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Abstract

:

Due to numerous advantages, a neutral point clamped (NPC) inverter is a preferred choice for high-power applications and renewable technology. The reliability of the NPC inverter is a major concerning factor during the assessment of system performance as power semiconductor switches are vulnerable to abnormal conditions. Open-circuit (OC) switch faults are not as dangerous as short circuit (SC) faults but eventually have enough potential to cause cascaded failure to other components in the system and thus need to be supervised carefully. The OC faults result in a distortion of voltage and current signals in the NPC converter. Based on these signals, over the past few years, many efforts have been made to identify and localize the OC switch fault to the switch level in the NPC topology. In this paper, a review of different OC switch fault diagnostic methods is provided. Starting from the NPC inverter operation under healthy and faulty conditions, the various possible and unavailable switching states along with the deviation in pole voltage under different switch fault conditions is discussed. Then, based on the approach used for system-based fault detection, the OC fault detection methods are classified. The various OC methods are further discussed on the basis of signal, i.e., current, voltage or a combination of both signals used as a signature for fault detection. Emphasis is given to the principle involved, diagnostic variables utilized, the implementation approach and the diagnostic time required. Finally, the approaches are tabulated so as to provide a quick reference for NPC fault diagnostics.
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1. Introduction


Depleting conventional energy resources and increasing energy demands of modern, industrial, and civilian society are responsible factors for the penetration of renewable energy resources in the conventional power system. Power electronic converters play a significant role in the confluence of renewable energy technology and conventional power systems, such as grid-connected wind turbine generation, grid-connected photovoltaics, and battery storage systems [1]. Power quality and harmonic distortions are deciding factors for system performance assessment. Multilevel inverter topology shows better performance on these fronts [2,3]. The diode clamped multilevel inverter is the most popular among multilevel inverter topology and is widely known as a neutral point clamped (NPC) inverter [4,5,6,7,8,9,10]. The NPC inverter offers a broad range of various medium voltage high power industrial applications [11,12].



Furthermore, timely fault investigation is the most required demand in important sectors such as healthcare, military, defense, aviation, electric traction, space technology, etc., where a slight margin of negligence can be disastrous [13,14]. Apart from this, fault diagnosis helps in the repair-related work of the converter, is useful in risk minimization, and helpful in the optimization of financial losses in case of failure. Since the NPC inverter has a higher number of power electronic switches compared to the conventional two-level inverter, power electronic semiconductor switches have serious failure issues as they are vulnerable to abnormal conditions. That is why the NPC inverter has more chances of failure, and therefore, reliability of the system is a major concerning factor [15,16,17]. Power quality issues such as voltage unbalance, system fluctuations, and harmonic distortions are the sources of sudden failures in power electronics converters. Such failures result in financial losses and sometimes even compromise the safety of the working personnel [18]. A common failure reason is power electronic switch faults. Switch faults are categorized as SC and OC faults [19,20,21]. SC switch faults can be hazardous and even fatal in some cases, but are monitored by a dedicated gate drive protection system and are easily detected due to the high short circuit current feature. Whereas OC switch faults, on the other hand, are not as dangerous as SC faults, but eventually have enough potential to cause cascaded failure to other components in the system and thus need to be supervised carefully [14,22,23]. Therefore, in recent decades, various OC faults have been suggested.



The main objective of the paper is to present the basic idea of different open-circuit switch fault diagnostic methods which have been used for NPC inverter topology. The main contributions are given as follows:




	
Summary of the OC fault diagnostic methods for NPC.



	
Comparison of the existing OC fault diagnostic schemes based on diagnostic variables, fault localization level, and fault diagnostic time.








The paper is organized as follows. Section 2 presents the analysis of the general NPC inverter in normal and in OC switch fault conditions. Section 3 presents the classification of OC techniques and their working and implementation issues. Section 4 provides a conclusion of the overall paper.




2. Neutral Point Clamped Inverter under Normal and Open-Circuit Conditions


To explain the working of the various fault diagnostic approaches, the working of a single-phase three-level neutral point clamped inverter topology NPC is discussed in this section.



Figure 1 shows the circuit diagram for the single-phase three-level NPC inverter. Two series of connected capacitors, each having a voltage of    V  D C   / 2  , form the dc bus link of voltage   V  D C   . This dc bus link serves as an input to the neutral point clamped inverter. The midpoint of the two capacitors–dc bus link is considered a neutral point and it is available for circuit connection; unlike the two-level inverter where such a neutral point is unavailable. A zero-voltage level is possible due to this available neutral point in the case of the NPC inverter. The inverter output is taken across pole A and pole B. Output terminals can be connected to a load or an ac grid. There exist four active switches with anti-parallel diodes, also known as main switches and two clamping switches (diodes) in each leg of an NPC inverter. In Figure 2,   S  A 1   ,   S  A 2   ,   S  A 3    and   S  A 4    are main switches and   C  A 1    and   C  A 2    are clamping diodes. The clamping switches connect the neutral point to the inverter pole through the main switches as shown in Figure 2.



2.1. Analysis of NPC Inverter under Normal Conditions


Table 1 shows command signals given to the main switches and resulted in three-level pole voltages in corresponding switching states. Command signal 1 is used for switching on and 0 is used for switching off. Turning on switches   S  A 1    and   S  A 2    forms the switching state P, and in this, the corresponding pole voltage is    V  A O   = +  V  D C   / 2  . Switching state O is formed either by turning on   S  A 2    or   S  A 3    depending upon current direction and the corresponding pole voltage is    V  A O   = 0  . Firing on switches   S  A 3    and   S  A 4    forms the switching state N, and in this, the corresponding pole voltage is    V  A O   = −  V  D C   / 2  .



It is assumed that the current flowing from any one of the dc link terminals to the inverter pole is considered a positive direction of the current. Figure 3a,b, show the current paths for different switching states for the positive and negative current, respectively. Anti-parallel diodes conduct only for switching states N and P for the positive and negative direction of the current, respectively.




2.2. Analysis of NPC Inverter under Open-Circuit Switch Fault


Due to the symmetry of the circuit, only phase A is analyzed. The direction of current from the inverter to the grid is assigned as a positive direction (i > 0). The OC fault can be considered a consequence of an unavailable switching state which is evident from Table 2. The unavailability of a switching state for a particular faulty switch is decided based on the faulty switch, the normal status of other switches, and the possible current path for the positive or negative current is depicted in Figure 4, Figure 5, Figure 6, Figure 7, Figure 8 and Figure 9.





3. Open-Circuit Switch Fault Diagnostic Methods for NPC Inverter


Figure 10 shows the general schematic of any fault diagnostic method. Whenever an OC fault occurs in any of the power electronic switches of the inverter, the current and voltage waveform shows abnormal distortions which are different from normal operating conditions. One or a combination of these system variables is considered a fault indicator. Fault diagnostic variables are determined using selected fault indicators. Fault diagnostic variables are treated as inputs for the fault detection scheme. However, there are certain possibilities of momentary system fluctuations that are not due to fault conditions. Such events can lead to misdiagnosis of fault conditions. This is avoided by incorporating threshold variables and time constraints. In addition to this, localization of the faulty switch is necessary to isolate the fault. Fault localization is performed using a fault detection signal along with the knowledge of fault diagnostic variables, thresholds, and constraints.



In this paper, the categorization of OC switch fault diagnostic methods is performed as (i) Hardware-Based Fault Detection; (ii) System-Based Fault Detection. In the former category, sensors are added to the gate driver circuit to measure the voltage and current of the switch which can be used to identify the fault in the switch. This method is not preferable because the number of sensors required will increase as the number of switches increases which in turn causes an increase in the cost and size of the system. The system-based fault detection method is based on the detection of fault using the current and voltage signals available for the control of the converter. In this signal, data such as current or voltage or both signals are directly used as fault signature information. The detailed classification of fault diagnostic methods for NPC inverter is shown in Figure 11. Due to the limited application of hardware-based fault detection, in this paper, we mainly focused on system-based fault detection methods which can be categorized as:




	
Signal processing-based methods.








When the fault occurs in the inverter, the characteristics of the voltage and current waveforms get distorted. This change in the waveform carries the fault information which can be extracted using different signal processing techniques. The block diagram of the signal processing method is shown in Figure 12. The waveform required for fault feature extraction is sensed with the help of sensors, then the signal is segmented around the fault detection instant. After which the signal is processed in the time domain or frequency domain depending on the fault detection technique. From the processed data, the feature is extracted which can classify the fault.



	
Model-based methods.






In this method, a model of the system developed from the analytic information is used for fault detection. The output of the real plant is compared with the output obtained from the model. If there is a fault, the estimated and actual parameters show variations. These signals which are called residual signals are analyzed and compared to identify the fault. The block diagram of the model-based fault detection method is shown in Figure 13. These methods are more accurate, but the accuracy highly depends on the accuracy of the model developed. Model predictive control-based fault diagnostic methods are also developed which can reduce the usage of additional sensors and minimize the computational burden.



	
Data-based fault diagnostic methods.






In data-based methods, no mathematical model is required which helps to overcome the limitations of model-based methods. This is based on the learning methods used for identification. This includes support vector machines, neural networks, fuzzy logic, and machine learning techniques. These methods have advantages such as faster detection, robust but the accuracy of the output depends on the data used. These methods require a huge amount of data for training. The block diagram of general steps involved in the data-based method is presented in Figure 14.



3.1. Signal Processing-Based Fault Diagnostic Methods


In this signal, data such as current or voltage or both signals are directly used as fault signature information. Current-based fault diagnostic methods [18,24,25,26,27,28,29,30,31,32,33,34,35,36,37,38] are more popular as they do not require any extra hardware. Some authors used voltage-based fault diagnostic methods [39,40,41,42,43,44,45,46]. Both current and voltage signals are used for the diagnosis in [47,48,49,50]. The following subsection discusses the various techniques used in the signal processing-based approach and a comparison of these techniques are given in Table 3.



3.1.1. Current-Based Methods


In [18], an OC fault detection technique for three-level three-phase NPC inverters is established. In this paper, the authors have presented a comparison method of fault diagnosis variables with threshold values. The diagnostic variable is defined as the ratio of the mean value of the phase current to the mean value of the absolute value of the phase current. The presented OC switch fault diagnosis comprises three steps: (i) computation of diagnostic variables; (ii) detection of faulty phase; (iii) pre-defined threshold and diagnostic variables comparison. By considering the knowledge of the diagnostic variable, the first faulty phase is identified. The false fault condition is avoided using slope calculation. Then, the diagnostic variable is compared with set threshold values to detect OC faults. Once a faulty leg is detected, the faulty switch is localized based on the value of the average current. A new localization variable is defined, and range durations are set corresponding to each switch so that the faulty switch can be localized accurately. This method can detect only single switch faults.



An OC fault diagnosis method for three-level NPC inverters based on current distortion in the output of the inverter is presented in [24]. In this paper, the inverter output current is considered as a function of switching states. OC faults in any one of the switches resulted in the distortion of the inverter output current. Distortions in the current waveform are based on the location of the faulty switch. When an OC fault occurs in external switches, either the positive or negative cycle of the inverter output current gets distorted. Similarly, when an OC fault occurs in internal switches, either the positive or negative cycle of the inverter output current gets suppressed. Calculation and comparison of positive and negative charges passing through each phase are performed. Based on this information, the location of the open-circuited faulty switch and the position of the leg of the three-phase inverter is deduced.



In [25], two OC switch fault detection methods based on a statistical analysis of the inverter output current are proposed. In the first method, current data points are defined as the first four statistical moments namely mean, variance, skewness, and kurtosis. Different fault duration cases for a particular open switch fault are considered. Plots of statistical moments are obtained for two different fault durations. When an OC fault occurs for a particular IGBT switch, depending upon the noise level, kurtosis and skewness show variations for fault durations only and not for health. With the increase in noise level, variations are not significant, and the accuracy of fault detection decreases as does the reliability. In the second method, a cumulative sum approach for current data samples has been used by the authors. For the cumulative sum approach, a threshold is set. Whenever a cumulative sum is higher than the threshold it is considered detection of the OC fault. In the presented methods, a no-fault localization scheme is proposed.



The current distortion in the inverter and rectifier of a back-to-back converter using NPC topology, which is caused by various open-switch faults, is analyzed in [26]. The authors have presented a fault diagnostic method based on current distortion analysis which is considered the fault indicator. In this method, the current is categorized into positive range, negative range and zero range. The time duration of the zero range and sign of current in the previous half cycle determines the location of the faulty pair of switches. The positive current sign and negative current sign determine the open switch fault in upper pair switches and in lower pair switches, respectively. The exact location of the faulty switch cannot be determined using this method but the method offers fault diagnostic ability against all power factors. An open-circuit fault in a grid-connected NPC inverter using phase current is proposed in [27]. Under healthy conditions, the normalized average value of the positive half cycle of the phase current and the negative half cycle current is equal. When the fault occurs, the phase current gets distorted which causes the change in the average positive and negative half cycle current which is used as the fault indicator. To localize the fault at the switch level, an under-excited reactive current is applied for a short period. For detection and localization, nearly two cycles are taken in this method.



In [28], distorted phase current characteristics have been used by authors to detect open-circuit switch faults in main switches as well as clamping diodes. Each phase can be divided into two groups. For example, in phase A, group 1 consists of two upper switches and a diode. Similarly, group 2 consists of two lower switches and a diode. Under the normal condition, the average of the phase current is zero. When an open-circuit fault occurs in group 1 of a particular phase, the positive phase current gets distorted and the average current of that phase only becomes negative while for others it is positive. Similarly, when an open-circuit fault occurs in group 2, the negative phase current gets distorted and the average current of that phase becomes positive while for others it is negative. In the faulty group, from the nature of the phase current flow (i.e., current flows for open-circuit clamping diode fault and no current flows for open-circuit fault in IGBT switches), the faulty component is located. Between IGBT switches, the faulty IGBT switch is located based on the possibility of a particular switching state during under excited reactive current injection for a short time.



The average current Park vector approach to detect open-circuit switch faults is proposed in [29]. In this method, two diagnostic variables are used: (i) error between the absolute average value of normalized phase currents under normal operation and absolute normalized phase current; and (ii) average current Park’s vector. Park vector components, id and iq, are obtained by converting the three-phase current of the inverter into a dq reference frame. In the case of an open switch fault, the error signal in the faulty phase becomes positive and the average current Park’s vector becomes nonzero. The faulty phase is located by the sign of the error signal as the error signal is positive for only the faulty phase and is otherwise negative. Based on the value of the error signal and the average current Park’s vector, a fault signature table is prepared for the combination of faulty switch pairs. With this information, the localization of the faulty switch is established. In this method, the double switch fault condition is also considered. A diagnosis method based on the average current Park transform vector is proposed in [30], which can accurately locate single switch faults. However, the method depends on the space vector pulse width modulation (SVPWM) and the load level, which has certain limitations.



In [31], authors have proposed the current pattern analysis method for open-circuit switch fault detection of main as well as clamping switches for the hybrid active NPC inverter. In this method, three-phase currents are transformed to the dq reference frame and the radius of the current pattern is determined using dq currents. In normal conditions, the locus of dq currents is a circle and when an open-circuit fault occurs, the current locus gets distorted due to the unavailability of certain switching states. The current pattern angle is determined for fault localization. Based on the current pattern angle, it is possible to distinguish between the upper three switch pairs and the lower three switch pairs in any leg. Using zero switching states, the injection of a reactive current for a short duration and if the phase current flows in the positive or negative direction, a faulty switch is uniquely represented in the upper as well as in the lower pair of switches. An open-circuit fault diagnosis method for a three-level NPC inverter based on the instantaneous frequency (IF) of the phase current is proposed in [32]. Hilbert transform is used to estimate the instantaneous frequency of the three-phase currents measured. This information helps to identify the faulty phase. The faulty switch is located from the average value of the normalized current.



The current pattern analysis method to detect open-circuit switch faults in main switches, as well as clamping switches, is extended to the hybrid active NPC inverter in [33]. For fault localization purposes, a current pattern is investigated for its radius and angle. Complete 360 degrees are divided into six ranges; based on the current pattern angle value, radius fluctuations and switching states, all switches in the inverter circuit are uniquely localized.



An open-switch fault detection of NPC inverters using output current is discussed in [34]. From the knowledge of switching states and output normalized average currents, the faulty leg can be identified. The normalized current is used to make the fault detection variable independent of the load variations. The diagnostic variables which are defined based on the fault current are then compared with the threshold value to identify the faulty switch.



The authors in [35,36] suggested an OC fault diagnostic and tolerance control approach for grid-integrated hybrid ANPC inverters using optimal carrier-based pulse width modulation. The fault is detected using the dq current pattern obtained from the three-phase current using Park’s transformation. This approach is simple and can handle up to four switch faults in a single phase without the need for extra hardware.



DC bus neutral point current variations as a fault indicator to detect the open-circuit switch fault method are proposed in [37]. The DC bus neutral point current is considered a function of instantaneous three-phase currents and corresponding switching functions. An open switch fault leads to the unavailability of a certain switching state, thus, the fault condition is responsible for the changes in the neutral point current. Neutral point currents, along with three-phase currents and corresponding switching functions, are considered to have fault feature information and these are combinedly used to uniquely identify the location of a faulty switch. This method requires high-frequency bandwidth to sense dc bus neutral point currents in high-frequency applications.




3.1.2. Voltage-Based Methods


In [39], authors have presented an OC switch fault diagnostic method that is based on the concept of continuous pulse width modulation characteristics. In this method, fault detection is performed based on the pole voltage magnitude and its duration. Any voltage level other than desired voltage levels for a three-level inverter is considered an abnormal voltage. Pole voltage gets affected by the dc link voltage ripple and this is avoided by the use of distinct voltage levels using Zener diodes. The duration time of voltage levels is detected indirectly by integrator circuits. The output of the integrator is compared to fault reference which is decided based on the maximum sustainable duration time for each distinct level under the no-fault condition. The main aim of this method is to detect a fault rather than to localize it and hence no-fault localization is provided.



In [40], authors have used the analysis of inverter pole voltage to detect OC switch faults. In this method, pole voltage is measured and then compared with the expected pole voltage. Under no-fault conditions, these two voltages match. In the case of an open switch fault, pole voltage error is generated because of the difference between expected and measured pole voltages. This voltage error is a function of faulty phase line current, present switching state, and position of open-circuited IGBT switch. For fault localization, three diagnostic variables are defined: (i) normalized line voltage error variable; (ii) error location variable; and (iii) current state variable. The faulty phase is identified from the phase common to two affected normalized line voltage error variables. The error location variable decides the range of normalized line voltage variables caused due to different fault locations with the help of predefined threshold values. The current state variable is responsible for identifying different conditions of line current. Based on the possible combinations of these three diagnostic variables, the exact location of the faulty switch is identified.



When an OC fault occurs, pole voltage gets distorted or disappears during fault duration which leads to a power unbalance across switches that are used for the detection of a fault in [41]. The fault detection circuit comprises the voltage sensor, absolute value circuit, voltage level detector, integrator, and comparator. For each phase, the magnitude of pole voltage and its duration in a specific switching state is considered the fault signature information for the presented fault detection method. Once fault is detected, a reconfiguration strategy is also advised. In this method, a fault localization scheme is not provided.



In [42], authors have investigated inverter output voltage for open switch fault detection of seven-level hybrid active NPC inverter. In this method, fault diagnosis is performed based on (i) the error in the inverter output voltage during pre-fault and post-fault conditions and (ii) the polarity of the inverter output voltage. Under no-fault conditions, the error voltage is almost equal to zero except for the open switch fault condition. Depending upon the location of the faulty switch, different voltage levels are realized. Based on a different combination of desired and measured output voltage along with current direction, 22 up-counters are defined. Each counter is responsible to count specific errors. A decision is taken regarding the triggering of particular counters using the knowledge of inverter output current, desired output voltage and measured output voltage. Triggering a particular combination of counters is responsible for determining the exact location of an open-circuited faulty switch.



In [43], authors have demonstrated an OC switch fault diagnostic method for a four-level nested NPC inverter, based on an analysis of capacitor voltage ripple and inverter output voltage. Based on the switching states, the expected value of the output voltages are determined. These expected voltages are then compared with the measured output voltage. When there is no open switch fault, the measured output voltage is found to be the same as the expected output voltage. Voltage mismatch between expected and measured output voltage of the inverter is considered an open switch fault indicator. The faulty switch is localized on the basis of consideration of the direction of output current and capacitor voltage. If the output current is positive, then OC fault is considered to happen in one of the upper switches otherwise the fault is considered to happen in one of the lower switches. Based on the value of the voltage ripple of two capacitors, the exact location of the faulty switch is determined.



Fault detection and post-fault operation of a three-level flying capacitor NPC inverter are introduced in [44]. When the fault occurs, the control signal delivered by the PWM module and resultant leg voltage will be different. This is used to identify the fault. Once the fault is detected, the converter is reconfigured such that it can still deliver the power to the load with the existing healthy switch. This will improve the reliability of the converter.



In [45], the authors used three current sensors and six Rogowski coils in series with each clamping diode to identify the faulty transistors of the NPC inverter. To detect the open-circuit fault of switches, the current through each clamping diode and phase currents are needed. The main disadvantage of this method is the requirement of additional hardware and the cost of implementation is high.



The OC switch fault diagnostic method for a three-phase four-level active NPC inverter based on the analysis of the inverter output terminal voltage error is presented in [46]. In this method, output terminal voltage and inter half-bridge voltage are considered fault indicators. Inverter output terminal voltage and inter half-bridge voltage in each leg are functions of valid switching states, and hence, these two voltages are affected due to an open switch fault which is caused due to the absence of certain switching states. Reference values of corresponding voltages are determined before the initiation of fault localization. Voltage errors are calculated considering actual and reference voltage values. Three threshold boundaries are defined based on the value of voltage errors for both fault indicators. Based on the combination of integer values of fault indicators (+1, 0, −1); a faulty IGBT switch is uniquely localized.




3.1.3. Combined Current and Voltage-Based Methods


In [47], the authors have presented an OC switch fault diagnostic method for active NPC inverters, which uses both voltage and current information. In this method, three-phase currents, along with inverter pole voltage levels and switching states, are collectively considered fault indicators. During an open switch fault condition, in any fundamental cycle, there is a notable decrement in voltage level which results in the dc offset in the corresponding phase current. These changes in pole voltage and phase current are used to detect an open switch fault condition. A three-dimensional look-up table having (i) phase current, (ii) pole voltage, and (iii) switching state, is developed based on the fault condition of different switches. In each phase using this three-parameter information, a faulty switch is uniquely localized. If the fault is located in a clamping switch, then the corresponding phase leg is run as a common NPC. A two-phase operation with decreased power output is activated if the fault is located in the main switch. This method can be applied for five levels or higher levels of active NPC inverters as well as rectifiers.



Electromagnetic signatures of the dc bus are analyzed to detect the OC switch fault only in clamping diodes of a three-phase three-level NPC inverter as presented in [48]. In this, two methods of fault detection are demonstrated. Method 1 uses conducted emissions of the dc bus to detect the open clamping diode fault. An EMI filter connected between the dc source and dc side terminals of the inverter is used to obtain the image of common mode emissions. In normal conditions, the maximum voltage across the EMI filter resistor is within one volt. However, whenever an OC fault occurs for the clamping diode, the maximum voltage increases abnormally. Thus, amplitude variations in conducted emissions are considered a fault indicator. Method 2 uses radiated, i.e., near field emissions of dc bus to detect open clamping diode fault. A magnetic antenna is used to collect these near-field emissions. A Fast Fourier Transform is applied for voltage samples of the clamping diode. In normal conditions, there is no drop-in frequency of induced voltage across the antenna. Whenever an OC fault develops across a clamping diode, the frequency of the induced voltage suddenly drops, and a new low frequency is developed. Thus, frequency variations in radiated emissions of a dc bus are considered a fault indicator. For fault localization purposes, a fundamental period is divided into six equal time intervals for six clamping diodes. Whenever an OC fault occurs for any particular clamping diode, the corresponding voltage amplitude variations lie between specific time duration in one fundamental period.





3.2. Model Based Fault Diagnostic Methods


In this approach, mathematical models of the converter system are used for fault detection and an observer or state estimator is used to estimate unavailable current states [19,51,52,53,54,55,56,57,58,59,60]. The reliability of this method depends on the accuracy of the model. Model-based methods can be further categorized as equivalent to circuit-based methods and switch function-based methods. The details of different techniques used in model based method is discussed in the following section and a comparison is given in Table 4.



3.2.1. Current-Based Methods


In [19], a model-based open-circuit fault diagnosis method for single-phase three-level NPC converters in electric railway applications is presented. The authors have used the mixed logical dynamic model to detect the OC switch fault of main IGBT switches as well as clamping diodes. A switching function and logical variable are defined for the connection of the pole to the inverter output voltage and current direction, respectively. For the mixed logical dynamic model in addition to control transitions, condition transitions are also considered, and based on this, a logical expression is formulated. OC fault conditions are analyzed using the residual approach. A residual is defined as the difference between actual grid current and estimated grid current. When the OC fault occurs, the rate of change of residual increases sharply and exceeds a threshold value. To avoid false fault detection, a counter is used which counts the duration for which the threshold is exceeded by the diagnostic variable. An OC switch fault is detected only if this duration is beyond the set control periods. Fault localization is performed using the knowledge of (i) the polarity of the diagnostic variable and (ii) additional applied switching states.



A sliding mode observer (SMO) based fault diagnostic method for a three-level three-phase NPC inverter is proposed in [51]. The output current signal of the inverter is used as the original data for fault diagnosis. In this paper, we first established the mixed logic dynamic model of the inverter by utilizing the current flow direction of the switch under normal and fault conditions and designed a new sliding mode observer to estimate the output current of the inverter under normal conditions. The difference between the actual current and estimated current is termed residual current and it is zero under a no-fault scenario. However, as and when an OC fault takes place, the estimated output inverter current deviates from the actual inverter output current and the residual current becomes nonzero. An OC fault is considered in the upper half leg for the positive residual current and in the lower half leg for the negative residual current. The exact location of the faulty switch is decided using residual current and threshold current. This method provides robustness to the modeling uncertainty and effect of unknown disturbances. In this method, fixing of the threshold is very crucial. The influence of error in parameter, sampling and unknown disturbances are considered to determine the threshold value.



In [52], a fault diagnostic method for detecting the open switch fault and current sensor fault using interval sliding mode observer [53] is proposed. In this method, a faulty phase detection variable and the adaptive threshold value are obtained from the current form factor of the estimated current and measured current using the Equations (1) and (2), respectively.


   D x  =  1 T   ∫  t − T  t     F ^  x  −  F x   d t  



(1)




where T is the period of the current,   F ^   and   F x   represent the estimated and measured current form factors. When the NPC inverter is operated under normal conditions, the variables   D x   and   K x   will be approximately equal to zero. When the fault occurs, this   D x   will be high which is used to detect the fault.


   K x  =  1 T   ∫  t − T  t   k x  d t  



(2)




where,


   k x  =     1 T   ∫  t − T  t     e x   2  d t   1 / 2     1 T   ∫  t − T  t    i x   d t +  1 T   ∫  t − T  t    e x   d t    



(3)







After the detection of a fault, the fault location in the sensor or switch is identified by comparing the sum of the measured current and estimated current. If the fault occurs in the current sensor, these values will be different, which can be used to detect the current sensor fault. Now using the derivative of the phase current and power switch identification variable   Q x   (defined in Equation (4)), a fault in the sensor can be detected. To detect the power switch fault, faulty bridge arm detection variables (  M x  ,   m x  ) (defined in Equations (5) and (6)), which is used to identify the faulty switch.


   Q x  =  lim  Δ t →  0 +       ∫ t  t + Δ t     i x   ( t )   d t    ∫ t  t + Δ t      i ^  x   ( t )   d t    



(4)






   M x  =    ∫  t − T  t   i x   ( t )  d t    ∫  t − T  t    i x   ( t )   d t    



(5)






   m x  =    ∫  t − T  t    i ^  x   ( t )  d t    ∫  t − T  t     i ^  x   ( t )   d t    



(6)




where i and   i ^   are measured current and estimated current, respectively.



The advantage of this method is that both the current sensor fault and switch fault can be detected and do not require additional hardware. However, the complexity of the method is medium and can detect a single switch fault only.



The current estimator technique to detect an OC switch fault of the main, as well as the clamping switches for NPC and active NPC inverters used in electric vehicular applications, is proposed in [54]. A current estimator is represented by a discrete first-order system. When a difference between the measured current and estimated current, also termed an error, surpasses a particular set of threshold values, a fault detection signal is initiated. To avoid misdiagnosis due to high current transients, a separate transient detection condition is also included. In this method, two fault localization approaches are presented: (i) fault localization using an injection of pulse patterns, which is used for standstill fault diagnosis; and (ii) fault localization using state vector modulation pattern, which is used for online fault diagnosis. This method takes a longer time to detect faulty half legs during low vehicle speeds.




3.2.2. Voltage-Based Methods


In [55], the authors have presented a voltage-based modeling method to detect open switch faults. In this, a voltage equation modeling approach is demonstrated which can be used to represent normal as well as faulty operation of the inverter. A switching state variable is defined which can take only binary values (0 for switch off and 1 for switch on) is used while formulating voltage equations. Presented voltage equations are investigated for specific fault conditions. The proposed voltage modeling is also applicable to higher-level inverters with minor modifications.



In [56], Ahmadi et al. have presented a logic-based failure mode analysis method to detect OC switch faults in main IGBT switches and clamping diodes for a single-phase five-level NPC inverter. In this, the magnitude of the terminal voltage error is considered a fault indicator. Using dc link voltage and switching pattern, the terminal voltage is estimated. The estimated terminal voltage is compared with the measured terminal voltage for OC fault detection. If the voltage error continues beyond the set time duration, it is considered an open switch fault case. A voltage quantifier and a counter are suggested to avoid false fault diagnosis. Using switching pattern modifications, the OC fault in external switches is identified whereas the OC fault in internal switches can be identified directly or based on switching pattern modification depending on the applied switching state. A faulty clamping diode is located by switching on either of the external switches depending on the current direction.



Model predictive control-based fault diagnostic method is used to detect OC switch fault in a single-phase five-level cascaded full bridge NPC inverter is proposed in [57]. In this, a change in capacitor voltages is considered fault signature information. In normal conditions, there is no change in the capacitor voltages of the inverter. However, in the case of open switch faults, the capacitor voltage gets changed. Capacitor voltages can be increasing or decreasing in nature. These abnormal changes in capacitor voltages are considered OC fault conditions. A count variable is assigned to every switch in a submodule of the cascaded inverter. First, switches are investigated for short circuit faults and are taken care of by gate drive circuits if required. In the case of no short circuit fault, only then switches are investigated for an OC fault. The fault is identified based on the direction of the inverter output current and capacitor voltage changes present. This method fails if a multiple switch fault happens and is under a light load.




3.2.3. Combined Current and Voltage-Based Methods


In [59], an open switch fault diagnostic method based on the concept of uniform modeling using the switching function approach is demonstrated. The developed model introduced by this method can represent the inverter in normal as well as OC faulty conditions. The uniform modeling method is developed with the help of the switching function approach. A switch function is defined as +1, 0, −1 representing three levels of voltage based on switching states. Thus, a three-level converter is simplified into a switch equivalent circuit. It is assumed that for every leg, there can be a maximum of two high command signals of IGBT switches simultaneously. Command signals for a leg of the converter are considered as 4-bit binary code representing the status of four switches in the leg. For example, 1100 represents that the upper two switches are on and the converter is in a +1 switching state. When only one bit of the command signal is high, it is considered a condition of the OC fault. A mathematical model for each component in the overall circuit is developed with the help of circuit topology and a uniform model of a leg of the converter. The mathematical models are solved using Euler’s method. Waveforms for different fault conditions are analyzed along with a brief explanation.



Switch faults in the NPC using line voltage deviation are presented in [61]. In this method, the line voltage is measured and compared with the estimated line current from the knowledge of switching states. Since there is no complex calculation or data processing involved this method is faster, but fault detection at the switch level is not discussed. By using the Baum–Welch algorithm for iterative training, and the Viterbi algorithm for fault identification, a hidden Markov model (HMM) is proposed in [62] for the fault identification of the NPC inverter. The authors compared the HMM with other pattern recognition methods such as support vector machines and back propagation neural networks. The number of iterations required and training time for the HMM is comparatively less and the accuracy of fault detection is higher. However, the calculation steps in this method are complex and accuracy depends on the model accuracy.





3.3. Data-Based Fault Diagnosis Methods


In this approach, fault indicator signals are pre-processed through neural network, support vector machines, and fuzzy algorithms to produce fault label [63,64,65,66,67,68,69,70,71,72,73,74,75,76,77,78,79,80,81,82,83,84,85,86,87]. Such methods can also diagnose multiple switch fault detection. Table 5 presents a comparative details of different techniques used in data based approach.



3.3.1. Current-Based Methods


Artificial Neural Network-based OC switch fault detection method for a three-level NPC inverter fed induction motor is presented in [63]. Such detection requires only the dc link current and motor currents to be measured for detecting and identifying a power switch in which a short circuit fault or OC fault has occurred. In this method, three-phase currents are transformed to the   α β   stationary reference frame to obtain the trajectory of the space vector. In normal conditions, the trajectory of the space vector is a circle of fixed radius. When an OC switch fault occurs, the space vector trajectory no longer remains circular in shape. It obtains an inclined direction based on the fault switch position. Transformed   α β   currents and the dc link current are treated as input to the Artificial Neural Network-based controller. Using this information, the controller outputs two signals, namely an open switch fault mode code and interlocked PWM signal. A fault mode is a single open switch fault condition. Based on the fault mode code, a faulty switch is uniquely localized. For this method, fault diagnostic ability varies with the variation of the modulation index.



In [64], the authors have used the self-recurrent wavelet neural network method to detect the OC switch fault for a five-phase three-level NPC inverter. Derivation of the Gaussian function is used to form the structure of the wavelet neural network. Next, the Gradient Descent method is used to determine the weighting vector. To train the weights of the wavelet neural network, adaptive learning rates are utilized. After that, the output phase currents of the inverter for all phases are estimated using a non-linear function. Estimated currents are compared with actual currents to determine residual functions for all phases, which are investigated at each time instant. If any of the residual functions surpasses a defined threshold, an open switch fault detection signal is issued. In this method, multiresolution wavelet analysis is used for fault signature extraction. The wavelet coefficients of the signal such as mean, standard deviation, kurtosis, energy, etc., are determined using wavelet analysis. An extracted fault signature vector, based on these coefficients, is used for constraint determination for a semi-supervised fuzzy clustering algorithm which is used to localize a faulty switch. KNN (k-Nearest Neighbors) is considered a simple supervised learning algorithm that is vastly used for classification purposes. It is based on the classification of data point neighbors where its basic concept is to select ‘k’ samples, selected randomly from the training data, maintaining the lowest space among closest neighbors of data under test. In [65], the authors used it to detect the open-circuit fault in the NPC inverter. The capacitor current and the switches current are used for extracting the fault feature which is processed using discrete wavelet transform. This method can detect the fault with higher accuracy compared to Artificial Neural Networks, Support Vector Machines and Decision Tree but the detection time is higher compared to other methods without using machine learning.



In [66], S-H Kim et al. have provided fault diagnostic methods for the main as well as clamping switches of hybrid active NPC inverters, based on the convolution neural network (CNN). In normal conditions, three-phase currents show a balanced waveform. Under an open switch fault condition, currents get distorted. The fault conditions for each open switch fault are analyzed and corresponding current data is collected for different current levels. Before feeding this data to CNN, two pre-processing tasks are performed: (i) current data is normalized to make the data samples independent of the current level, and (ii) current data samples having repetitive nature are grouped in one cycle for the learning purpose. These processed three-phase current data are treated as input to the CNN. There are 18 single switch fault modes (6 fault modes per phase) and one normal operation mode, which are set as class labels, and these 19 labels are treated as the output of CNN. The backpropagation method is used to train the neural network. CNN determines the probability for each fault mode label based on inputted current data and outputs the label which has the highest probability among other labels, and this output is the localization signal for the faulty switch.



A neural network-based fault classification of NPC inverter is discussed in [67]. A joint approximative diagonalization of eigenmatrix and independent component analysis algorithm is used for the fault classification which reduces the size of an input to the neural network and helps to reduce the training time of the neural network. There are fewer iterative steps required compared to wavelet analysis and FFT and accuracy are better [68]. In [69], a backpropagation neural network is used to identify the fault in the cascaded NPC inverter. The frequency spectrum of the DC side current is used for the extraction of fault features. Harmonics amplitude and phase of the current spectra are fed to the backpropagation neural network for fault classification. In this method, only one sensor is used which will improve the system reliability and reduce the cost.



In [70], a novel fault diagnosis approach based on knowledge-driven and data-driven data was presented for open-circuit faults in insulated-gate bipolar transistors of the NPC inverter. This proposed method can locate open-circuit faults of IGBTs in the NPC inverter under different loads. The intelligent algorithms are used to extract the fault features in the current signals which avoid the trouble of modeling. However, it requires a large number of fault samples for training. In addition, applying this method accurately and efficiently is an issue.



A Fast Fourier Transform-based fault diagnostic method for three-level NPC is proposed in [71]. Frequency spectra of the output line current waveform are obtained using Fast Fourier Transform. Faults in the switches produce significant changes in the line current which in turn produce additional frequency components in the spectrum, which is used as the feature for fault detection. Once the fault is detected the inverter is enabled to supply the power by operating as a two-level inverter which will improve the reliability of the system. There is no learning process involved in this method and the detection time is about 60 ms.



A novel 1-D convolution neural network (CNN) with stochastic gradient optimization method is proposed in [72]. When the fault occurs the output current gets distorted which is used as the parameter for the detection of fault. First, output current data is collected which is then segmented, grouped, and normalized. The dataset will be set as the input of the proposed CNN network shown in Figure 15. The network contains forward propagation (FP) and backward propagation (BP). Schematic of BP and FP is shown in the Figure 16 The convolution layer is described using the following Equation (7).


   Z   j −  c   ( l )   =  ∑  i ∈  M j c     x   i −  c   ( l − 1 )   ∗  k  i  j −  c   ( l )   +  b   j −  c   ( l )    



(7)




where   k  i  j −  c   ( l )    and   b   j −  c   ( l )    are the weight and bias,   x   i −  c   ( l − 1 )    is the input, and   Z   j −  c   ( l )    is the output of the   l  t h    layer. The result is the sum of j feature maps and c channels.


   Z   j −  c   ( l + 1 )   =  k   i −  c   ( l )   ·  1  ( m − n + 1 ) / a   ·  x c  ( l + 1 )   +  b   j −  c   ( l + 1 )    



(8)




where m, n, and a are the input size and the kernel size of corresponding layers.



Rectified linear unit (ReLU), is used as the activation function. After the activation layer, a pooling layer is used to improve the performance which is obtained using the relation Equation (8).



An improved Adamod Stochastic Gradient Optimization Method is used to update the weight of the neural network iteratively based on the training data. To improve the speed and efficiency of optimization, step size factors and limitation factors are introduced which will accelerate the convergence. These factors are chosen based on experience and improper selection will lead to oscillation and non-convergence.



An adaptive electrical period partition (AEPP) algorithm-based fault detection method is presented in [73]. The AEPP algorithm helps to precisely pick the electrical periods from the real-time current signals. The decomposition of the current signal is performed using maximal overlap DWT and the extracted low-frequency component is normalized using Park’s vector modulus (PVM) which is used as the input to the random forest (RF) model to detect the fault. The proposed RF technique yields the maximum fault diagnosis accuracy of 99.38%.




3.3.2. Voltage-Based Methods


In [74], the authors have demonstrated a fault diagnostic method-based neural network. This method focuses on atypical fault mode analysis. Atypical fault mode is a condition where an OC fault occurs in two switches on two cross bridge arms. Three-phase output voltages are considered to have fault signature information. These voltages are sampled and then transformed to the dq frame of reference to obtain dq voltages. A Fourier Transform is applied to the resultant dq voltage to obtain the amplitude and phase of available frequency components. The DC component, the aptitude of the fundamental, phase of the fundamental and second harmonic form the eight fault features of dq voltages. These act as inputs to the backpropagation NN (input layer of NN). All possible atypical fault modes are investigated, and 6-bit binary encoding is used to represent each unique fault mode. Six bits of binary code are obtained as the output of BPNN (output layer of NN). The momentum item algorithm and adaptive learning rate adjustment algorithm are used to train the NN. The hidden layer node number for NN is decided based on the expected training accuracy of NN. In this way, all possible fault modes are uniquely localized. In [75], open switch fault detection of NPC inverter based on multi-layer neural network is proposed. Bridge voltage is used for extracting the fault feature. In this method, principal component analysis was utilized to reduce the input size of the neural network. Classification performance and reliability of the method are good, but the accuracy depends on the amount of data available. For higher accuracy, a large amount of data is required.



In [76], Han et al. have presented a neural network-based algorithm for OC switch fault diagnosis for a single-phase three-level cascaded NPC inverter. Inverter pole voltage is considered to have fault signature information. In normal conditions, pole voltage has three voltage levels. The occurrence of an open switch fault leads to the unavailability of certain switching states which results in a change in voltage levels. To obtain fault signature information, Fast Fourier Transform (FFT) is used. Fault features obtained from the FFT of pole voltages are treated as the input layer of NN. A 9-bit binary vector is defined for each fault mode, in which the most significant bit stands for normal or faulty operation and the remaining 8-bits represent the on-off status of corresponding switches in that fault mode. This binary vector is treated as the output layer of NN. The gradient descent method is used to train the NN. Upon successful fault localization, a faulty module is bypassed using the presented reconfiguration strategy. In this method, double switch fault conditions are also included in fault modes. Backpropagation (BP) is widely used to train the neural network along with an optimization routine to improve accuracy. In [77], a backpropagation neural network with a genetic algorithm is used for fault detection. Bridge arm voltage is selected as the fault diagnosis signal. DC components with fundamentals and harmonics are fed as the input data for the BP neural network. Weights and thresholds of the BP neural network are optimized with the help of a genetic algorithm. This method is able to detect the individual switch fault effectively but the computational effort is high.



The sparse representation technique and support vector machine (SVM) method for OC switch fault diagnosis is proposed in [78]. Three phase voltage signals are sampled, and data points are collected. The fault signature is extracted by using the K-SVD algorithm. K-SVD is a mathematical algorithm used to generate a dictionary of sparse representation with the help of Singular Value Decomposition. Dictionary is a set of normalized vectors (also termed atoms) which are nothing but the sampled data points of the voltage signal. With the help of this algorithm, sparse representation coefficients of three-phase voltage signals and over complete dictionary are developed. Sparse representation coefficients are termed as the fault signature information of voltage signals. The OC fault is identified using a support vector machine. It is a statistics-based machine learning algorithm used to differentiate between two data samples. The output of the support vector machine is considered a fault type label and is used in fault localization. OC faults for a single switch as well as for two switches simultaneously are considered as different combinations of fault types. A label is assigned to each case of fault type. Sampled data points are categorized into testing and training samples. The support vector machine is edified with the help of training samples to generate a training model. Testing samples are used for vaticination. Vaticinated output and the actual output of the support vector machine are compared and analyzed to detect the fault type and hence the faulty switch is localized.



In [79], a method to detect the open-circuit fault of loads and semiconductors is discussed. The authors used discrete wavelet transform-based analysis for the classification of fault. The detection of fault is performed with the help of switching pulses and corresponding line voltages. When the fault occurs, the line voltage magnitude will be between the threshold voltage specified and can detect the fault. Once the fault is detected, fault classification algorithms will start working where multi-resolution analysis (MRA) of wavelet transform is used to extract the unique feature of each fault from the measured line voltage. Discrete wavelet packet transform-based fault feature extraction from the load voltage is presented in [80]. Load voltage is analyzed using discrete wavelet packet transform and the data obtained is artificial neural network for the classification and localization of the fault. The authors added a redundant leg to make the NPC inverter fault tolerant.



A stacked auto-encoder (SAE)-based fault detection method for NPC is proposed in [81]. SAE-based diagnosis method can extract more discriminative high-level features and has a better performance in fault diagnosis compared with the traditional machine learning methods [82]. Inverter bridge arm voltage is used for the fault feature extraction in this method. The amplitude spectrum of the bridge arm voltage is used as the input of the SAE network. For feature extraction and classification, a gravitational search algorithm is used. The accuracy of this method is better than the traditional BP neural network and support vector machine SVM diagnosis method and can detect multiple faults in the NPC inverter, but the computational complexity and data requirements are higher.



Wavelet analysis can be used to analyze the waveform and extract the feature that can be used for fault identification. Multi-resolution wavelet analysis and Bayesian classifier-based fault diagnosis methods are proposed in [83] to detect OC switch faults in main IGBT switches as well as clamping diodes of NPC inverter. Pole voltages are considered to have fault signature information. In the case of an open switch fault, the waveform of the three-level pole voltage gets changed. This leads to a change in energy in the various frequency components of pole voltage. The energy is determined using wavelet analysis in which pole voltages are sampled and then four orders Daubechies wavelet function is used to obtain wavelet coefficients and with the help of these, the energy of different frequency components is determined. The energy signature of a signal is used as an input vector for the Bayesian classifier. The Bayesian classifier is used to differentiate input sampled data into different classes of faulty switch conditions. The Bayesian classifier uses the probability density function along with prior probabilities to determine the posterior probability of different classes to identify the faulty switch. Noise levels in the signal can impact the fault localization accuracy of this method.




3.3.3. Combined Current and Voltage-Based Methods


In [84], Shen et al. have demonstrated a dual input convolution neural network (CNN)-based open switch fault diagnostic method. In this method, midpoint voltages, as well as three-phase currents of the NPC inverter, are considered signals for the extraction of fault information. Open switch fault is considered as a fault mode and all possible fault modes are encoded into a 12-bit Boolean vector representing the status of 12 switches in a three-phase three-level NPC inverter (0 for normal and 1 for OC). Such 12-bit codes are used as sample labels for CNN deep learning. The CNN diagnostic method is categorized into two parts, namely network training and network test. Using specific ratios, collected samples are divided into a training set and test set. Training set samples are provided to NN separately to achieve less error between the sample label and the corresponding sample label. Once the network is trained, testing set samples are also provided to NN separately to classify the output to the nearest sample label until the diagnosis ability is satisfied otherwise the process is repeated. Fault localization is performed using the dual input CNN model. Current information regarding the OC fault is extracted by the main CNN structure whereas the voltage information regarding the OC fault is extracted by the auxiliary CNN structure. Both these CNN structures are then combined using a fully connected network and fault mode mapping is performed which outputs the 12-bit fault mode Boolean code. Based on the status of bits and their position in code, open-circuited faulty switch or combination of switches are uniquely localized. Double switch fault conditions are also considered in this method.



Open-circuit fault detection with the help of combined model-based and data-processing based methods for single and multiple switches is proposed in [85]. A sliding mode PI observer is used to estimate the DC component of the fault profile and helps to detect the fault. Average line current data is used to extract the extra fault signature to localize the fault. In this method, both line current and grid voltages are used for fault identification. Even though this method is able to identify single and multiple faults, the computational complexity and fault detection time is higher. In [86], data-driven methods from machine learning are applied to select model-based residuals for increasing fault detection and isolation performance in the presence of uncertainties and disturbances in the residuals. Hybrid approaches merging model- and data-based methods have gained attention in recent years [87], to achieve better performance of fault detection and diagnosis systems.



The possibility of getting three or more switches under OC fault is very rare and thus not given much importance in the presented methods. Classifier-based methods are able to diagnose double switch OC faults. The majority of methods consider only single switch faults which is a normal fault scenario and use the current signal as fault signature information. This is because the majority of current-based fault detection methods offer ease of implementation and do not require additional hardware components, thus providing a cost-effective solution compared to other methods.






4. Conclusions


Neutral point clamped inverters have been proven as a preferred choice in the current renewable technology and existing electric drive industry, compared to two-level inverters, on the basis of improved power quality and numerous advantages. At the same time, these inverters have high failure chances owing to a higher number of switches, and thus, from the reliability point of view, proper fault diagnosis is of utmost importance. This paper presents a brief summary of available OC switch fault diagnostic methods used for neutral point clamped inverters. Table 3, Table 4 and Table 5 show the comparison of these diagnostic methods. The probability of getting three switches under OC fault is very rare and thus not given much importance in the presented methods. Classifier-based methods are able to diagnose double switch OC faults. The majority of methods consider only single switch faults which is a normal fault scenario and use the current signal as fault signature information. Neutral point clamped inverters have the potential to become a panacea to the majority of modern power system problems, provided that the reliability issue is properly addressed with appropriate fault diagnosis and monitoring methods.
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Figure 1. Single-phase neutral point clamped inverter. 
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Figure 2. A leg of the NPC inverter. 
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Figure 3. Switching state circuits based on current direction for pole A. (a) Switching states P, O, N for i > 0. (b) Switching states P, O, N for i < 0. 
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Figure 4. Circuit diagram for   S  A 1    open switch fault. 
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Figure 5. Circuit diagram for   S  A 2    open switch fault. 
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Figure 6. Circuit diagram for   S  A 3    open switch fault. 
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Figure 7. Circuit diagram for   S  A 4    open switch fault. 
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Figure 8.   C  A 1    OC switch fault. 
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Figure 9.   C  A 2    OC switch fault. 






Figure 9.   C  A 2    OC switch fault.



[image: Electronics 11 03169 g009]







[image: Electronics 11 03169 g010 550] 





Figure 10. General schematic of fault diagnostic method. 
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Figure 11. Classification of fault diagnostic methods. 
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Figure 12. Block diagram representation of signal processing-based fault diagnostic method. 
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Figure 13. Block diagram representation of model-based fault diagnosis method. 
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Figure 14. Block diagram representation of data-based fault diagnosis method. 
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Figure 15. Structure of 1-D CNN network. 
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Figure 16. Schematic of FP and BP processes. 
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Table 1. Switching states under normal operating conditions.






Table 1. Switching states under normal operating conditions.





	    S  A 1     
	    S  A 2     
	    S  A 3     
	    S  A 4     
	Pole Voltage,    V AO   
	Switching State





	1
	1
	0
	0
	   +  V  D C   / 2   
	P



	0
	1
	1
	0
	0
	O



	0
	0
	1
	1
	   −  V  D C   / 2   
	N
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Table 2. Pole voltage deviation under faulty condition.
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Current

	
Faulty Switch

	
Possible Switching State

	
Unavailable Switching State

	
Expected Pole Voltage

	
Real Pole Voltage






	


   i > 0   









	
   S  A 1    

	
N, O

	
P

	
   +  V  D C   / 2   

	
0




	
   S  A 2    

	
N

	
P

	
   +  V  D C   / 2   

	
   −  V  D C   / 2   




	
O

	
0

	
   −  V  D C   / 2   




	
   S  A 3    

	
P, O, N

	
NIL

	
NA

	
NA




	
   S  A 4    

	
P, O, N

	
NIL

	
NA

	
NA




	
   C  A 1    

	
P, N

	
O

	
0

	
   −  V  D C   / 2   




	
   C  A 2    

	
P, O, N

	
NIL

	
NA

	
NA




	


   i < 0   









	
   S  A 1    

	
P, O, N

	
NIL

	
NA

	
NA




	
   S  A 2    

	
P, O, N

	
NIL

	
NA

	
NA




	
   S  A 3    

	
P

	
O

	
0

	
   +  V  D C   / 2   




	
N

	
   −  V  D C   / 2   

	
   +  V  D C   / 2   




	
   S  A 4    

	
P, O

	
N

	
   −  V  D C   / 2   

	
0




	
   C  A 1    

	
P, O, N

	
NIL

	
NA

	
NA




	
   C  A 2    

	
P, N

	
O

	
0

	
   +  V  D C   / 2   
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Table 3. Signal processing based fault diagnostic Methods.
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	Ref.
	Basis of Fault Diagnostic Method
	Fault Indicator
	Fault Diagnostic Time
	Fault Localization Level
	Inverter Configuration
	Complexity





	 [18]
	Comparison of fault diagnostic variables with thresholds
	Inverter output current
	1 time period
	Faulty switch
	3P-3L-NPC
	Medium



	 [24]
	Change in output current and charge distortion
	Distortions in inverter output current
	N/A
	Faulty switch
	3P-3L-NPC
	Medium



	 [25]
	Statistical moments and cumulative sum of current
	Inverter output current
	N/A
	N/A
	3P-3L-NPC
	Medium



	 [26]
	Analysis of output current distortion
	Current distortions
	1 time period
	Faulty pair of switches
	3P-3L-NPC
	Medium



	 [28]
	Inverter current analysis
	Distorted phase current characteristics
	N/A
	Faulty switch
	3P-3L-NPC
	High



	 [29]
	Average current park’s vector approach
	Normalised average phase current error and park’s vector
	N/A
	Faulty pair of switches
	3P-3L-NPC
	High



	 [31]
	Current pattern analysis
	Three phase currents
	2 time periods
	Faulty switch
	3P-3L-Hybrid Active NPC
	Normal



	 [33]
	Current pattern analysis
	Change in shape of current pattern
	1 time period
	Faulty switch
	3P-3L-Hybrid Active NPC
	Normal



	 [37]
	Analysis of dc bus neutral point current, phase current and switching states
	Variations in dc bus neutral point current
	1 time period
	Faulty switch
	3P-3L-NPC
	Medium



	 [39]
	Continuous pulse width modulation characteristics
	Change in pole voltages
	2 sampling periods
	N/A
	3P-3L-NPC
	Medium



	 [40]
	Analysis of inverter pole voltage
	Pole voltage error
	2 sample periods
	Faulty Switch
	3P-3L-NPC
	Medium



	 [41]
	Comparison of measured pole voltage to fault reference voltage
	Change in inverter pole voltage
	2 sampling periods
	N/A
	3P-3L-NPC
	Medium



	 [42]
	Investigation of inverter output voltage
	Output voltage error
	1 fundamental period
	Faulty switch
	7L-Hybrid Active NPC
	High



	 [43]
	Analysis of capacitor voltage ripple and inverter output voltage
	Output voltage error
	1 fundamental period
	Faulty switch
	4L-NPC
	High



	 [46]
	Analysis of voltage error of fault indicators
	Inverter output terminal voltage error and inter half bridge voltage
	N/A
	Faulty switch
	3P-4L-Active NPC
	High



	 [47]
	Analysis of three phase currents, inverter pole voltages and switching states
	Phase currents and pole voltages
	1 time period
	Faulty switch
	3P-3L-Active NPC
	Medium



	 [48]
	Analysis of electromagnetic emissions of dc bus
	Amplitude and frequency variations
	  1 2   of time period
	Faulty switch
	3P-3L-NPC
	Medium



	 [49]
	Teager energy operator-based algorithm
	Change in the conducted emissions
	N/A
	Faulty switch
	3P-3L-NPC
	High
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Table 4. Model based fault diagnostic Methods.
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	Ref.
	Basis of Fault Diagnostic Method
	Fault Indicator
	Fault Diagnostic Time
	Fault Localization Level
	Inverter Configuration
	Complexity





	 [19]
	Mixed logical dynamic modelling
	Rate of change of residual current
	Several control periods
	Faulty switch
	1P-3L-NPC
	High



	 [51]
	Sliding mode observer
	Residual current
	  1 2   of time period
	Faulty switch
	3P-3L-NPC
	Medium



	 [54]
	Current estimator technique
	Current difference between measured and estimated values
	  1 3   of time period
	Faulty switch
	3P-3L-NPC, Acive NPC
	High



	 [55]
	Voltage equation modelling approach
	Line voltages
	N/A
	N/A
	3P-3L-NPC
	Medium



	 [56]
	Logic-based failure mode analysis
	Magnitude of the terminal voltage error
	N/A
	Faulty switch
	1P-5L-NPC
	Medium



	 [57]
	Model predictive control
	Change in capacitor voltages
	1 time period
	Faulty switch
	1P-5L-NPC
	High



	 [59]
	Uniform modelling using switching function approach
	Status of switch command signals
	N/A
	Faulty switch
	3P-3L-NPC
	Medium



	 [52]
	Sliding Mode Observer
	Current form factor of the estimated current and measured current
	<3 ms
	Faulty switch
	3P-3L-NPC
	Medium
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Table 5. Data based fault diagnostic methods.
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	Ref.
	Basis of Fault Diagnostic Method
	Fault Indicator
	Fault Diagnostic Time
	Fault Localization Level
	Inverter Configuration
	Complexity





	 [63]
	Artificial neural network based controller
	Dc link current and three phase output currents
	N/A
	Faulty switch
	3P-3L-NPC
	Medium



	 [64]
	Self-recurrent wavelet neural network
	Output phase current residuals of inverter
	500   μ s  
	Faulty switch
	5P-3L-NPC
	High



	 [66]
	Convolution neural network
	Distortions in the three-phase output current
	1 ms
	Faulty switch
	3P-3L-Hybrid Active NPC
	High



	 [74]
	Fourier Transform and Back-Propagation Neural Network algorithm
	Inverter output voltages
	N/A
	Faulty switch
	3P-3L-NPC
	Medium



	 [76]
	Fast Fourier transform and neural network algorithm
	Inverter pole voltage
	1 modulation period
	Faulty switch
	1P-3L-NPC
	Medium



	 [78]
	Sparse Representation and Support Vector Machine (SVM) method
	Three phase voltage signals
	N/A
	Faulty switch
	3P-3L-NPC
	Medium



	 [83]
	Multi Resolution Wavelet analysis and Bayesian classifier
	Bridge voltage
	N/A
	Faulty switch
	3P-3L-NPC
	Medium



	 [84]
	Dual Input Convolution Neural Network
	Change in three phase currents and midpoint voltages
	N/A
	Faulty switch
	3P-3L-NPC
	High



	 [71]
	Fast Fourier Transform
	output line current
	60 ms (3 cycle)
	Faulty switch
	3P-3L-NPC
	Normal



	 [79]
	Discrete Wavelet Transform
	Line Voltages
	< 20 ms
	Faulty switch
	3P-3L-NPC
	Medium



	 [72]
	Stochastic Gradient Optimization
	Inverter output current
	< 250   μ s  
	Faulty switch
	3P-3L-NPC
	Medium
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