by detecting the oscillating signal of the fiber. The size, shape, and location of the hole will affect the airflow intensity inside the filter bag [26]. Therefore, these factors have an important influence on the recognition rate of holes in filter bags and thus need to be considered. In 2019, we used a backpropagation (BP) neural network algorithm to analyze and identify feature differences between filter bags with different leaky hole sizes and locations on a bag dust collector experimental platform in a cement plant (Changxing Cement Factory Co., Ltd., Huzhou, China). The filter bag hole recognition rate reached over 90% [25]. However, the bag dust collector was not a pulse-jet dust-cleaning bag dust collector, and the number of filter bags in the baghouse was too small. In addition, the leakage holes discussed were circular. Large pulse-jet dust-cleaning bag dust collectors are widely used in various industries, and a large number of filter bag breakage cases have proved that many broken filter bags have rectangular breakage holes [27]. Therefore, these issues require further research.



In this study, airflow vibration signals inside the filter bag were further investigated on a large pulse-jet dust-cleaning bag dust collection experimental platform using a Φ-OTDR fiber vibration sensor. During the damaged bag signal acquisition process, the leaky hole of the damaged filter bag was set as a rectangle. We collected signals from good filter bags and damaged filter bags with different pore sizes and pore locations. In order to effectively identify the leaky bag in the bag dust collector, a combination of empirical mode decomposition (EMD) and a BP neural network was used to identify and classify the filter bags. First, the filter bag signal was decomposed using the EMD method to calculate the information energy of each component and the signal information entropy, and these parameters were used to compare and analyze the characteristic differences between good bag signals and damaged bag signals and screen out the best characteristic parameters. Secondly, the collected data were segmented to form signal samples, and feature samples were obtained using the method described above. Some of these samples were used to train the recognition classifier, and then the rest of the samples were tested. SVM and a BP neural network were used to perform a comparative analysis of the recognition and classification process. Finally, to demonstrate the generality of this identification method, a mixture of filter bag signal samples was identified using the proposed identification classifier.




2. Experimental Setup, Principle, and Signal Acquisition


The external structure of the bag dust collector is shown in Figure 1a. The dust collector box is divided into four independent dust-cleaning chamber units, each containing 96 filter bags, which are made of acrylic needled felt. Due to the effect of pulse-jet dust-cleaning airflow, the filter bag will be damaged after a period of use, as shown in Figure 1b. The filter bag is suspended in an array within a dust-cleaning chamber unit, as shown in Figure 2a. For pulse-jet dust-cleaning bag dust collectors, an airflow pulse nozzle is usually installed above the mouth of each filter bag to clean the dust particles adhering to the filter bag’s outer wall. As shown in Figure 2b, a pulse airflow conveying duct is installed above each row of filter bags. Along the duct, an airflow pulse nozzle is installed above the mouth of each filter bag.



Figure 2c depicts the working principle of the dust collector. When the experimental device works, due to the semi-permeability of the filter cloth, airflow can pass through the filter cloth, but dust particles cannot. When the filter bag is laid inside the fiber, the airflow inside the filter bag makes the fiber cable swing, and the fiber cable is subjected to strain. This strain will be transmitted to the fiber [28,29,30], resulting in a change in the phase of the coherent optical signal inside the fiber, which produces a coherent optical signal with certain characteristics. In this paper, such a vibration signal is defined as a good bag signal. When the filter bag has a broken hole, the original airflow field inside the bag will be destroyed, the cable will be subjected to strain changes, and the phase of the coherent optical signal inside the optical fiber will also change, resulting in another kind of coherent optical signal with certain characteristics. We call this kind of vibration signal the damaged bag signal, which varies with the size and position of the broken hole. The airflow nozzle will periodically eject airflow into the mouth of the filter bag.



The Φ-OTDR-distributed fiber vibration sensor experimental setup is shown in Figure 3a. In order to improve the signal-to-noise ratio and localization accuracy of the Φ-OTDR sensor, our experimental setup uses a narrow linewidth laser (Koheras Basik Mikro E15, NKT Photonics, Copenhagen, Denmark), which has a low-frequency drift and a long coherence length. The laser emits continuous waves (CWs) light. After passing through the isolator, the CWs light is modulated by the acousto-optic modulator (AOM) (T-M200-0.1C2J-3-F2S, Gooch & Houseg, Ilminster, UK, AOM driver model A35200-S-1/50-P4K7u) into pulsed light. The pulsed light signal is amplified using an erbium-doped fiber amplifier (EDFA) and shaped by the filter so that it can be transmitted over longer distances in the fiber. After transferring from port 1 of the circulator, the pulsed light signal enters a 3 km long vibration fiber (SMF-28, Corning, NY, USA). Due to the Rayleigh scattering effect, the pulsed light signal will scatter CWs light in all directions. Since this scattered light signal is coherent, it will interfere and form a continuous coherent light signal. The backward coherent light signals will propagate in the reverse direction along the fiber. After entering port 2 of the circulator, they will emit from port 3 of the circulator and transform into an electronic signal via the photodetector (APD) (MODEL2053, NewFocus, San Jose, CA, USA). Finally, the signals will be collected by a customized data acquisition card (DAQ) (AD-Link PCIe-9852) and processed by the computer. The driving pulse signal required by the AOM and DAQ in the Φ-OTDR vibration signal sensor is provided by the pulse generator. When there is an intrusive interference signal along the sensing fiber link, such as various types of vibration signals, the phase of the scattered light signal at the location of the intrusive interference signal in the sensing fiber will change, resulting in a change in its coherent light intensity. After processing by a computer, the interference position can be detected. Figure 3b shows the schematic diagram of the arrangement of sensing fibers in the bag dust collector. The filter bags are arranged in an array in the dust collection box. The fibers are laid sequentially inside the filter bags, with a total of five filter bags, labeled 1, 2, 3, 4, and 5. As shown in Figure 3c, the filter bag is made of semi-permeable fabric with a diameter of 130 mm and a length of 3500 mm and is supported by a steel wire skeleton. A section of optical fiber with a length of 6 to 7 m was folded in half and secured with tape, and it was then suspended inside the filter bag being tested. The theoretical spatial resolution of the proposed sensing system is 20 m, while the actual spatial resolution measured by the experiment is 23.7 m [23]. The fiber length retained between the two filter bags must be at least 23.7 m so that the sensing system can locate each filter bag.



Figure 4a,b show the picture of the Φ-OTDR-distributed vibration sensor we used in our experiment. The operating wavelength and pulse width of the Φ-OTDR-distributed vibration sensor are set at 1550.12 nm and 200 ns, respectively. In order to improve the frequency response range of the detected signal, according to the Nyquist sampling theorem, the pulse-triggering repetition frequency is set to 30 kHz, and the sampling rate of the DAQ is 100 MHz. Our field test experiment was completed in a pulse-jet dust-cleaning bag dust collector test platform (Hefei Cement Research & Design Institute Corporation Ltd., Hefei, China). Figure 4c shows the picture of a dust-cleaning chamber unit in the bag dust collector test platform with vibration fiber cables laid inside each filter bag.



In our experiments, we acquired different types of filter bag vibration signals, including good bag signals and damaged bag signals with different damage states, such as different hole sizes and positions. The hole sizes are 1 cm × 10 cm, 2 cm × 10 cm, 3 cm × 10 cm, 2 cm × 8 cm, and 2 cm × 12 cm at a position of 160 cm of the filter bag. Then, we tested holes 2 cm × 10 cm in size at different positions of the filter bag, such as 80 cm, 160 cm, 240 cm, and 320 cm. The original signals of these types of filter bags are shown in Figure 5.




3. Signal Feature Analysis and Recognition


In order to identify whether a filter bag in a bag dust collector is damaged or not, we analyzed the characteristics of the undamaged bag signals and the damaged bag signals, obtained their feature differences, and then used a classifier for recognition.



3.1. Signal Feature Analysis


Compared to good bags, damaged bags are more easily penetrated by airflow, resulting in stronger vibration signals. Therefore, information energy and information entropy are used as characteristic parameters to distinguish the signal difference between a good bag and a damaged bag; the workflow of its extraction is shown in Figure 6.



The EMD algorithm is often used to analyze some non-stationary signals [31,32]. Due to the complex airflow environment inside the filter bag, the filter bag signal has obvious non-stationary characteristics, so this method is used to conduct a feature analysis of the filter bag signal, which can decompose the signal into several component IMFs. The formula can be expressed as:


  x ( T n ) =   ∑  i = 1  m    c i  ( T n )   + r ( T n )  



(1)




where n is the sampling index of the signal and T is the sampling period. r(Tn) is the residual error, which represents the global trend of signal x(Tn). The IMFs are denoted as c1(Tn), c2(Tn), …cm(Tn), which means that the frequencies of these mode components are sorted from high to low. Figure 7 shows the decomposition results of the good bag signal (Figure 7a) and the damaged bag signals (Figure 7b–f). There are hole sizes of 1 cm × 10 cm, 2 cm × 10 cm, 3 cm × 10 cm, 2 cm × 8 cm, and 2 cm × 12 cm, respectively, and the location is at 160 cm.



The information energy of each mode component can be expressed by Formula (2):


   E i  =   ∑  n = 1  N        c i  ( T n )    2     



(2)




where N is the length of the sequence. The energy spectrum is obtained, which can be expressed as   [  E 1  ,  E 2  , ⋯  E m  ]  . The sum of the information energy of all mode components can be expressed as:


   E  s u m   =   ∑  i = 1  m    E i     



(3)







The information energy ratio is defined as the ratio of the information energy of a component to the total information energy, and the information energy ratio pi of the ith component can be expressed as:


   p i  =    E i     E  s u m      



(4)







Information entropy H is an important physical quantity in informatics, often used to describe the uncertainty of signals [33]. This is used to characterize the filter bag signal:


  H ( x ) = −   ∑  i = 1  n    p i   log  10    p i      ,    p i  ∈ [ 0 , 1 ]  



(5)







The unit of information entropy is dit. The information energy of each decomposition component of the good bag signal and the damaged bag signal with a broken hole size of 2 cm × 10 cm and located at 160 cm were calculated and compared. The comparison results of the information energy are shown in Figure 8. Whether it is a good bag signal or a damaged bag signal, from the high-frequency band to the low-frequency band, the trend of information energy is the same, i.e., it decreases first and then increases. Since both the good bag and the damaged bag are in the same airflow field and the filter bag is semi-permeable to airflow, the characteristics of the good bag signal and the damaged bag signal are similar. Overall, the information energy of the damaged bag signal is greater than that of the good bag signal because when the filter bag is damaged, more airflow enters inside the filter bag, so the energy of the airflow signal detected by optical fiber is higher. In addition, among all the IMF components, the information energy of the good bag signal is greater than that of the damaged bag signal only when i = 9. The reason for this result is that leakage holes cause the airflow field inside the filter bag to change, resulting in the signal characteristics of the good bag being different from those of the damaged bag. In addition, the leakage holes also significantly reduce the pressure difference between the inside and outside of the filter bag. Moreover, the EMD decomposition method will adaptively divide the frequency band of the signal according to the inherent characteristics of the signal, and the bandwidth occupied by each IMF component is not artificially determined but rather depends on the characteristics of the original signal itself. Therefore, when the signal is decomposed, the information energy of the good bag signal is higher than that of the damaged bag signal in the low band IMF9. The information entropy for both was calculated using Equation (5) and found to be 1.70 and 2.06, respectively. This indicates that the damaged bag signal is more unstable and uncertain than the good bag signal, because the holes complicate the airflow inside the filter bag.



To minimize the effect of noise, e.g., fading noise, on damaged bag recognition, a certain component is selected as the feature signal instead of using all components as feature signals. To obtain the best recognition rate, the information energy of the IMF6 component is selected as the feature parameter. An eigenvector V is constructed using the information entropy and information energy of the sixth band mode component (IMF6) of the sampled signal. This eigenvector is used to describe the characteristics of the good bag signal sample set and damaged bag signal sample set. According to the above analysis method, the eigenvalues of 150 good bag signal samples and 150 damaged bag signal samples, including each type of damaged bag, were calculated, and their distributions are shown in Figure 9. Each sub-graph in Figure 9 shows the comparison results of the vibration signal characteristics between the good filter bag and a certain type of damaged filter bag. Blue dots represent good bag signal characteristics, and red dots represent a certain type of damaged bag signal characteristics. Due to the protection of the filter bag, the airflow inside the narrow space of the good bag is more stable and definite compared to the airflow outside the filter bag. When the filter bag is damaged, the airflow inside the damaged filter bag is seriously affected by the airflow outside the filter bag, resulting in a more unstable and uncertain airflow signal inside the damaged filter bag. Therefore, in general, the information entropy of the damaged filter bag signal is higher than that of the good filter bag signal. We can see evident differences in the characteristics between them.




3.2. Filter Bag Recognition


The BP neural network algorithm is used to identify good and broken filter bags in this research. As shown in Figure 10, the BP neural network adopts a three-level network topology structure, i.e., it includes an input level, a concealment level, and an output level. The input level has two neurons, which represent the information entropy and the information energy of the sixth band mode component (IMF6) of the sampled signal. The choice of two-dimensional parameters is based on the conclusions analyzed from the above results. In the concealed level, we set up three neurons. wij denotes the connection weight from the ith point in the input level to the jth point to the concealed level. The output level has one neuron, representing the filter bag recognition result output by the network. The filter bag recognition rate refers to the ratio of the number of filter bag feature samples correctly recognized by the recognition classifier to the total number of filter bag feature samples input to the recognition classifier. The number of filter bag feature samples includes the number of damaged bag feature samples and the number of good bag feature samples. wjk denotes the connection weight from the jth point in the concealed level to the kth point in the output level. For the comparative analysis, we also used an SVM classifier to recognize the filter bags. In the recognition process, SVM and BP algorithms are used on the same samples during training and testing, i.e., the same training sample set is input into the SVM and BP models for training, and the same test sample set is input into the SVM and BP models for recognition.



We used SVM and BP classifiers to analyze the sample set contained in each data map in Figure 9. In order to calculate the recognition rate of damaged filter bags, a training sample set consisting of 100 samples was randomly extracted from the total sample set of 300 samples, which consisted of 50 good bag samples and 50 damaged bag samples. These samples were used to train the recognition classifier. After good training, the 200 remaining test samples, including 100 good bag samples and 100 damaged bag samples, were fed into the classifier for pattern recognition.



In the recognition test, in order to make the recognition results more credible when calculating the recognition rate of each filter bag sample, the samples were analyzed 10 times consecutively, and then their average value was calculated. This value is called the average identification rate. The detailed identification results of each type of filter bag are shown in Table 1 and Table 2. It can be seen from the two tables that the BP neural network has a higher average identification rate of filter bags compared to the SVM classifier, with an average recognition rate of up to 97.3% for the proposed method. As shown in Table 1, the average bag recognition rate is below 90% when the SVM classifier is used, while the average bag recognition rate is more than 90% when the BP neural network is used. When the length or width remains unchanged, the larger the size of the hole, the higher the recognition rate. Moreover, the length of the filter bag has a greater impact on the recognition rate compared to the width of the filter bag.



In Table 2, when the size of the hole remains unchanged and its position is closer to the filter bag bottom, a higher recognition rate can be achieved. Since the fiber is suspended on the filter bag, it induces a single pendulum vibration under the action of airflow. Under the same conditions of airflow pressure, compared to the circumferential disturbance factor of the leaky hole, the axial disturbance factor has a greater impact on the single pendulum vibration for the cylindrical filter bag. Longer and lower hole positions will cause more severe vibration of the fiber pendulum, resulting in higher recognition rates.




3.3. Damaged Filter Bag Localization and Alarm Method


Fiber can be laid inside a bag dust collector in two ways. As shown in Figure 11a, one method is to use a single fiber to connect all filter bags, which is also the method used in this paper. The other method is to lay the fibers in parallel inside the bag dust collector, where all the bags in the same row or column are connected in series with a single fiber. All these fibers are connected to the Φ-OTDR distributed fiber vibration sensing system via a fiber interface scanning switch. During operation, the sensing system sequentially scans the filter bags on each row or column, as shown in Figure 11b.



When locating the damaged filter bag, each filter bag is numbered and noted as 1, 2, …, I, which all correspond one-to-one with a location point on the sensing fiber, and the distances corresponding to the position points of each filter bag along the fiber link are recorded as L1 m, L2 m, …, Li m, respectively. When the filter bag is broken, the vibration signal of the fiber placed inside the filter bag will change. The Rayleigh trace curve after multiple overlays will show a peak at the location of the filter bag [25]. We choose the time-domain vibration signal of the peak position point to characterize the filter bag signal. For example, in this paper, the distance of the filter bag is 1526 m when the filter bag signal is collected. The fiber distance between any two filter bags must be greater than the actual spatial resolution of the sensing system. The filter bag can be monitored in real-time using either the serial scanning method or the parallel scanning method. As shown in Figure 12a, when using the serial scanning method, the data processing program scans each marked position point along the sensing fiber line one by one. Assuming the fiber position point corresponding to the filter bag is marked as i, when the data processing program scans the position point, it extracts the time-domain vibration signal of the fiber position point for some time and divides it into several equal parts according to time, forming a large number of vibration signal samples. The time-domain vibration signal samples are recognized according to the feature extraction and pattern recognition algorithm proposed in this paper, and the average recognition rate is output. Set the alarm threshold according to the engineering application requirements. If the average recognition rate is less than the threshold, the system does not alarm, indicating that the filter bag is not damaged in the bag dust collector at this time; if the average recognition rate is greater than the threshold, the system alarms, indicating that the filter bag is broken in the bag dust collector at this time. After processing the ith position point, continue to process the i + 1th fiber position point, and so on. When using the parallel scanning method, the data processing program synchronously scans each marked position point along the sensing fiber line, synchronously extracts the time-domain vibration signal of each position point for some time, processes it, outputs the average recognition rate, and alarms in the same way as the serial method.





4. Discussion


To further validate the practicability of the filter bag identification scheme proposed in this paper, the leaky bag identification rate was further analyzed using quantitative analysis. The mixed filter bag signal samples can be divided into three categories. Type I is defined as a mixed filter bag signal sample, including good bag signals and damaged bag signals, where the hole widths vary between 1 cm, 2 cm, and 3 cm, while the hole length and location remain unchanged, at 10 cm and 160 cm, respectively. Type II is defined as a mixed filter bag signal sample, including good bag signals and damaged bag signals, where the broken hole lengths vary between 8 cm, 10 cm, and 12 cm, respectively, while its width and location remain unchanged, at 2 cm and 160 cm, respectively. Type III is defined as a mixed filter bag signal sample, including good bag signals and damaged bag signals, where the broken hole locations vary between 80 cm, 160 cm, 240 cm, and 320 cm, respectively, while its length and width remain unchanged, at 10 cm and 2 cm, respectively. For each type of event in the recognition process, 100 samples, including 50 good bag samples and 50 damaged bag samples, were used as training samples, and the remaining samples were used for testing. Each mixed filter bag signal sample was analyzed 10 times, and then the average value was calculated. Table 3 outlines the identification results.



Finally, to demonstrate the versatility of the proposed filter bag identification program, 100 mixed filter bag training samples, including 50 damaged bag training samples and 50 good bag training samples, were used to train the recognition classifier. The hole size and hole location of the damaged bag training samples are 2 cm × 10 cm and 80 cm, respectively. All the remaining filter bag samples were mixed to form a mixed-test sample called Type VI. The recognition results obtained by inputting the mixed-test sample into the SVM classifier and the BP neural network are shown in Table 3. It can be seen that the BP neural network can still recognize the filter bag efficiently. The BP neural network is also more efficient than the SVM classifier, with an average recognition rate of up to 95.9%. This shows that the method has some versatility in baghouse filter bag identification.




5. Conclusions


In summary, a method for detecting and recognizing rectangular damaged filter bags in pulse-jet dust-cleaning bag dust collectors has been proposed. Different filter bag signals were decomposed using EMD. The information energy and information entropy of the signals were calculated and used as the feature parameters to comparatively analyze the signal feature differences between good filter bags and leaky filter bags with different rectangular hole sizes and locations. The results show that the two-dimensional feature parameter combined with the information energy of the sixth component and signal information entropy is the best feature difference parameter. An SVM and a BP neural network were used to recognize different types of filter bag signals, and the comparison results show that the BP neural network algorithm can better recognize different types of filter bags, obtaining the highest recognition rate of 97.3%. The length and position of a hole have a great influence on the recognition rate; the width of the hole has a smaller effect on the recognition rate. This identification method has some reference value in the engineering application of using Φ-OTDR-distributed fiber vibration sensors to identify damaged bags in pulse-jet dust-cleaning bag dust collectors. In future research, we will focus on two aspects. First, we will optimize the structure of the sensing system to enhance its performance. Second, we will improve the algorithm to eliminate the influence of noise on the detection signal, enhance its signal-to-noise ratio, and improve the quality of the feature differences between the good bag signal and the broken bag signal. For example, using the Variational Mode Decomposition (VMD) algorithm to process the detection signal more deeply.
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Figure 1. (a) The external structure of the bag dust collector used in this experiment. (b) The filter bags and the broken hole of a filter bag in a dust-cleaning chamber unit of the dust collector. 
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Figure 2. (a) Schematic diagram of the filter bag in a dust-cleaning chamber unit. (b) Picture of dust-cleaning chamber unit 4 used in the experiment. (c) Working principle diagram of the pulse-jet dust-cleaning bag dust collector. 
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Figure 3. (a) The Φ-OTDR-distributed fiber vibration sensor experimental setup. AOM: acoustic optical modulator; EDFA: erbium-doped fiber amplifier; APD: avalanche photodiode; DAQ: data acquisition. (b) Schematic diagram of the Φ-OTDR vibration signal sensor deployment method in the bag dust collector. (c) Schematic diagram of the filter bag structure we used in this experiment. 
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Figure 4. (a,b) Pictures of the Φ-OTDR-distributed fiber vibration sensor experimental setup. (c) Picture of a dust-cleaning chamber unit in the bag dust collector test platform with vibration fiber cables laid inside each filter bag at Hefei Cement Research & Design Institute Corporation Ltd. test platform. 
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Figure 5. The original vibration signal sampled by the experimental setup. (a) Good bag; (b–i) different kinds of damaged bag. 
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Figure 6. Processing flow of energy spectrum and information entropy extraction based on EMD. 
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Figure 7. The IMF components of the sampled fiber vibration signals decomposed by the EMD method. (a) Good bag; (b–f) damaged bag. There are broken hole sizes of 1 cm × 10 cm, 2 cm × 10 cm, 3 cm × 10 cm, 2 cm × 8 cm, and 2 cm × 12 cm, respectively, and the location is at 160 cm. 
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Figure 8. Comparison of the information energy of the good bag versus the damaged bag. The bro hole size is 2 cm × 10 cm, and the location is 160 cm. 
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Figure 9. Distribution of vibration signal characteristic parameters of good bag with 150 samples and different types of damaged bag with 150 samples, and the parameters of the broken holes are as follows: (a) the hole size is 2 cm × 8 cm, and the location is 160 cm; (b) the hole size is 2 cm × 10 cm, and the location is 160 cm; (c) the hole size is 2 cm × 12 cm, and the location is 160 cm; (d) the hole size is 1 cm × 10 cm, and the location is 160 cm; (e) the hole size is 3 cm × 10 cm, and the location is 160 cm; (f) the hole size is 2 cm × 10 cm, and the location is 80 cm; (g) the hole size is 2 cm × 10 cm, and the location is 240 cm; and (h) the hole size is 2 cm × 10 cm, and the location is 320 cm. 
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Figure 10. Three-layer BP neural network for filter bag classification. 
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Figure 11. (a) Schematic diagram of single fiber laid in series. (b) Schematic diagram of multiple fibers laid in parallel. 
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Figure 12. Flowchart for locating, identifying, and alarming damaged filter bags. (a) The serial scanning method. (b) The parallel scanning method. 
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Table 1. The filter bag recognition rates for different broken hole sizes at the position of 160 cm.
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Filter Bag

	
2 cm × 8 cm

	
2 cm × 10 cm

	
2 cm × 12 cm

	
1 cm × 10 cm

	
3 cm × 10 cm






	
Recognition

rate

	
SVM

	
BP

	
SVM

	
BP

	
SVM

	
BP

	
SVM

	
BP

	
SVM

	
BP




	
87.5%

	
93.5%

	
88%

	
94%

	
89.5%

	
94.5%

	
80%

	
94.5%

	
82.5%

	
93.5%




	
88.5%

	
91%

	
82%

	
93.5%

	
90.5%

	
96.5%

	
86%

	
94.5%

	
89.5%

	
96%




	
85%

	
90%

	
88.5%

	
95.5%

	
89%

	
97.5%

	
90%

	
95%

	
83%

	
93.5%




	
83.5%

	
94%

	
83%

	
94%

	
91.5%

	
98.5%

	
87.5%

	
94%

	
87%

	
95.5%




	
89.5%

	
91.5%

	
86.5%

	
91.5%

	
87.5%

	
94.5%

	
84%

	
94.5%

	
90%

	
95%




	
81.5%

	
95%

	
89%

	
95.5%

	
87.5%

	
98%

	
91%

	
92%

	
86%

	
95.5%




	
83%

	
91.5%

	
87%

	
93.5%

	
90%

	
96.5%

	
86%

	
92%

	
81.5%

	
95.5%




	
82.5%

	
91.5%

	
81.5%

	
94%

	
90.5%

	
95%

	
83.5%

	
94.5%

	
84.5%

	
92%




	
89%

	
91%

	
88.5%

	
96.5%

	
91%

	
97.5%

	
91.5%

	
94%

	
90.5%

	
95%




	
81%

	
92.5%

	
87%

	
95.5%

	
86%

	
94%

	
87%

	
94%

	
89.5%

	
96%




	
Average recognition rate

	
85.1%

	
92.2%

	
86.1%

	
94.4%

	
89.3%

	
96.3%

	
86.7%

	
93.9%

	
86.4%

	
94.8%











 





Table 2. The filter bag recognition rates for different broken hole positions with a broken hole size of 2 cm × 10 cm.
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Filter Bag

	
80 cm

	
160 cm

	
240 cm

	
320 cm






	
Recognition

rate

	
SVM

	
BP

	
SVM

	
BP

	
SVM

	
BP

	
SVM

	
BP




	
86.5%

	
93.5%

	
88%

	
94%

	
86.5%

	
96.5%

	
91.5%

	
99%




	
86.5%

	
91.5%

	
82%

	
93.5%

	
88%

	
96%

	
91%

	
99%




	
87.5%

	
91.5%

	
88.5%

	
95.5%

	
90%

	
96%

	
90.5%

	
95.5%




	
90%

	
93.5%

	
83%

	
94%

	
92%

	
96%

	
90.5%

	
98.5%




	
91.5%

	
92%

	
86.5%

	
91.5%

	
90%

	
93%

	
92.5%

	
97.5%




	
85.5%

	
92.5%

	
89%

	
95.5%

	
86.5%

	
94.5%

	
90.5%

	
98%




	
86.5%

	
94%

	
87%

	
93.5%

	
91.5%

	
96.5%

	
90%

	
99%




	
82.5%

	
92.5%

	
81.5%

	
94%

	
86.5%

	
95%

	
93%

	
97%




	
87.5%

	
92%

	
88.5%

	
96.5%

	
87.5%

	
96%

	
89.5%

	
92%




	
84.5%

	
92.5%

	
87%

	
95.5%

	
94%

	
97.5%

	
88.5%

	
97.5%




	
Average recognition rate

	
86.9%

	
92.6%

	
86.1%

	
94.4%

	
89.3%

	
95.7%

	
90.8%

	
97.3%











 





Table 3. The filter bag recognition rate of mixed samples with different leakage states.
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Mixed Filter Bag

	
I

	
II

	
III

	
IV






	
Recognition

rate

	
SVM

	
BP

	
SVM

	
BP

	
SVM

	
BP

	
SVM

	
BP




	
90.1%

	
92.6%

	
83%

	
95.8%

	
92.5%

	
92.3%

	
90.4%

	
95.3%




	
86.9%

	
95.4%

	
87%

	
96.4%

	
87.2%

	
92.5%

	
90.8%

	
96%




	
90.9%

	
94.2%

	
88%

	
96.8%

	
88.3%

	
95.8%

	
89.2%

	
96.3%




	
89%

	
92.6%

	
89.4%

	
96.8%

	
90.5%

	
92.8%

	
89%

	
94%




	
89.4%

	
95.8%

	
89.8%

	
97.6%

	
91.1%

	
94.5%

	
90.4%

	
95.6%




	
90.4%

	
91.8%

	
87.1%

	
96.4%

	
90.4%

	
95.4%

	
88.9%

	
96.5%




	
90.9%

	
93%

	
84.8%

	
93.6%

	
90%

	
95.5%

	
87.3%

	
95.5%




	
88.5%

	
92.4%

	
84.4%

	
95.8%

	
89.3%

	
96.2%

	
88.6%

	
96.3%




	
87.9%

	
91.8%

	
89.1%

	
93.2%

	
88.1%

	
94.9%

	
89.5%

	
95.6%




	
87%

	
93%

	
87.9%

	
96.8%

	
88.5%

	
96.6%

	
88.5%

	
97.3%




	
Average recognition rate

	
89.1%

	
93.3%

	
87.1%

	
95.9%

	
89.6%

	
94.7%

	
89.3%

	
95.8%








I: Type I—samples of good filter bags and damaged filter bags with different hole widths and same length and location; II: Type II—samples of good filter bags and damaged filter bags with different hole lengths and same width and location; III: Type III—samples of good filter bags and damaged filter bags with different hole locations and same width and length; IV: Type IV—samples of good filter bags and damaged filter bags with different hole locations, widths, and length.
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