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Abstract — Recently, a number of distribution genera-
tors (DG) such as photovoltaic generation have been in-
stalled in distribution systems for solving the global
warming and the depletion of energy resources in the
world. It will not only make the power flows in distribu-
tion systems more complex, but also cause a big problem
in the restorative operation after load shedding due to the
fault in grid. More specifically, since DGs are also dis-
connected from distribution system after the fault occur-
rence, the magnitude of load to be restored is different
from that of net load which has been supplied from the
distribution substation before the fault occurrence.
Therefore, if system operators try to execute restorative
operation based on the pre-fault net load, it would cause
overloading and/or serious voltage drop. This paper pro-
poses a method for separating the pre-fault net load
measured into actual load and DG power output using
Independent Component Analysis (ICA). Also, its validity
and effectiveness of the proposed method are investigated
through some computational simulations using MATLAB.
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1 INTRODUCTION

Generally, distribution systems are mainly construct-
ed based on a radial configuration. Therefore, when a
fault occurs at a point on the distribution feeder, the
distribution systems downstream the fault point will
experience supply interruption. System operators are
required to detect the fault point quickly and restore the
interrupted loads by operating sectionalizing switches
appropriately. This problem is called the restorative
control problems in power systems, and methods for
determining the optimal configuration of the distribu-
tion systems so that voltage drops and/or distribution
losses can be minimized have been presented [1] [2].

In the restorative operation, the magnitude of load to
be restored has to be estimated in advance precisely to
avoid overloading and/or voltage violation in distribu-
tion system. Conventionally, power which was flowing
along the feeder before the fault occurrence has been
considered as the magnitude of the current load to be
restored. On the other hand, a large number of distribu-
tion generators (DGs) have been installed in distribu-
tion systems as a measure for solving the global warm-
ing and the depletion of energy resources. Especially,
photovoltaic generation (PV) systems are expected to be

installed more and more in the near future. The electric
energy produced by DGs is supplied partially to electric
consumers in distribution system. Therefore, electric
energy supplied from the distribution substation to
consumers would be reduced by installing DGs. On the
other hand, for the fault occurrence in the distribution
system, most of DGs are disconnected from distribution
system to avoid their islanding operation. More specifi-
cally, in the restorative operation after the supply inter-
ruption, more electric energy than the pre-fault state
has to be sent from the distribution substation to con-
sumers because DGs do not contribute to the restorative
operation. Figure 1 shows the state transition in distri-
bution systems caused by the fault occurrence. Figure
1(a) represents the pre-fault normal state. In this figure,
it is assumed that the magnitude of load in every sec-
tion is 200kW and every DG produces the electric pow-
er of 50kW. Then, the net load in every section is
150kW, which is supplied from distribution substation.
When the fault occurs, the distribution system down-
stream the fault point experiences supply interruption
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and DGs are also disconnected from the distribution
system as shown in Figure 1(b). Then, system operators
have to restore the interrupted section by opening sec-
tionalizing switch 1 (SW1) and closing SW3 as shown
in Figure 1(c). However, since the DGs have already
been disconnected, power of 200kW for the restorative
operation has to be sent from the distribution substation
to every section. In other words, if system operators try
to send power of 150kW in the same manner as the pre-
fault normal state for the restorative operation, it would
be lack of 50kW. Therefore, it may cause voltage viola-
tion due to the temporary overloading. The more DGs
are installed in distribution system in the future, the
more overloading in the restorative operation would
appear. Therefore, it may cause large voltage deviations
and also may give serious effects on the system stabil-
ity. More specifically, in the restorative operation, it is
very important for system operators to estimate the
actual load by separating PV power output from the net
load.

In [3], load and DG output are estimated with Hybrid
Particle Swarm Optimization. However, that is investi-
gated under the conditions that average power output of
DG, power factor and contracted kW power of every
load at each section are known in advance.

This paper presents a method for separating the net
load into the actual load and PV power output using
Independent Component Analysis (ICA). Since the
proposed method does not need the conditions men-
tioned before, any unknown time-series net load can be
separated into actual load and PV power output.

In the following, this paper describes the outlines of
the ICA in Section 2. In section 3, the details of the
proposed method are explained. Then, in Section 4 the
effectiveness of the proposed method is investigated
through some computational simulations using
MATLAB.

2 INDEPENDENT COMPONENT ANALYSIS

The ICA is a method to recognize unknown source
signals from observed mixture signals. This method has
been developed to resolve cocktail party problem [5]
which is to separate the acoustic signals from the rec-
orded signals, and it has been applied across the vari-
ous disciplines, for example, the analysis of Electroen-
cephalography [6] which expresses the recording of the
brain’s electrical activity. The ICA also has been ap-
plied to the estimation of load states in power systems
[7].

The basic algorithm of the ICA is summarized as
follows: Consider the relationship between the source

signals s(t) =[s,(t),s,(2),--+,s,(t)]" and the observed
signals  X(t) =[x (), %,(2),--+, X, ()]" can be expressed
by

X(t) = As(t) . (D

Where, A is the mxn mixing matrix and has full
rank. Equation (1) is called ICA model. The unknown
source signals s(t) and mixing matrix A can be estimat-
ed using the observed signals x(t) by ICA algorithm. In
the following, for simplicity, the mixing matrix A is
assumed to be a non-singular matrix.
Generally, the following three conditions have to be
satisfied to apply the ICA.
(1) Each source signal is statistically independent.
(i1) All the source signals are non-Gaussian distribu-
tion or only one of the source signals is Gaussian.
(iii) The number of available observations is greater
than or equal to the number of sources.
If the above conditions are satisfied, the distribution of
observed signal x;(f) (i € m) is closer to Gaussian than
one of any source signals s(¢) ( jen) by the Central

Limit Theorem. Hence, if the vector which let observed
signals x(¢#) be most non-Gaussian is found, one of the
independent components is estimated. Therefore, the
ICA is an optimization algorithm to estimate w which
is one of the rows of the inverse of A by the maximiza-
tion of non-Gaussianity of w'x(f). The flowchart of
fastICA [8], which is one of the most general and popu-
lar algorithms, is shown in Figure 2. “Centering”
means to transform the average of x to 0 and “Whiten-
ing” means to transform the variance of x to 1. These
operations let the calculation of the ICA be simply and
fast. The evaluation function employs the index to
measure non-Gaussianity, for example, negentropy.
Since the probability density function is needed to cal-
culate negentropy, as mentioned in [4], the following
approximation formula is employed.

IW'x) o [ E{G(W )}~ E{G(}] - )

Where, v is a Gaussian variable of zero mean and
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unit variance.

and G is non-quadric function, for example,
G(y) =logcosh(y). In addition, gand g' in Fig.2 are

the derivative of G and g respectively. After iterative
calculation, w is calculated and one of the independent
components is estimated. If all of w, that is, the inverse
matrix of A is estimated, the source signals are
achieved.

Since it is assumed that only the observed signals
x(f) are known in the ICA, there are two problems that
need to be solved. These problems are called permuta-
tion problem and scaling problem. In addition, if the
third condition to apply the ICA mentioned before is
not satisfied, some sort of devisal is needed. The meth-
ods to resolve these problems are mentioned in Sec-
tion.3.

E{} expresses an expectation value

3  PROPOSED METHOD

3.1 ICA model

Figure 3 shows a section in the distribution feeder.
In this figure, sectionalizing switches have sensors
which can measure the active and reactive power and
so on. The goal of this paper is to estimate the actual
power of load, P,,, and PV power output, Ppy from its
net load, P in section between two switches in Figure 3
using information obtained from their sensors. To apply
the ICA to this problem, the number of the observations
has to be greater than two because the number of source
signals to be estimated is two. Thus, this paper uses net
active and reactive powers in the section between sec-
tionalizing switches as the observed signals. The net
active and reactive powers (P, Q) can be calculated
using active and reactive power flows which are meas-
ured at two sectionalizing switches as follows:

{P =R -FR

Q = Q1 - Qz .
Where, P; and Q; are the active and reactive power
measured by SW1. Also, P, and Q, are the active and
reactive power measured by SW2. Neglecting the power

loss in the section, the observed P and Q are equal to
the net load in the section and expressed by

{P = Pload - PPV
Q = Qload - QPV
Where, P, and Qy,.4 are the active and reactive pow-
ers consumed by load. Also, Ppy and Qpy are the active

and reactive power outputs produced by PV.
If the power-factor angles of load and PV are 6,

3

“

oad

and 6, respectively, every reactive power can be ex-

pressed by
=P

{Qload load
Qpy =Py tan &y,
From eqgs.(4) and (5), the relationship between the

observed information [P, Q]" and the source signals
[Ploas Pry]" can be expressed by

tané

load

(6))
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Since the power-factor angle of load is generally differ-
ent from that of PV output, the coefficient matrix in the
eq.(6) has full rank. Therefore, the method proposed in
this paper has enough number of observations to esti-
mate actual load and PV power output. Additionally,
we can apply the ICA to eq.(6) because the relational
equation between the source signals and the observed
signals satisfies the ICA model (eq.(1)).

(6)

3.2 Statistical Independence

Generally, there is a possibility that actual load and
PV output have some correlation. In this case, the sta-
tistical independence between source signals is not
satisfied. Therefore, this paper applies the ICA to short
cycle components (SCC) because it is expected that
there is no correlation between actual load and PV
power output for SCC.

The source signals can be expressed by the sum of
SCC and long cycle component (LCC). Therefore,
eq.(1) can be rewritten by

Xshon (t) + Xlong (t) = A(Sshon (t) + SIong (t)) . (7)
Where, Xg0(f) and Xy,,,,(f) represent SCCs and LCCs of
the observed signals. Also, S,(f) and s,,.(f) represent
SCCs and LCCs of the source signals. Eq.(7) means
even if LCC is filtered out, the mixing matrix A is
invariant. Therefore, the mixing matrix A and its in-
verse matrix W can be estimated by means of applying
ICA for SCC of the observed signals. After that, multi-
plying the observed signals x(¢f) by W, the source sig-
nals s(f) can be estimated.

3.3 Permutation Problem

Permutation problem means that the order of the in-
dependent components estimated by the ICA cannot be
determined. More specifically, the estimated two com-
ponents represent the actual load and PV power output.
However, which is which cannot be discriminated. This
paper solves the permutation problem by considering
that PV power output in a section would have high
correlation with PV power outputs in the neighboring
section, although correlation between SCCs of the
neighboring actual loads would be lower. Therefore, by
investigating the correlation coefficient between com-
ponents estimated by the ICA in the multiple sections,
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the solutions which seem to express the PV power out-
put can be found.

3.4 Scaling Problem

Scaling problem means the variances of the inde-
pendent components which are estimated by the ICA
cannot be determined. As shown in eq.(8), even if the
estimated results are values multiplied the true source
signals by a constant number, the observed signals are
correct under the condition that the corresponding
value of the estimated mixing matrix is a value divided
the corresponding component of the true mixing matrix
A by the same number. Therefore, in the ICA, there is
possibility that the estimated solutions are the values
which are scalar multiplier in the true source signals s.

P _ % 1 - % 2 kl Pload
Q | tan Hload —tan 9,:\, kz va ‘
k1 kz

In other words, we have to determine these constant
numbers £ in eq.(8) in order to estimate actual load and
PV power output accurately. The proposed method uses
that first row’s terms of the coefficient matrix in eq.(6)
become a constant number respectively. More specifi-
cally, first row of the coefficient matrix in eq.(8) is
normalized so that it becomes identical with the first
row in eq.(6). Hence, since each source signal is also
multiplied by a constant term as shown in eq.(8), actual
load and PV power output can be estimated accurately.

The flowchart of the proposed method is summarized
as shown in Figure 4. In this paper, actual load and PV
power output are separated and estimated from the past
time-series data of P and Q obtained in offline. In addi-
tion, the observed signals x in Fig.4 mean [P, Q]"
which is left-hand side in eq.(6). Various algorithms to
solve the ICA have been developed [9] [10]. This paper
uses the fastiICA which has high reliability and is able
to solve ICA fast (see Section.2). After applying the
fastiCA, the permutation and scaling problems for the
solutions calculated by the ICA are solved by means of
applying the above methods.

®)

4 NUMERICAL ANALYSIS

4.1 Simulation Conditions

As mentioned previously, this paper separates into
PV power output and actual load from daily net load
data (P and Q) obtained in offline. Here, power factor
of actual load was set to be 90% and power factor of PV
output was set to be 100% considering that PV is con-
nected through inverter. Of course, these parameters
are given to obtain the observation data, and they are
unknown values when we estimate actual load and PV
power output using the ICA.

The time-series date of actual load was obtained by
assuming Japanese residential customers in every sea-
son [11]. The daily load patterns in every season are
shown in Figure 5. Since the load data in this figure

start
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Figure4: Flowchart of the proposed method.
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Figure5: Daily load pattern in each season.

was given with hourly resolution, to derive one minute
resolved load data random noise in the range of £10%
were added to the linear interpolated hourly mean load
data. In addition, data of PV power output was made up
using the dates in 2007 offered by Japan Meteorological
Business Support Center [12]. The data also was one
minute resolved data. The capacity of load and PV
generation installed in a section were given based on
data referred to Ota, Gunma, Japan [13]. The periodic
components shorter than 20 minutes were extracted
from original data to ensure the independence of source
signals.

4.2 Simulation Results

Simulation results for two representative days are
shown in Figs.6 and 7 respectively. Figures 6(a) and
7(a) show the actual PV power outputs for each day,
and Fig. 6(b) and 7(b) show actual loads and estimated
loads. Here, for simplicity, the permutation problem
was solved by investigating the correlation between
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Figure6: Example of a day estimated accurate.

actual PV power output and the results estimated by the
ICA. As seen from comparison between Fig.6 and
Fig.7, the accuracy of load estimation in Fig.6 is higher
than that in Fig.7. On the other hand, the fluctuation in
PV power output of Fig. 6(a) is larger than that of Fig.
7(a). In other words, there is a possibility that the accu-
racy of estimation depends on the magnitude of the
fluctuations. Thus, the authors investigated the accura-
cy of loads estimated for every load patterns in 2007
except December. The obtained results are shown in
Figure 8. The horizontal axis in this figure shows the
negentropy defined in Section 2, and it was calculated
from SCC of the actual PV power output assumed in
this simulation. This index means how close the statis-
tic characteristic of the stochastic variable is to Gaussi-
an distribution. More specifically, the wvalue of
negentropy is closer to 0, the statistic distribution is
closer to Gaussian distribution. Here, another approxi-
mation formula as the negentropy was used. As men-
tioned in [4], eq.(9) is essentially no different from
eq.(2) though a way for approximation is different.

3(y) =k, (E{y, exp(—y—zi)})z + kz(E{exp(—%i)}—%)z .(9)

Where, y=[yi, v2, **, yr] is the normalized SCC of
actual PV power output which means its average value
is 0 and variance value is 1. Also, E{s} expresses

expectation value and
K = 36 K = 24
8/3-9" * 16\3-27"
In addition, the vertical axis of Fig.8 expresses the
mean absolute error rate defined by

N T A . T
MAER = iz lz Strue (l, J) S-estl.mate (|1 J) xlOO] i
N j=l T ‘ Slrue (I’ J)

i=1

(10)
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Figure7: Example of a day estimated inaccurate.
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Where, N is the number of calculation and 7 is the
evaluation time. In this paper, N and T are set to be
10000 and 1440(24hours X 60minutes) respectively.
The variable, s(i, j) means a value of source signal in
#ith minute of #jth calculation. In addition, s,,,. and
Sestimaze €Xpress true value and estimated value respec-
tively. As shown in Figure 8, when the negentropy for
SCC of PV power output is larger, namely it is closer to
non-Gaussian distribution, the actual load can be esti-
mated accurately. This is because the condition for
applying the ICA is that every source signal has to be
non-Gaussian distribution as described in Section.2.
Therefore, when the value of negentropy is smaller, it is
considered that the accuracy in the estimated load be-
comes worse because the above condition is not satis-
fied.

However, as shown in Figure §, there are some days
with high accuracy of estimation even though the value
of negentropy is smaller. Therefore, the authors inves-
tigated the difference between days with high accuracy
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and days with low accuracy when the value of
negentropy is small. First, the authors calculated the
standard deviation (SD) of SCC in PV power outputs
for every day. The relation between the obtained SD
and negentropy are shown in Figure 9. As seen from
this figure, if PV power output does not have large
fluctuation, the negentropy is also small; therefore, it is
expected that the accuracy in the estimated load be-
comes worse. Secondly, the authors investigated the
relation between the accuracy in the estimated load and
the maximum value over daily PV power outputs. The
obtained relation is shown in Figure 10. Here, only
days with negentropy smaller than 0.5 are plotted in
this figure. This figure shows that the smaller maxi-
mum PV power output is, the smaller MAER for the
estimated load is. More specifically, even if the fluctua-
tion in the PV power output is small, MAER becomes
small when the maximum PV power output is small.
Furthermore, the actual PV power outputs for two days
(A and B) plotted on Figure 10 are shown in Figure 11.
One day (A) is a clear day; therefore, the maximum PV
power output is larger. In this case, the accuracy in the
estimated load is lower as expected before. The other is
a cloudy day; therefore, the maximum PV power output
is smaller. In this case, the accuracy in the estimated
load is higher. On a day that the maximum of PV pow-
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Figurel2: Image of a day with high accuracy though small
value of negentropy.

er output is small, SD of SCC becomes small logically.
As a result, it is expected that the estimation error of
PV power output does not have much influence on load
MAER as seen from Figure 12 because PV power out-
put is small. Therefore, it is seen that MAER for the
actual load becomes small in spite of the fact that the
value of negentropy is small.

5 CONCLUSION

This paper presented a new technique for separating
actual load and PV power output in order to avoid feed-
er overloading caused in restoration operations. The
proposed method was based on application of ICA and
ways for solving permutation and scaling problems
which were inherent question on the ICA were pro-
posed. As a consequence on numerical analysis, posi-
tive outcomes could be obtained through offline simula-
tion. On the other hand, there is still room for im-
provement in the case of small fluctuations of PV out-
put. For the future, when the load power factor is varia-
ble and the actual load is estimated online, we have to
try to check whether positive outcomes are derived as
well as offline estimation.
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