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Abstract: Growing industrial need makes the choice of fast response, accurate and efficient systems. The
Multilevel inverter based Induction Drives (MLID) are the best solution for the industrial drive needs which
reduces the harmonics and increases the efficiency of the system. And also the need for hybrid electric vehicles
increases the need of an efficient traction system with the use of multilevel inverters. As multilevel inverter has
many semi-conductor switches, it is difficult to identify the fault in it. Tn this study, a new fault diagnosis
method by using the Total Harmonic Distortion (THD) of the voltage waveform and to classify the fault, Neural
Networl (NN) trained with back propagation, Genetic Algorithm (GA) and also with Particle Swarm Optimization
(PSO) 1s applied and the results are compared. Results shows that NN trained with PSO gives fast response in
training algorithm when compared to BP and GA. Here, a cascaded multi-level inverter based three-phase
mduction motor drive 1s taken as the test system. MATLAB Software 1s used to analyse the effectiveness of
the test system and results are tabulated.
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INTRODUCTION

The Multi-Level Inverters (MLI) are essential in the
efficient operation of the hybrid electric vehicles, Flexible
AC Transmission System (FACTS), Motor Drives, etc.
The problem with the MLI is the number of switches
present 1in it. Increase in number of level increases the
mumber of switching devices. And for three-phase
multilevel inverter still has more switches and if in any
switch fault happens that stops the entire process and
also makes the change i the output voltage wave shape.
Use of more number of power semiconductors are the
main drawback of MLI’s and due to this reason MLI may
be considered as reliable. But as MLI are used in high
power applications, the reliability of the power electromics
equipment is more significant.

The conventional protection systems used in drives
are passive devices such as fuses, overload relays and
circuit breakers to protect the inverter systems and the
mnduction motors. These conventional protection devices
will detach the power sources from the multilevel inverter
system each time a fault occurs, stopping the operated
process and stopping the entire process will affect the
economic growth of the industry. Therefore, the fault
detection and diagnosis is very important to a company’s
bottom line. Multilevel inverters provide more potential in
the power circuit to operate under faulty conditions yet,

faults should be detected as soon as possible after they
ocecur because if a motor drive runs continuously under
abnormal conditions, the drive or motor may quickly fail.
Thus, knowledge of fault behaviors, fault prediction and
fault diagnosis are necessary. So, the neural networlk is
used for classifying the fault (Khomfoi and Tolbert,
2007a).

There are a number of intelligent systems approaches
which have been investigated m signal fault diagnosis.
Rule-based expert systems and decision trees are two
traditional diagnostic techniques but they have serious
limitations. A rule-based system often has difficulties in
dealmg with novel faults and acquiring complete
knowledge to build a reliable rule-base. A decision tree
can be very large for a complex system and it 13 also
system dependent such that even small engineering
changes can mean significant updates (Fenton ez al.,
2001).

More recently model based approaches, Fuzzy Logic,
Artificial Neural Networks (ANN), Case Based Reasoning
(CBR) are popular techniques used in various fault
diagnostics  problems in electrical systems. In
particular ANN"s has been shown to be effective in many
automotive fault diagnostic applications (Feldkamp and
Puskorius, 1998; Guo ef af., 2000, Crossman et al., 2003,
Murphey ef al., 2003). The feature extraction using neural
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network takes more number of neurons. This makes the
classification time consuming and increase in utilized
memory. The principal compenent analysis 1s utilized in
the feature extraction process to reduce the NN mput size.
A lower dimensional input space will also usually reduce
the time necessary to train an NN and the reduced noise
can mmprove the mapping performance. The Genetic
algorithm 1s applied to select the valuable principal
component (Khomfoi and Tolbert, 2007b). Quick
identification of fault conditions and a modulation pattern
15 generated according to the each single fault and it 1s
classified without any extra sensors (Brando ef af., 2007).
Classification of the fault for each MLI topology and the
remedial action are described (Lezana et al., 2010). MLI
can operate m faulty conditions (Lezana et al, 2010).
Neutral pomt coupling mverter plays main role
industrial drives so the fault tolerant operation of this
inverter is also mandatory.

ANPC mverter 1s introduced which operates in faulty
conditions (L1 et al., 2012). Even though lot of literatures
gives the remedial action and different fault classification
methods it is important to classify the fault accurate and
fast to trigger the remedial action Intelligent systems
mcorporated with Meta-Heuristic algorithm are highly
applicable in electrical control system as it deserves it.
Application from Genetic algorithm to neural networlk
training has many advantages like fast operation of
neural network and provides accurate results. But in this
approach Direction of Arrival (DOA) is the problem which
can be solved by Multi-Layer Perception Neural Network
(MLP-NN). The layer size can be reduced by using GA
(Pour et al., 2006). NN trained GA 1s also used for weather
forecasting but it is not easy to predict (Gill et al., 2010).
Particle Swanm Optimization (PSO) which 1s built by swarm
intelligent has also used for training the neural network.
The short term-load forecasting 1s done using the NN
trained PSO. The potential solutions flow through the
problem hyperspace with accelerated movement towards
the best solutions and it makes the forecasting high
precision (Bashir and El-Hawary, 2009).

MATERIALS AND METHODS

Cascaded multi-level inverter drive: For testing purposes,
a seven-level cascaded multi-level inverter driving
induction motor shown in Fig. 1 is used. The closed
switch faults and open switch faults are applied to the
single phase of the three-phase mverter for simplicity. The
fault occurs in the MLID affects the voltage level and the
shape of the output voltage wave form. This waveform
analysed with Total Harmonic Distortion (THD). Each
switch fault creates different wave forms due to the
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Fig. 2: Fault Diagnosis System

different levels. Each faults has different THD values. The
study shows the wave forms due to the fault in each
switch of a single cell and its THD values. Using the THD
data, identification of switch fault can be done by training
the NN.

Fault Diagnosis System: The Fault Diagnosis System is
used to diagnose the fault location and type of the fault
using the THD value. Figure 2 shows the block diagram of
the proposed Fault Diagnosis System. During the
operation of MLID the FFT is applied to the line voltage
of the motor terminals and also THD value voltage is
momnitored. If the THD value is within the limit (1.e., no
fault condition) then the neural network output ensures
the normal operation of the system. When there is a fault
THD changes, according to that the output of the NN
changes which classifies the fault and TRIAC is turned on
accordingly.
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Fig. 3: Adding a redundant leg

The values, if it is in limit (i.e., no fault occurrence)
then the neural network gives the output as normal
condition, when the output of the THD changes,
according to that neural network which is trained
according to that classifies the fault and the TRAIC 1s
turned on according to that fault. Here, neural network is
trained with different Meta-Heuristic algorithms. GA and
PSO are used to select the optimal weight values. So,
the accurate and faster classification is achieved. A
Redundant Leg Method is proposed which compensates
the fault voltage faster for PMSM (Errabelli and
Mutschler, 2012). That circuit is remodelled for cascaded
MLI as shown in the Fig. 3. This performs better in motor
controlling operation. Here, different Meta-Heuristic
algorithms like GA and PSO are used to train the NN to
select the optimal weight values which gives the accurate
and faster classification of faults.

Neural network trained using Meta-Heuristic Search
algorithms: Generally neural network is tramed by Back
Propagation algorithm (Khomfoi and Tolbert, 2007a, b).
Here, the PSO algorithm and GA is applied for
traiming the newral network (Bashir and El-Hawary,
2009; Gill et al., 2010). The procedure is for BP, GA and
PSO algorithms for selecting the weights which used in
the traiming of neural network. The objective function for
GA and PSO is to minimize the mean square error.

NN trained BP

Pseudo code:

Generate a feed forward neural network with a given
No. of layers, No. of neurons m hidden layers,
transfer functions
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Tnitialize weights with small, random values

While stopping condition 1s not true for each traimng
pair (input/output):

+ Each input unit broadcasts its value to all hidden
units

Each hidden unit sums its input signals and
applies activation function to compute its output
signal

Each hidden unit sends its signal to the output
units

Each output unit sums its input signals and
applies its activation function to compute its
output signal

Back propagation stage:

Each output computes its error term, its own weight

correction term and its bias (threshold) correction

term and sends it to layer below

Each hidden unit sums its delta inputs from above

and multiplies by the derivative of its activation

function; it also computes its own weight correction

term and its bias correction term

Each output unit updates its weights and bias

Each hidden unit updates its weights and bias:

¢ Each training cycle is called an epoch. The
welghts are updated in each cycle

¢ Tt is not analytically possible to determine where
the global minimum is

Eventually the algorithm stops in a low pomt which

may just be a local minimum

The final updated weights and biases are assigned to

the neural network with which network gives

minimum error

Simulate the neural network with a test input pattern

to check the networl’s performance

NN trained GA

Pseudo code:

With a given number of layers (2), given No. of
neurons and transfer functions (tansig, purelin)

imtialize the neural network to obtain mitial weight

matrices

Unwrap the weight and bias matrices in a single row

vector to form first chromosome

Randomly generate the rest of the chromosomes

(i.e., population size-1)

For every chromosome: reform into its original weight

and bias matrices and simulate the neural network

and obtain the mean squared error

Save mimmum MSE for every generation in a variable

Generate new population using following steps:

s Selection: select two parent chromosomes from a
population according to their fitness (the better
fitness, the bigger chance to be selected)
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+ Crossover: with a crossover probability cross over
the parents to form a new offspring (children)

+ Mutation: with a mutation probability mutate new
offspring at each locus (position n chromosome)

Replace: use new generated population for a further

run of algorithm

Test: 1f the mmimum MSE threshold 1s reached, stop,

and return the best solution to the main program

Form the weight and bias matrices with the obtained

best solution and row, column indices

Assign the obtamed weight and bias matrices to the

neural network

Simulate the neural network with a test mput pattern

to check the network’s performance

Selection (Roulette wheel selection): The Roulette Wheel
Selection Method is used to select the two parents.
Roulette wheel selection mechamsm 1s explained as
following:

S =Y/Sum(Y) Y is fitness of each chromosome.

$1=Rand ()
82=0
I=1
While $2>51
§2=82+8 (D)
J++
End

Parent = Population (J, 1)
Cross over (Arithmetic cross over): Arithmetic cross
over 18 used to generate a new offspring from two
selected parents. Two offspring are generated using the

following equation:

Offspring1 = axparent1+({1-a)=parentZ;
Offspring2 = (1-a)<parent]+axparent2

where, “a’ is random weighting factor.
Mutation: Mutation operator is defined as following:
@ =1-2x Rand ()
7 = Inverse error function (P)x2"°

Offspring = z<o{)+Parent

o Max. weight-Min. weight
10

where, 0 is reduced in each iteration, o = 0/1.05.
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NN trained PSO

Pseudo code:

With a given number of layers (2), given No. of
neurons and transfer functions (tansig, purelin)
initialize the neural networlk to obtain initial weight
and bias matrices

Unwrap the weight and bias matrices in a single row
vector to form first particle

Randomly generate the rest of the particles (1e.,
population size-1)

» For every particle: reform into its original weight
and bias matrices and simulate the neural network
and obtam the mean squared error

Save minimum MS for every generation in a
variable

If the mean squared error for every particle is less
than that in the previous iteration then mark its
position as the personal best position

Mark the particle as global best particle if it has
mimmum MSE than the rest of the particles

Test: if the mimimum MSE threshold is reached, stop
and return the best solution to the main program
Form the weight and bias matrices with the obtained
best solution and row, column mdices

Assign the obtained weight and bias matrices to the
neural network

Simulate the neural networl with a test input pattern
to check the networl’s performance

RESULTS AND DISCUSSION

The test setup 18 shown m Fig. 2. The MLID 1s
operated for 1 sec. within that 0.01, 0.25, 0.50 and 0.75 sec
are induced with a switch fault Q1, Q2, Q3 and Q4
{open or closed switch), respectively (Fig. 4-6).

In Fig. 5 due to fault m switches change n THD
values are shown. These values are given as the input to
the neural network and output is taken as 0 and 1 as
binaries.

Figure 7 shows the pattern of the THD for the fault
applied in cell Al for the simplicity. Due to the
periodically applied fault change in waveform of voltage
make the pattern in THD calculation. This pattern 1s feed
to the neural network to tramn. If any of this fault occurs 1t
can easily classify the fault phase and cell and also 1t can
perform the remedial action.

Parameters used for NN trained BP:

No. of layers = 2

No. of newrons m input layer = 3

Mean Squared Error (MSE) = 1.3304¢-008
Number of epochs trained = 1000



Res. J. Applied Sci., 9 (6): 369-375, 2014

Phase A voltage
T

100 ! ! ) )

Values
5 B

| | | I I
0 0.1 0.2 0.3 04 05 0.6 0.7 0.8 0.9 10

Time offset: 0

Fig. 4: Phase A voltage waveform on the fault occurrence at 0.01, 0.25, 0.50 and 0.75 sec on Q1, Q2, Q3 and Q4
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Fig. 6: Fault at the phase A at cell Al; Q1, Q2, Q3 and Q4 fault as in the figure

1.4 4 Table 1: Comparison of BP, GA and PSO on NN training
— Phase A voltage Particle swarm Genetic Back propagation
1.24 optimization algorithm algorithm
10 4.9027e-009 0.0087448182564 1.2378e-008
] 4.9415e-010 0.0165697985658 1.6401e-007
v 0.84 5.5445e-008 0.0368489221244 1.1747e-010
g 1.6020e-004 0.0390068335789 8.8295e-008
§ 0.64 1.1573e-008 0.0282142339936 1.3922e-009
: 9.9806e-010 0.0259549756555 2.6955e-010
0.4 3.8898e-012 0.0246634677939 6.7710e-010
’ 5.6541e-011 0.0347203737257 2.1662e-009
0.2 1.0897e-011 0.0235868051972 3.4198e-008
- 6.3799e-005 0.0326681876085 6.7636e-010
0 , i . | ; . | . i . 2.5530e-014 0.0390772330984 6.9386e-013
0 0l 02 03 04 05 06 07 08 09 10 2.9366€-012 0.0169230616242 5.9816e-008
Ti ffset: 0 0.3053 0.0387617280492 3.8834e-010
fme offset: 0.0391 0.038403 1664744 3.4912¢-010
. . 4.2940e-013 0.0351712953191 9.5231e-009
Iig. 7: THD values for the switch fault Q1, Q2, Q3 and Q4 7 47550012 0.0397876771660 1.9748e-009
0.0275 0.0358017752551 4.3747e-010
Parameters used for NN trained GA: 1.9065e-012 0.0382495689119 4.9736e-012
.. _ 2.2487e-008 0.0347586177235 1.3351e-009
*  Minimum error thresheld = 0.04 1.4986e-012 0.0305141833975 3.2446e-014
*  Population size = 100
¢«  Maximum No. of epochs = 1700 »  Maximum no. of epochs = 1700
*  Fitness function = Mean squared error »  Fitness function = Mean squared error
+ No. of layers =2 s No. of layers = 2
*  Ne. of neurons m nput layer = 4 +  No. of neurons in input layer = 2
¢+ Number of epochs trained = 78 s No. of epochs trained = 1631
*  Mean Squared Error (MSE) = 0.008744818256473 o Mean Squared Error (MSE) = 1.4059¢-009
Parameters used for NN trained PSO: From Table 1, it can be seen that PSO algorithm gives
¢ Minimum error threshold = 0.000005 lesser value of mean square error and it converges faster
»  Population size = 25 due to its large search space. Velocity calculation makes
¢+ Maximum velocity = 1.4 the search accelerated.
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Graph of MSE vs. No. of iterations, in training
the NN with different algorithms

—GA
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— PSO
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Fig. 8: Iteration number vs. Mean Square Error (MSE) for
BP, GA and PSO algorithms

Figure 8 shows the graph of convergence for the BP,
GA and PSO. From the graph shown in Fig. &, it 1is
observed that PSO gives accurate solution, compared to

all the other methods.
CONCLUSION

The neural network trained by Meta-Heuristic
algorithms is used to get optimal solutions which makes
the diagnosis system to identify the fault faster and give
the control signal. The BP training is compared with GA
and PSO to produce optimal solution under fault
condition. The test system is tested with the MATLAB
Software with coding. The objective function used for this
test system is the Mean Square Error (MSE) on
classification of fault and the results shows that the PSO
algorithm gives fast and accurate results compared to the

other methods.
REFERENCES

Bashir, Z.A. and ME. El-Hawary, 2009. Applying
wavelets to short-term load forecasting using
PSO-based neural networks. IEEE Trans. Power Syst.,
24: 20-27.

Brando, G., A. Danmnier, A. del Pizzo and R. Rizzo, 2007.
Quick identification technique of fault conditions
in  cascaded H-Bridge multilevel converters.
Proceedings of the International Aegean Conference
on Electrical Machmes and Power Electromoes,
September 10-12, 2007, Bodrum, pp: 491-497.

Crossman, J.A., H Guo, Y.L. Murphey and J. Cardillo,
2003. Automotive signal fault diagnostics-part i
Signal fault analysis, signal segmentation, feature
extraction and quasi-optimal feature selection. TEEE
Trans. Vehicular Technol., 52: 1063-1075.

375

Errabelli, R.R. and P. Mutschler, 2012. Fault-tolerant
voltage source inverter for permanent magnet drives.
IEEE Trans. Power Electronics, 27: 500-508.

Feldkamp, L.A. and G.V. Puskorius, 1998. A signal
processing framework based on dynamic neural
networks with application to problems in adaptation,
filtering and classification. Proc. IEEE, 86: 2259-2277.

Fenton, W.G., T.M. McGinmity and L.P. Maguire, 2001.
Fault
mtelligent techniques: A review. IEEE Trans. Syst.
Man Cybernetics Part C: Appl. Rev., 31: 269-281.

Gill, 7., B. Singh and 3. Singh, 2010. Training back
propagation neural networks with genetic algorithm

diagnosis of electronic systems using

for weather forecasting. Proceedings of the 8&th
International Symposium on Intelligent Systems and
Informatics, Sept. 10-11, Subotica, pp: 465-469.

Guo, H., I.A. Crossman, Y.L. Murphey and M. Coleman,
2000. Automotive signal diagnostics using wavelets
and machine learming. IEEE Trans. Vehicular
Teclnol., 49: 1650-1662.

Junyou, B., 2009. Stock price forecasting using
PSO-trained neural networks. Proceedings of the
TEEE Congress on Evolutionary Computation,
September 25-28, 2009, Singapore, pp: 2879-2885.

Khomfoi, S. and L.M. Tolbert, 2007a. Fault diagnostic
system for a multilevel inverter using a neural
network. IEEE Trans. Power Elect., 22: 1062-1069.

Khomfoi, S. and .M. Tolbert, 2007b. Fault diagnosis and
reconfiguration for multilevel inverter drive using
Al-based techniques. IEEE Trans. Ind. Electron,
54: 2954-2968.

Lezana, P., T. Pou, T.A. Meynard, J. Rodriguez, S. Ceballos
and F. Richardeau, 2010. Survey on fault operation on
multilevel inverters. IEEE Trans. Ind. Electronics,
57: 2207-2218.

Li, I, A.Q. Huang, 7. Liang and S. Bhattacharya, 2012.
Analysis and design of active NPC (ANPC) inverters
for fault-tolerant operation of high-power electrical
drives. IEEE Trans. Power Electron., 27: 519-533.

Murphey, Y.I., I.A. Crossman, 7. Chen and I. Cardillo,
2003, A
distributed agent diagnostic system. TEEE Trans.
Vehicular Technol., 52: 1076-1098.

Pour, HM., 7. Atlasbaf and M. Hakkalk, 2006. Performance
of neural network trained with genetic algorithm for

Automotive fault diagnosis-part 1T:

direction of arrival estimation. Proceedings of the 1st
Mobile Computing and Wireless Communication
International Conference, September 17-20, 2006,
Amman, pp: 197-202.



	369-375_Page_1
	369-375_Page_2
	369-375_Page_3
	369-375_Page_4
	369-375_Page_5
	369-375_Page_6
	369-375_Page_7

