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ABSTRACT:

Nowadays using DG (distributed generation) in vast variety of cases has been more considerable due to its
beneficial advantages, but interconnecting DG to radial distribution systems has some impact on the coordination of
protection devices. The main point in the protection scheme is the diagnosis of fault locations, so producing a new
method to identify fault location with high accuracy is necessary. This paper presents a novel approach to fault
location identification with DG in distributed systems by the means of neural networks. According to this method
using a distributed system as intentional islanding in necessary conditions is possible and reduces the ENS (Energy
Not Supplied) of the net. Using separate NNs (neural networks) for each island (zone) will increase the accuracy of
this method. Implementation results of this scheme on actual distributed systems has been simulated and reported.
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1. INTRODUCTION

Power distribution networks that include distributed
generation (DG) need new control strategies based on
distributed and hierarchical structures. DG connected to
distribution networks affects the currents or power
flows in the networks; thus, node voltages that are
strongly related to power flows also are changed [1].

Gas turbine, solar cell, combine motor and wind tu-
rbine are well-known DG productions. Traditional
electric distribution systems are radial in nature, and
supplied through a main source, therefore it is simple to
design a protection scheme for such networks.
Recently, more attention must be paid to applying DG
throughout electric distribution systems, for the presen-
ce of these generation units may result in not having a
radial distribution network, which consequently raises
some problems such as losing coordination of
protection devices [2-7].

In this way DG has affects on the protection of
distributed systems. Those effects will depend on the
size, type and placement of the DG [8-11].

The main goal in protection design in distribution
systems is detecting fault locations and further isolating
it from the rest of the system. Some methods have been
suggested for traditional distribution systems. In [2] a
method for identifying fault location and separate fault
zones has been suggested but this method's solution
algorithm.

A genetic algorithm based approach for the simulta-
neous power quality improvement and optimal placem-
ent and sizing of fixed capacitor banks and distributed
generation DGs in radial distribution networks in the
presence of voltage and current harmonics presented in
[12]. In [13] another method for solving this problem in
symmetrical point by omitting fault resistance has been
introduced but in this case the accuracy depends on the
number of DGs. Moreover, this method does not
include minor branches. In [14] the problem has been
optimized by considering secondary branches affected
and revenue operations in islanding state but this
method does not provide the essential accuracy needed
and only fault regions is diagnosed. In the recent years
neural networks usage for fault location identification
in power systems has been mentioned [15, 16].

In this paper by using generalizing power of Neural
Network (NN) and dividing distribution net and using
separate neural networks for each zone, the accuracy of
fault location diagnosis has been increased. In the next
stage the suggested method is introduced, then
simulated and tested in a real system.

2-THE SUGGESTED METHOD

Protection methods in distributed systems with DG
consider two objectives: identifying fault location and
also the possibility of optimizing the use of DG when
fault happens and ENS (Energy Not Supplied) of the
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network reduces. Therefore, in this paper, a novel
approach is suggested that faces two objectives: I-
identifies fault locations Il- identifies the possibility of
optimizing the use of DG. In this method, distributed
system zones are divided into two classes: regions with
a DG and regions without DGs. As Figure 1 shows
ANNZ1 has been programmed to have two outputs: zero
or one.
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Fig. 1.Suggested method algorithm

One indicates that faults have happened in the first
region and zero shows that faults have happened in the
second region. Then depending on the output of ANN1,
one of the trained NNs that are used for fault location
identification will be activated. Finally fault locations
will be defined with high accuracy. Neural networks
are trained with three-phase current vector of net and
DG and also a fault angle. With divided regions and
selected separate NNs for each zone, the accuracy of
diagnosis will increase. All minor branches have been
investigated for security of fault diagnosis. The other
advantage of this method is the possibility of using it in
the islanding mode when faults occur.

2-1- Net devising Process

For using net in the islanding mode and reducing the
ENS of net, processes are divided as bellow: From the
beginning of the feeder each DG on the region is
considered until that DG can provide region loads. This
means DG product and region loads must be the same.
If before the region is going to be ended, other DG
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connects to this region, this second DG must also be
considered in this zone. In this case the product of two
DGs and region loads must to be same, too. During the
region spreading before DG production and when the
region peak is going to be ended, if any other DG exists
then the 2nd DG is connected as a member of this
region.

2-2- Case Study

In Figure 2 the actual distributed network line in
Shiraz city, Iran is shown. This system has been chosen
as the test system. This feeder is 20kw.13000 meter
long and has 27 buses that feed by 63/20kw trans. Test
system data are available in the appendices. Two
distributed generations with YG configuration is
interconnected to the network. The best method to
obtain input data including training data for neural
networks and test vectors is data collection from real
networks. In this paper NEPLAN software is used for
the modeling of the system and MATLAB software for
evaluating the protection procedure and executing
neural networks based on the fault locator. The capabil-
ities of multi-layered feed forward neural network to
deal with nonlinearities and the nature of online fault
location leads to selecting the perception multilayered
neural network as a solution [17]. Back propagation
error is considered as a well-adapted training algorithm
for the network. This network with one input layer, one
output layer and maximum two hidden layers with
adequate neurons can extract every relation function
between the input and output layers [18].

The three layer feed forward has been selected in
our work. The number of neurons for hidden layers has
a liner relation with the system dimension and will be
identified with the trial error procedure. Two neurons
have been chosen for the output layer, one of them
shows the base bus to fault and the other one shows the
fault distance to this bus. In this case, the base buses for
the regions without DGs are 1, 10, and 15 and 1, 6 and
24 for the other regions.

Fig. 2. Single line diagram for the test system
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The sigmoid and purline function have been chosen
as the transfer functions of the hidden and the output
layer respectively, based on experimental. In the next
session, the simulation results for two important short
circuits: single phase short circuit and three phase short
circuit are presented. Figures [3-7] show the result of
the test input data, which has been chosen randomly
and differ from the training data input. Tables (1-5) are
used for determining the NN precision. In these tables
real fault locations (base buses and fault distance from
these buses) and error percentages are presented.
Equation (1) will be used to estimate the error of fault
locations

~ |Actual Dist — calculated Dist] .
B Total Line Lenght

£%

100 1)

3. Simulation Results
In this section the simulation results are provided and
discussed.

3-1-Single Phase Short Circuit

For simulating the network fault, level data of
points are used which are 10m far from one another.
Total input (1200) data of all parts are used to train the
ANNL1. Zero outputs indicate the regions without DG
(zone 1, 3) and the ones show the regions with DG
(zone 2, 4). 50 different locations with training steps
have been tested to detect the generalizing power of the
NNSs. The maximum distance with the normal output of
the ANN1 (zero and one) is 6.2x107in the training step
and 1.3x107 in the test step which shows the accuracy
of the neural networks. The current vector and the fault
angle are chosen randomly for the testing system.
Figure 3 shows the output data of ANNI in the test step.
420 data sets have been used for training the ANN2
(zone 2, 4). The average error is 9.6x107.

To define the accuracy of the ANN2, 30 points are
chosen randomly which are not used in the training
step. Figure 4 shows the result of the training and then
the test step. Table 1 shows the performance of the test
step for single phase short circuit.

920 data sets have been used for training the ANN3
regions without DG, zones (1, 3). The average error in
the training step is 0.057 and 30 points are chosen
randomly for the test system. Figure 5 and Table 2
show the results.

3-2-Three Phase Short Circuit:

All input data are used for training the ANN1 and
also for examining the accuracy of neural networks to
find the fault location. 30 points are chosen randomly
for the test NNs that differ from the training step. The
number of data for training NN in a single fault short
circuit and three phase short circuit are the same. The
maximum output error for the training step is 3.04x10°®
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and 1.3x107 in the test step. ANN2 has been used for
regions with DG (zone 2, 4) and also 30 data sets have
been chosen.

Figure 6 and Table 3 show the result of the
simulation. ANN3 has been used for training regions
without DG (zonel, 3). 35 data sets are chosen
randomly to test this NN and average error is 0.18 in
the test step. Figure 7 and Table 4 show the results.
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Fig. 3. Test result of ANNL1 for single short circuit
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Fig. 4. Test result of ANNZ2 for single short circuit fault
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Fig. 5. Test result of ANNS3 for single phase fault short
circuit

59



Majlesi Journal of Electrical Engineering

Error%

0.5

*

0.4r
0.3
0.2

0.1

-0.1r

-0.2

-0.31 +

0.4}

-0.5—+
0

5 10 15 20
number of education data

25

30

Fig. 6. Test results of ANN2 for three phase short

circuit

Error%

-0.15

0.3

*

Vol. 4, No. 2, June 2010

0.25¢

0.2¢

0.050 4 44 4%

-0.1¢

10 15 20
number of education data

30

Fig. 7. Test results of ANNS3 for three phase short

circuit

Table 1. Test result of ANN2 for single short circuit fault

D T D D
=885% 2% 5% =885 2% =5%
TEELE =32 TES FEeLe =32 TES
“3gzE 32 - “2g2E 38 -
= LL - LL
Bus 10 88 325 0.32 Bus 10 277 55 0.10
Bus 15 148 125 0.08 Bus 15 34 25 0.06
Bus 1 332 75 0.52 Bus 1 166 10 0.58
Bus 10 25 45 0.44 Bus 10 93 225 0.42
Bus 1 464 10 0.23 Bus 1 15 95 0.35
Table 2. Test result of ANN3 for single short circuit fault
=8%3% =38 =25% =8%355 =38 =5%
“Z2s32E % =8 %85 “ZgzE * =8 %85
Bus 1 869 3 0.06 Bus 1 1127 333 0.36
Bus 1 954 7 0.04 Bus 1 1222 235 0.02
Bus 6 56 265 0.28 Bus 6 87 25 0.32
Bus 24 145 95 0.02 Bus 24 237 215 0.02
Bus 1 85 85 0.17 Bus 1 166 185 0.12
Table 3. Test results of ANN2 for three short circuit fault
O T O T
=2%855 23  =5% -8%8sg 9% =5%
FTEeELE =2 FE8 FEeLe =P8 FES
“Z2s52& 3 LS5 “2532E 38 L35
= LL e LL
Bus 1 915 110 0.29 Bus 1 1127 333 0.36
Bus 1 877 120 0.5 Bus 1 1222 235 0.02
Bus 6 128 200 0.04 Bus 6 87 25 0.32
Bus 6 286 145 0.22 Bus 6 237 215 0.02
Bus 24 121 190 0.15 Bus 24 166 185 0.12
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Table 4. Test results of ANNS3 for three short circuit fault

8 2~ - 5 82~ — S
C O o [y —— c O o [T, —
S o ® 2e ® S o @ 29 © X
2 8 e S e B9 e S g S <
S ayz =9 =8 So =g ol
= = S o = = = S = =
gz &~ §° ggz & §°
Bus 1 73 115 0.07 Bus 1 335 15 0.08
Bus 10 41 15 0.05 Bus 10 186 35 0.091
Bus 15 354 0 0.13 Bus 15 265 165 0.036
Bus 10 18 240 0.44 Bus 10 112 345 0.42
Bus 1 775 10 0.21 Bus 1 593 15 0.126
Table 5. Generator data Analysis of AC Power Systems, Vol. I. New York:
S Wiley, p. 81, (1950)
GEN KV (MVA) PR Cos [5] Guerrero J.M., Blaabjerg F., Zhelev T., Hemmes K.,
Monmasson E., Jemei S., Comech M.P., Granadino R.,
GEN 1 20 0.625 0.5 0.8 Frau J.I.; “Distributed Generation: Toward a New
GEN 2 20 0.2 0.16 0.8 Energy Paradigm”, IEEE Indu. Elec. Mag., Vol. 4, No.
1, pp.52-64, (March 2010)
. [6] Xiao-bo T., Guo-ging T. “Power Flow for
Table 6. Transformer input data Distribution Network with Distributed Generation”,
PRIM Sec MVA T IEEE/APPEEC, pp.1-4, Chengdu, (March 2010)
(KV)  (KV) ype [7] Freitas W., Vieira J.C.M., Morelato A., Silva L.CP.,
T1 63 20 0.8 YG Costa V.F., Lemos F.A.B.; “Comparative Analysis

4. CONCLUSION

The DG systems are presented as a suitable form to
offer highly reliable electrical power supply. In this
paper a new method for evaluating location accuracy
and speed is presented. For increasing the accuracy of
fault location diagnosing, the distribution system is
divided into sub-systems by the proposed algorithm.
Then separate neural networks have been used for each
region. Simulation results indicate that this method has
high accuracy for determining fault location.
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