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Abstract: Because of the development of electric power indung
accurate analysis of incipient faults in generatordecomes very
important. This paper presents a method for simulang the
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faults, Artificial Neural networks. Expressions folg, Wq, ¥, are as follows
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The d-g model of synchronous generator should ssppeth ~ FOr rotor 3
stator and rotor equations in rotor coordinatégnat to rotor ¢l = (1t L i, Ir LT Afg. + Mo 1]
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voltages \, Vi, V., currents la, Ib, Ic and flux linkagek,, ) % o
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The magnetic field axes of the respective statordinigs are

fixed to the rotor d-q axes, but their conductore at
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standstill. The d-q model equations can be deridiedctly
through the equivalent orthogonal axis machine hesva in

fig.

o d¥y .
g +V; = ——— + w, ¥,
aE '
. a¥y .
IR+, = ———w%;
: : 2
The rotor equations are
- GI'I‘";
IRy =V = ——2
- d'¥s
lpip = ——;
ot dt
_ d¥,
i, =—

The zero component equation is
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The motion equations are as follows
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Machine Parameters
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2. FAULT DETECTION

The main objective of fault detection system isd&iermine
type of fault based on accessible data and knowlathgut the
behavior of the system using mathematical modelSNA
provides a flexible mechanism for learning and gedning

system faults because of its ability to learn aedegalize non
linear functional relationships between input andtpat

variables. ANNs are constructed with a certain nemof

single processing units which are called neuronsurbh

model is described by the equation

i |I
y=o| 214 +b|
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Where y denoted neuron inputs, b is the bias, denotes
weight coefficients is the non linear activation function.
The multi layer perceptron is a network in whiclke theurons
are grouped into layers. Such network has an itgydr, one
or more hidden layers and an output layer. Inpitsuake the
data process it and pass it onto the elementsdaofehi layer.
Data processing includes scaling, filtering or aign
normalization. The fundamental neural data proogsss
carried out in hidden and output layers. Neuronsukh be
designed such that each element of previous layenected
with each element of next layer. Suitable weighefficients
can be determined for these connections dependinigeotask
the network should solve. The training of neumaetwork
means the determination of these weight coeffisient

Input layer

Hidden layer Output layer

Out,

Out,

Out,,

3. Neural network

Fundamental training algorithm for feed forward tibayer
networks is the back propagation algorithm. Thgodthm is
of an iterative type and it is based on the mination of a
sum squared error utilizing the optimization gradidescent
method.

wik + 1) = wik) — gV]lwik))
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Where w(k) denotes the weight vector at the discret Quantities selected for forming the patterns dteréd using

time k,n is the learning rate

The Levenberg-Marquardt (LM) algorithm is another
nonlinear optimization algorithm based on the uksezond
order derivatives. The LM algorithm is a combinatiof the
features of gradient descent found in back propagaind the
Newton method. This algorithm assumes that theeayst
modeled is linear and the minimum error can be domnone
step. For this single step it calculates weighingea With this
new weight network can be tested whether erroovget or
not. If the error is decreased change weight iepted and the
linear assumption is reinforced by decreasing atrobn

ant initializing filters. These filters are secoodler low pass
Butterworth filters with the cut off frequency 1 KHThe
patterns are normalized by scaling their featuoekave zero
mean, and be in the range [-1,1]. Identical scatatipn is
used latter on for normalization of test pattefftse networks
are examined with the test data sets, when theopeap
networks have trained to the desired goal. Tegtisgnetwork
involves presenting the test set to the network @aidulating
the error. If the error goal is met, the trainisgomplete.

The Levnberg Marquadrt training is used to traie thata
because it is fast and it has inherent reguladnapiroperties.

parameteryu. If the error is increased, the weight is rejectedRegularization is a technique which adds conssasu that

and control parameter can be increased to emphthsidmear
assumption. The process is repeated until the etksirror or
maximum number of iterations is reached.

3. ANN FOR FAULT IDENTIFICATION

To design neural network for internal fault ideictifion of
synchronous generator several parametric studesaried
out on the system with different scenarios. In ¢hesme
measurement patterns are corresponding to nornebtpn,
some patterns are corresponding to faulty operstidrhe
parameters used as inputs for ANN are stator cyrveitage
and rotational speed as these are the main pananadtected
during faulty conditions. MATLAB/SIMULINK is usedor

the results are more consistent. The 5% misclaasifin and
5% input data error is chosen to calculate a sursqofare
error goal (SSE). The training process will be dived when
the SSE goal is met
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Where yf ------- output value of neural network
output of training data.

Number of training data
Number of units in the output layer

4. FAULT DETECTION RESULTS

detailed modeling of synchronous generator and powe

system. The system was simulated with each fauttoirmal
circumstances. Each fault is simulated with differéault
resistances. 104 patterns are collected for eacit. f&0
patterns are collected for normal condition witHfetient
loads. Total 8 faults are simulated which includesG, LLG

and LG. i.e. total 882 patterns of stator currembltage and
rotational

speed(882x7) are taken by simulating modeled symchus
generator and power system. As shown in table talde is
associated with each fault, during detection oftféhe output
of the network should be this associated valueefoh fault
condition. Hence these values of every faulty ctiodican be
taken as target data for network training.

Table 1.

S.No. fault Value
1 ABCG | 15

2 ABC 14

3 ABG 13

4 BCG 7

5 ACG 11

6 AG 9

7 BG 5

8 CG 3

Neural networks presented were designed in MATLAB
environmental using Neural Network Toolbox.
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The performance of the proposed network testedh@system
shown in fig 3.
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Fig 3. power system

Synchronous generator is modeling in MATLAB and
connected to an infinite bus system through the guow
transformer and transmission line. Different fawlte placed
in generator to collect the data patterns for trgjrthe neural
network. Total 882X7 patterns are collected forfedidnt
faults. Variation of system voltages and curreméssiown in
fig for different faults. Fault is occurred in tigenerator at 6
seconds. And fault resistance is 0.001 ohms. Fgyshowing
variation of different machine parameters for singhe to
ground fault. Fig 5 is showing for double line gndufault and
fig 6 is for triple line ground fault.
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Fig 4. Stator current, rotor speed, electromagretigue
and field current for single line to ground fault

Fig 5. Stator current, rotor speed, electromagnetiue
and field current for double line to ground fault
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Fig 6. Stator current, rotor speed, electromagnetigue and field current for
triple line to ground fault
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CONCLUSION

The proposed networks are tested on two categd¥fies.the
networks are tested with the test set at the sapseating
points that means with same fault resistances. fEséed
results are illustrated in table 1. Error betwesrtual and
target output data is less than SSE goal (0.06B&nce
proposed network is working satisfactorily for tdata.

In second category new testing data simulated ffferdnt
operating conditions that is change in fault resise and
change in load. These results are illustratedbitettl.

Table II.
S.No. | Fault Output Error
Type
1 ABCG 14.9568 | 0.0432
2 ABC 14.02253 0.02253
3 ABG 12.9614 | 0.0386
4 BCG 6.9857 0.0143
5 ACG 11.0365 | 0.0365
6 AG 8.9936 0.0064
7 BG 4.9465 0.0535
8 CG 2.9588 0.0412
Table III.
S.No. Fault Output Error
Type

1 ABCG 14.2369| 0.7631

2 ABC 13.58 0.42

3 ABG 12.6895 | 0.3105

4 BCG 6.51 0.49

5 ACG 10.896 0.104

6 AG 8.54 0.46

7 BG 4.26982| 0.7302

8 CG 2.3569 0.6431
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