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Abstract: This paper focuses on the development of a diagnostic tool for detecting insulated gate bipolar transistor power electronic switch flaws caused by both open and short circuit faults in multi-level inverter time-frequency output voltage specifications. High-resolution laboratory virtual instrument engineering workbench software testing tool with a sample rate data collection system, as well as specialized signal processing and soft computing technologies, are used in this proposed method. On a single-phase cascaded H-bridge multilevel inverter, simulation and experimental investigations of both open and short issues of the insulated gate bipolar transistor components are performed out. In all conceivable switch issues, the output voltage signals are evaluated for different modulation index values. Fast fourier transform and discrete wavelet transform methods are used to investigate the frequency domain properties of output voltage signals. In the artificial neural network, the back propagation training technique was employed, and the generated neural parameter values were used in the Laboratory Virtual Instrumentation Engineering Workbench real-time fault diagnosis model.
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1  Introduction

Multilevel inverters (MLIs) are the most successful design in the field of high-power implementations, and they are utilized in a wide range of industrial applications that require lower operating costs and higher quality output, such as drive systems, electric cars, voltage profile compensators, voltage regulators, sustainable energy applications, and so on. The multilevel inverter is among the most common and reliable categories of MLI, wherein the stair cased pulse-width synthesized inverter voltage output is generated by a number of cells connected in series H-bridge voltage cells. The operation of insulated gate bipolar transistor (IGBT) power modules in cascaded h-bridge multilevel inverters (CHMIs) leads in substantial switching losses and severe overheating when switching frequency modulation is significant with high voltage and current. Thermal gradients and constant operation of switches can lead to serious issues including parameter drift and ageing, which can lead to semi-conductor system failure [1–4].

Short circuit (SC) and open circuit (OC) faults are the two types of failures which can occur in power switching devices in MLIs. Short circuit problems have the ability to damage the system right away. As a result, hardware approaches for short circuit protection, including as high potency fuses, de saturation methods, and di/dt feedback techniques, are frequently employed. Open-circuit faults in power electronic switches do not always result in the device shutting down, and they can go undetected for a long time. This could cause secondary defects in the inverter or other drive components, culminating in the entire system being shut down and expensive repairs. Short-circuit faults in power electronic switches, on the other hand, are extremely damaging and necessitate special precautions to automatically shut down the entire drive. These types of failures must be identified and repaired in a microsecond in order to safeguard analogous semiconductor devices from damage in the converter leg. On the other perspective, extended open circuit fault behavior of the power converters might cause the entire system to collapse. Expertise in fault behaviors, fault prediction, and fault diagnostics will be necessary to keep the multilevel inverter system functioning smoothly. The following are the two aspects of power electronic device fault diagnosis: one is fault information acquisition, which entails gathering data whenever a failure occurs using a specific fault detection approach; the other is fault identification and characterization, which rely upon that specific of failure modes to recognize the category and position of faults using only a specific fault detection method [5–8].

In this circumstance, faults should be recognized as soon as possible after they occur. If an inverter device is used continuously under abnormal settings, further issues will arise, resulting in severe consequences. Furthermore, since the multilevel inverter is made up of a lot of switching devices, the system is complicated and has a lot of nonlinear influences [9–12]. As a result, multilevel inverters need some novel diagnostic strategies which could not deal with nonlinear detection issues but also diagnose and locate faults easily [13–16]. In the case of the multilevel inverter, the device voltage and current can vary depending on the form and position of the faults. Some researches concentrated on the device output current or voltage to assess fault form and position more simply and efficiently, and then extend a sequence of fault diagnosis procedures from the sample [17–20].

Numerous model-based techniques for transistor OC defect identification have been suggested for the system. To detect the voltages aberrations for diagnostics, an adaptable system is established [21]. For the purpose of identifying faults, a dynamic model using heterogeneous logic is created to predict the discrepancies in between motors currents that are measured and those that are predicted [22]. Both [23,24] describe fault diagnostic techniques based on alternating current (AC) dynamic analysis and current processing with an adaptable neuro-fuzzy inference process, respectively. These techniques have issues with diagnostic speed and precision.

The fundamental objectives of the proposed research effort are to develop a high-performance fault detection methodology for evaluating open and short circuit faults in MLI using enhanced signal processing and soft computing techniques. The fast fourier transform (FFT) and discrete wavelet transform (DWT) techniques in Laboratory Virtual Instrumentation Engineering Workbench (LabVIEW) software tool are used to evaluate the spectrum properties of output voltage wave forms produced using both modeling and experimental investigations at various fault situations. By using FFT technique and LabVIEW software, extract salient features such as total harmonic distortion (THD) and harmonic contents of output voltage signal at different fault cases. Extract important characteristics from the DWT multi resolution analysis using LabVIEW capabilities, such as energy content at various layers of decomposition of the output voltage signal for various fault occurrences. Designing an automated fault detection system based on artificial neural networks (ANNs) for detecting individual faulty switches, develop a LabVIEW based real-time defect detection system to leverage an off-line trained artificial neural network model. The performance characteristics of the FFT-ANN-LabVIEW model and the DWT-ANN-LabVIEW model-based fault detection approach for multilevel inverters can be compared to develop an effective fault diagnostic system.

2  Fault Recognition System

2.1 Configuration of Fault Recognition System

Fig. 1 illustrates literally the entire fault detection system set up for identifying defective power semiconductor switches in multilevel inverters, which includes both hardware and software components. A direct current (DC) voltage source, cascaded MLI, single phase induction motor (IM), and data acquisition system (DAQ) help compensate the hardware system. A multilevel inverter’s terminal voltage signals are recorded using the national instruments-universal serial bus (NI-USB) 6251, and the voltage waveforms are decoded using the Agilent digital storage oscilloscope (DSO). The ANN trained pattern is used to identify the faulty switch using the LabVIEW graphical user interface (GUI) and DFT and FFT extraction process.
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Figure 1: Schematic representation of fault diagnosis system

2.2 Multilevel Inverter-Fault Signal Analysis

The single stage five level cascaded H-bridged multilevel converter configuration included in this analysis, which includes two H-Bridges and eight IGBT switches, is depicted in Fig. 2. Despite the fact that three-phase multilevel inverter systems are useful in modern drives, single-phase multilevel inverter systems are used in this research since the prediction model approach can be expanded to three-phase systems.
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Figure 2: Representation of cascaded H-Bridged MLI

The voltage and current characteristics of a single cascaded H-Bridged multilevel inverter is shown in Fig. 3. As shown in Fig. 3, the S1A switch creates an open circuit fault after one second, magnifying the voltage and current pattern created by the prior failure. When there is an open circuit fault, S1A experiences positive voltage clipping. After one second, the failure causes the positive and negative amplitudes of the current to switch. The voltage and current signals are gathered at a rate of 20 kHz.
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Figure 3: Voltage and current waveform during open circuit fault condition

Fig. 4 exhibits the voltage and current characteristics of a cascaded single-phase H-Bridged multilevel inverter. When the S1A switch creates a short circuit defect after one second, the voltage and current pattern created by the previous failure is magnified in Fig. 4. The voltage and current signals are obtained at a switching rate of 20 kHz.
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Figure 4: Voltage and current waveform during short circuit fault condition

3  Signal Processing Based on FFT and DWT

3.1 Feature Extraction Using the FFT Method

The FFT method was used to extract the properties of output voltage patterns. In order to create an effective fault analysis tool, frequency domain assessments of the output voltage waveforms are necessary. The output voltage signal was subjected to the FFT technique to extract different properties. As a result, the signal processing approach is critical. Even though a competent characteristic extractor should offer enough crucial information about the neural network in the position taken, it was the maximum level of accuracy obtained inside the artificial neural convention. Fig. 5 gives the extraction of output voltage signal in different parameters of harmonics and root mean square (RMS) output voltage.
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Figure 5: FFT based feature extraction process of output voltage signal

The FFT is widely utilized in signal processing applications, including power systems, power electronics, communications, broadcasting, and entertainment. The frequency response description of any periodic or non-periodic signal is provided by the FFT. The Fourier Transform of a signal or function g(t) is described as following Eq. (1) and inverse Fourier transform represented in Eq. (2)


G(ω)=∫−∞+∞g(t)e−iωtdt
(1)


g(t)=12π∫−∞+∞G(ω)e−iwtdt
(2)

THD is evaluated for a voltage signal using the below Eq. (3),


THD=V22+V32+V42+…+Vn2V1
(3)

where Vn is the nth harmonic’s RMS voltage and n = 1 is the fundamental frequency. It identifies the extent to which a voltage or current signal has been distorted.

Fig. 6 illustrates the improvements in Harmonics, THD, and Vrms during the extraction phase using the FFT the output voltage waveform for different configuration situations and modulation index values. By studying fluctuations in the voltage pattern following the implementation of open and short circuit faults, the RMS value of voltage is also regarded an essential time domain feature in this investigation. Each function generated from the FFT analysis has different features under normal and faulty situations, according to the results. Additional changes in the extracted functionality are conceivable.
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Figure 6: Illustration of FFT analysis (a) Open circuit fault for 11th harmonic (b) Short circuit fault for 11th harmonic (c) Open circuit fault with THD (d) Short circuit fault with THD (e) Open circuit fault with Vrms (f) Short circuit fault with Vrms

3.2 Feature Extraction Using the DWT Method

The new fault diagnosis algorithms work by identifying important characteristics in output voltage data, which are then aggressively removed from the basic data to create diagnostic data. Simultaneous temporal and frequency analysis of voltage signals is required to build an effective fault diagnosis system. Fig. 7 illustrates DWT based feature extraction process of output voltage signal; in that DWT-based multi resolution signal statistical analysis is to offer a time-scale description of a differential equation output a(n) at various levels of decomposition. During convergence with i and j quadrature mirror filters, the original signal sequence is designated as b0[n], and at scale 1, it is divided into an estimation element b1[n] and an informational element b1[n]. The estimated vector b1[n] has been further divided at the next scale into b2[n] and c2[n], and so on. This type of nested decomposition can be quantified in following Eqs. (4) and (5),
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Figure 7: DWT based feature extraction process of output voltage signal


bp[q]=∑i[n−2q]bp−1[n]
(4)


cp[q]=∑j[n−2q]bp−1[n]
(5)

The decomposition scale is p, the number of sampling points is denoted as q, and the translation coefficient is n. The purpose of multi resolution analysis is to accomplish two essential qualities, the first of which is the temporal mapping ability, which is useful for identifying changes in features. At the time of the disruption, this will appear as high coefficients. The signal energy is partitioned into different frequency bands in the second step. This gives an indication of the distorted signal’s frequency quality. The Daubechies 4 wavelet is well-known for its capacity to identify signal power transitions, but it has previously been employed as an origin wavelet. As a result, the Daubechies 4 wavelet was employed to analyze the data. The frequency spectrum of comprehensive elements for output voltage signals was divided into 9 levels, as indicated in Tab. 1. The standard deviation is a measurement of the energy contained in a waveform with a normal distribution. As a result, standard deviation estimates for detailed components are computed at various degrees of decomposition (D1 to D9) to represent the signal’s transitory energy. The following formula is used to determine the standard deviation (STD) of an nth degree informative signal in Eq. (6),


STD=1Sn−1∑j=1Sn[hn(j)−Rn]2
(6)

where Rn represents the average value of the vector hn and Sn denotes the time-span of the vector hn. The energy level of the signal acquired using the DWT multi resolution analysis (MRA) approach is a significant component in multilevel inverter failure detection.
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3.2.1 DWT-Multi Resolution Analysis of Voltage Signal

During normal conditions, Fig. 8 represents the MRA analysis of significant components of the voltage signal. The amplitude of the MRA analysis of the informative signals is represented on the y plane, while time is represented on the x plane (in samples). The extensive portion of DWT (D1–D9), which comprises up to nine levels of de-composition, is depicted in Fig. 8.

[image: images]

Figure 8: Comprehensive components of output voltage waveform based on discrete wavelet transform MRA up to nine stages of decomposition

3.2.2 DWT-Open and Short Circuit Voltage Signal Analysis

The DWT MRA different band levels of the voltage amplitude are shown in Fig. 9 at various modulation indexes. The 50 Hz fundamental part has a peak at the 8th stage of decomposition (Refer Tab. 1). At the 7th, 8th, and 9th stages, there is a significant rise in the signal’s DWT MRA energy content as the modulation index value increases. In Fig. 8, the differences in the energy level of various frequency ranges are depicted in the same way. Fig. 10 represents the proposed DWT MRA analysis of voltage waveforms during short circuit fault occurring at different modulation correlation coefficients. In comparison to other fault situations, the band level intervals of the signal at stages 6, 7, 8, and 9 are noticeably different.
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Figure 9: Cascaded H-Bridged an OC faults with different energy levels of output voltage
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Figure 10: Cascaded H-Bridge an SC faults with different energy levels of output voltage

4  Experimental Tests

For practical real-time applications, laboratory tests must be used to validate the results of simulation studies. A photo of a laboratory experimental setup for obtaining multilevel inverter output voltage signals during various switch operation condition is shown in Fig. 11 hardware and software components help compensate the fault diagnostic system. A DC voltage source, multilevel inverter, single phase asynchronous motor, and data acquisition system create the hardware system. The five-level output voltage is created by cascading two H-bridge single-phase pulse width modulation (PWM) inverter components. As switching units, IGBTs with a range of 600 V and a current of 25 A are deployed.

[image: images]

Figure 11: Experimental arrangement of single phase MLI with load

Fig. 11 illustrates a real-time DAQ system connected to a personal computer (PC) through LabVIEW software, as well as NI USB-6251 (16 Analog Input, 1.25 MS/s) M series hardware used as an analysis of data collected and connected to a PC for signal collection and processing. For a total of 16 bits of information, this system will compute 16 analog input signals. The user interface on the front panel allows users to enter and extract data. The users can access and extract information through the front panel’s user interface. The system interface light will glow green until the NI Network interface is correctly communicated with this LabVIEW front panel. The magnitude scale, sample rate, time scale, and number of variables for each output voltage signal are all controlled by the front panel. The acquisition settings allowed users to choose the number of signals to be gathered at any given moment. An Agilent digital storage oscilloscope (1 Giga Samples/sec) was used to analyze the output voltage waveforms.

Open and short circuit faults are generated on each switch, and the output voltage waveform is analyzed. A voltage sensor mounted to the USB senses the output voltage and captures the data of output signals. The corresponding FFT and DWT characteristics generated from output voltage waveforms confirmed with experimental investigations under various fault situations and at numerous opposing modulation index values of 0.85 and 0.9 are displayed in Fig. 12.

[image: images]

Figure 12: Real time experimental results at (a) No fault, (b) OC fault (c) SC fault

5  Results and Discussion

5.1 LabVIEW Front Panel for FFT Analysis

The LabVIEW front panel for spectrum analysis of output voltage impulses using the FFT approach is shown in Fig. 13. You may use this module to keep track of which signals are used for FFT analysis. The ability to monitor the individual FFT plot of a voltage signal is also provided in this module. Harmonic ratios with respect to fundamental frequencies are calculated using peak values of harmonic frequencies. This research work established the FFT frequency domain harmonic analysis for the front panel, as shown in Fig. 14. Its objective is to display the various harmonic/fundamental ratios as well as the THD measurement of the inverter’s output voltage signal. Users may also follow the harmonic plot of individual output voltage signals in this window. This software module has been designed to evaluate up to the 11th harmonic ratio. This front panel allows for trend analysis of THD values and harmonic ratios.

[image: images]

Figure 13: Representation of FFT labVIEW–front panel
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Figure 14: Representation of FFT labVIEW based THD analysis

5.2 LabVIEW Front Panel for DWT Analysis

Fig. 15 illustrates the front panel for wavelet transform analysis proposed in this research. Users can select the wavelet filter pattern and the number of levels of output voltage signal decomposition in this window. It also displays the standard deviation plot of the output voltage signal’s wavelet decomposition. The processed data is sent to the MLI faulty switch analysis system, which provides a report on the existence of the faulty switch.

[image: images]

Figure 15: Representation of MLI faulty switch analysis

The cascaded H-bridged multilevel inverter faulty switch analysis module shown in Fig. 15 has a front panel that displays the faulty switch report. This module allows the user to load previously saved data into the PC framework and choose between FFT and DWT analysis for feature extraction. This module identifies the defective switch by comparing real-time voltage signal features to an offline qualified pattern.

5.3 Fault Classification Using ANN Techniques

The failure detection of multilevel inverters was automated using an ANN in these investigations. The ANN was used to solve the difficulty of detecting the faulty switch in a cascaded multilevel inverter. The multi-layer feed forward network with back propagation learning technique has been considered as one of the many ANN designs available in the literature due to its easy approach and high predictive capability.

Fig. 16 represents the mean square error (MSE) values generated from a large number of buried layer neurons. When the number of hidden layer neurons is fewer than 10, the neural network fails to fulfill the convergence conditions. When the number of iterations approaches 3800, process may take longer. The MSE estimated assessment with 24 hidden layer neurons is the lowest, according to the preceding explanation. As the number of hidden layer neurons grows, the neural network takes longer to train and meet the convergence criterion. The network’s mean square error was determined by keeping the learning rate at 0.1 with 24 hidden layer neurons toreach an optimum value of the number of epochs.

[image: images]

Figure 16: Investigation of the ANN-MSE at various statistics of hidden layer neurons for 24

The neural network requires longer learning and following the convergence criteria as the number of hidden layer neurons increases beyond 18. In order to reach an ideal value for the number of epochs, the network’s mean square error was computed by retaining the step size at 0.1 with 18 hidden layer neurons. The mean square error values derived from different amounts of hidden layer neurons are shown in Figs. 17 and 18 depicts the proposed fault diagnostic system’s detection rates for various numbers of hidden layer neurons. As compared to other instances, the device performs better with 18 secret layer neurons. In this context, the overall detection performance for all fault conditions is 100%, and the device can correctly find the fault in nearly any situation.
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Figure 17: Investigation of the ANN-MSE at various statistics of hidden layer neurons for 18
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Figure 18: Selection of hidden layer for selecting suitable fault diagnostic system

The fault diagnostic framework is then implemented in the LabVIEW graphical user interface module using the extracted features as an input to ANN. The FFT-ANN-LabVIEW approach and the DWT-ANN-LabVIEW approach are two separate fault diagnostic methodologies proposed in this work. Fig. 19 compares the overall detection rates of two methods under various switch failure circumstances, depending on their overall efficiency. As stated earlier, the DWT-ANN-LabVIEW technique outperforms the FFT-ANN-LabVIEW approach in terms of total performance.
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Figure 19: Comparative analysis on identification rate to faulty switch of multilevel inverter

6  Conclusion

The THD, Vrms, and Harmonic/Fundamental ratios up to 11th order harmonics are displayed using the FFT approach, which provides critical information regarding the defective switch in the multilevel inverter. For each failure condition, the energy content of the output voltage shows various patterns at different degrees of decomposition of the DWT MRA technique. Front panels based on LabVIEW are being developed for real-time applications, and they are extremely useful and user-friendly for the processing of industrial applications. The fault diagnostic efficiency of the DWT-ANN-LabVIEW technique is significantly better than the FFT-ANN-LabVIEW approach for all fault situations, from standard to multiple open and short-circuit switch fault states. Unlike the FFT-ANN method, the DWT-ANN method solely uses DWT characteristics to train and assess.

The DWT-ANN technique outperforms the FFT-ANN approach without any external inputs such as rms voltage values. The DWT-ANN-LabVIEW technique provides a nearly 100% identification rate. Unlike the FFT-ANN technique, the DWT-ANN approach solely trains and evaluates using DWT features. This method does not require any intermediate calculations, such as rms voltage values. As opposed to the FFT-ANN approach, the DWT-ANN approach performs better without any external inputs such as rms voltage values. For high-power applications, the number of levels in multilevel inverters is expanding by the day; the recommended device may be evaluated for 7 and 9 level inverter systems. For 7 level and 9 level inverters, the transients in current signal recorded during open or short circuit faults may be examined, and a diagnostic process based on this information can be devised.
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