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ABSTRACT

In Iran nowadays, electric disbution utilities observe
the considerable increase of thechnical and non
technical losses in their networfhus utilities need to
look for more accurate tools for loss calculation. In order
to select the optimal solution for loss reduction, need
have loss estimation or calculation modefSiven that
the total amount of losses in a distribution system is
known, with a reliable methodology for the technical loss
calculation, the nottechnical losses can be obtained by
subtraction. One way to calculatethe loss value is
calculating loss factor base on load factoGince
computing load factor needs metering the peak of electric
power Demand this metering in large scale distribution
network have more charge and is expendivehis paper

we introduce thanethods that computinthese factors
without metering the peak of electric power Demand
based on fuzzy clustering of monthly energy consumption
of consumers in billing database

INTRODUCTION

We are going to present a new technidfugt basedon
historical energyconsumptiondata of consumerLoad
and Loss factor calculadl. In order to use this method the
different customers must be classifi@hd coincident
peak demandind annualenergy consumptiotior each
class must be available Since measuringannial
coincident peak demambt easy, we are using estimated
values.The estimation of annual coincident peak demand
has taditionally been performed by different empirical
methods.Research shows that if@rcustomer loadsn
peak timeare normally distribtied the totapeakload can

be computed by a method using statistical analysis and
typical peakload for each class of customer ]. We
concentrate on the discovery of association rules by
clustering consumption data base fwzzy cmeansby
particle swam optimizationand then generating normal
rules. The first and most intuitive approach implements
all possible combinations of the given fuzzy sets as rules.
There are numerous methods to define the membership
functions.We considered consumption of twelmonth
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introduce And in final section we introduce heuristic
algorithm and two case study for calculating load and
loss factor.

CLUSTERING METHODS

Cluster analysis is a term used to describe a family of
statistical procedures specifically designed to discover
classifcations within complex data sets. The objective of
cluster analysis is to group objects into clusters so that
objects within one cluster share more in common with
one another than they do with the objects of other
clusters. Thus, the purpose of the analys to arrange
objects into relatively homogeneous groups based on
multivariate observations.

Fuzzy cmeansalgorithm

Given a number of historical examples ofn@onthly
measured kWHx,, x:. ... xy] and the anticipated number
of clusters, ¢, the Fuzzy-meaxs (FCM) algorithm
partitions these examples into ¢ clusters by minimizing
the objective function Q:

Q:ZZ‘_ ul% llxzo, I ()

In this objective function, Q represents the sum of the
distance of individual data to the cluster
centerduo,.o.. ... 0] the cluster centersre also called
prototypes). Herey i represents the membership of data
xjbelonging to cluster k. The parameter m stands for the
fuzzification factor that takes the value ofin most of
applications of FCM. The FCM iteratively updates the
prototypes[o..a+....0c] and membershipuy;y through
the equations belowT:

N

é. uir,r:<'xi ui,k =
0 = ) Saag O
2‘ Uik = %X -0, 9
Iteration will stop when:
max(Ju’e - ulD<e ()

Wheree is a termination criterion. This procedure helps
to find values of prototypes and memberships that
achieve a saddle point or a local minimum of the

of each customer in selected zone and then normal rules objective functiorQ.

calculated in data that studied. This paper aims to
introduce the system thbase orprofile of consumer per
kWh normal rulegieneratecndfor each ruldoad factor
and loss factor calculaleSo first we introduce clustering
method and fuzzy-means clustering by particle swarm
optimization next in second section we introduce fuzzy
membership function generation. In the third section load
modeling base on monthly energy consumption
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Particle Swarm Optimization

Fuzzy emeans is supervisor learning algorittand in

this paper for selectingptimal count of each cluster we
useParticle Swarm Optimizatio®?SO[ - ] optimizes an
objective functionEq+ ) by undertaking a population
based search. The population consists of potential
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solutions, named particles, which are metaphor of birds in Within clusters is measured to give a fuzzy validity criterio

flocks. The various steps invokd in Particle Swarm based on a validity function witch |d'ent|f|es' overall
o loorith foll h d compactness and separate fuzzypoction without

Optimization Algorithm are as follows ].Where X an assumption as to the number of substructures inherit in the

V are position and velocity of particle respectively. wis data.

inertia weight, ¢ and ¢ are positive constants, called

acceleration coefficients which control the influence of MEMBERSHIP FUNCTION GENERATION

Prest @Nd Epesr ON the search process, P is the number of BASED ON FCM

particles in the swarm,rand r are random values in  After we obtain the cluster centers andembership

range [, ]. matrix (u;), there are numerous methods to define the

. Initialize the parameters including population size P membership functions based on it. To define membership
c,.c, W, and the maximum iterative count. functions using FCM" s resu

. Create a swarm with P particles (¥pest, Spesrand V membership values and just uses the centers of the
are n>c matrices). clustersjo..o+....0:] to defne specific shaped

. Initialize X, V, ppestfor each particle angye=for the membership functions, such as Gaussian and triangular
swarm. functions. Fig demonstrated this method. The

. Calculate the cluster centers for each particle using trapezoidal and triangular membership functions are
Eq. (). defined by prototypes generated in FCM algorithms.

. Calculate te fitness value of each particle using Eq. Poongel  Poonpe2  Pooype ‘! foge? ok

()

. Calculatepyz for each particle. /L -

. Calculategyq for the swarm. RRPATR FPACTTD

Bibew = if fled = flpime.)

) . . .
Giw = 5 FFlg) > flawn.) ) Fig FCM-Centers/Prototypbag Membership Function

(
(
. Update the velocity matrix for each particle using CLASSIFICATION OF CO NSUMER
v = W0y + R (Bi bear — Pi) + €RW(Gibest — Pi) ()

We assume the input and output spaces td +he]”
and+.']. For the iTh input variablex;, its domain
o o interval is evenly divided intoK; fuzzy setslabelled
PSO utilizes several searching points and the searchingy - Merhbership function can be used. the most
po_ints_gradually get close _t_o the g!obal optimal point  ~5mmon being the trianglshaped one All the rules
using its Ppezr and gpese- INitial positions of ppeqrand corresponding to the possible combinations of the inputs
Gesrare different. However, using the different direction  gre jmplemented. The total nuerbof rules for a input

of me=r and gzeze, all agents gradually get close to the System isy. x & % Ko % .. X K,.[ ]

. Update the position matrix for eachrficle using
BSE T ( )

global optimum Fig . Partitioning with triangular membership functions.
The Fuzzy Cluster Validity Criterion !

As a commonly used fuzzy cluster validity fumetj the A A

partition coefficient measures the amount of overlap

among clusters. But the disadvantages of partition T S {— f— .
coefficient are the lack of direct connection to . L -

On the other hand in each input (monthly consumptions
profile) of all usersclustered and then, finding association
rules in databases with fuzzy attribute. We introduce the
) ) fuzzy association rules of the form, 'If X is Aand Y is B
” =;ZP‘?&”“_ ol () then consumer is normal’, to deal with quantitative attribute,
¥ and if this rule have suppogreaterthan x must tagged as
normal rule [].

geometrical property and its monotonic decreasing
tendency with 4 ].The global compactness thfe fuzzy
c-meangf the input data set can be calculated from:

Therefore, the better -means the smallers. The
separation among clusters can be calculated by: Table .Sample of normal rules:

= =min||z —g| () if AlRA'B A ANEAIEA then normal
It is the separation of fuzzymeans Obviously, if all the if ATEAlEALRAIRATEA then normal
fuzzy clusters are completely separated, leading to the The idea of modellingis to create load modelthat
largestm.We can then define the fuzzy cluster validityto descr i be t he el ectricioty co

be 1I: similar class of consumersFor this purpose, all
. llzg_ FoobT e — o]’ () customers are divided on several groups, in which the
F=2= min]|o; — o)) monthly electricity consumptionprofile can be assumed

) to be equal with a sufficient accuracgalculating
As aresult, the separation among clusters and compactneggincident peak demand during that itwas consumed
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haveto be done for each customer group. LOAD AND LOSS FACTOR DEFINITIONS
One of the important data for the correct measurement of
LOAD MODELING BASED ON THE ANNUAL losses in distribution networks are the load factor and the
ENERGY CONSUMED DATA loss factor, which present a strong influence on the

If reaktime measiements of power and current in the determination of loss unitary costs. The load factor is

enduser"s side are not av aYysydlyghtained yitg e”etfgt{ gnd dgmagd, n}e{f\swern[eqt

net wor k, a value of the ¥vtaer&qﬁtecogtput§rlih tﬂc”e"ﬁe Sgry hes tak
as a staring for the customer load modelling. The amount earning of demand an energy loss, W re not in

of annual energy on each customer is taken from the 9€neral, prone of directeasurements -

electricity billing databasethen the value of customer L°a<?' Factor (LF):

annual energy has to be converted into the peak power Ratio between the average poweDfi.ge.) and the
(VALENDER" s formul a) or i nto tnpdnup gemand ey i menthly cmeasyregngnt

instant (oad models). The methods of conversions are Where:

typically based on information aboutet customer load = Zeverage _ _  Eo20) ()
behaviour. VALENDER" s f or mu) avas @Eq DBrmax Dimax T

conventional method to estimate peak loads in LF =7 )
distribution networkp - ]. ¥T_.D(i) is the monthly demand that represents the

P =k.W+k VIV
P .. = peak power, KW

energy supplied to the system (E) during the period of the
time T. Thus, ( ) is obtainedln this paper we consider
coincident peak demarehergy at ezh normal rule and
calculatirlt_g from( ). In t_he other hand:

W = annual energy of the customer, MWh
i iy = Velander coef ficients
P =k W+ kAW e -
The factors k., and k. are empirical coefficients and T T TsDo TelanW+ S ()
examples argjiven in fable . Also possiblemaximum Loss Factor (LLF):

demands per customer dependingtbe annual energy  Ratio between the average power losdas.f,z.) and

consumptionare included.V A L E N D Efetthisa are the losses during peak loakl.(.), in a period of the time
based on stochastic formulas and can be expressed in theith monthly measurement. In other wordse loss

e R e N
— N N N

Jequatlgr;sP () factor is S|mply the load factor of the losses.
e () e ()
The maximum loads do not occur at the samoment. Where Er_ L) represent the energy losses of the

For specific load groups it can be assumed that the sysem (e) during the period of thigne T. Since the late
various loads during apeak period are normally » S, researchers have been looking for a form to relate

distributed arounch certain mean value. Each lofd a the loss factor (LF) with the load factor (LF). All the
certain moment can thebe representedvith a mean studies led to an empiric equatipi.
value and a standard deviatioh/ith ¢ being a factor LLF = (LF)& ~.T+ (LF) & +." ()
describingthe relation betweenthe extremevalue, the Howeverthe load and loss factors could be obtained in a
mean value and the standard deviation: better manner by distribution utilities if it is used the load
poim= T e () durationcurve ofeach class ofonsumer. The waused
a ( a — in our algorithm is the estimation ofpeak load from
Pazzn = Pacmnn 60 =1 Procny 4 (P ~Prca) ¥ () Eq. . By considering monthly energy profile and peak
The cj:omuder;ce factag, ‘PS then.ﬁ demand of each class of consumer we are perform load
8a= - ;':'__\ P—_.:_:_: +(' - __':_::}ﬁ 21} flow and calculahg peak lossl., in low voltage
P, = = 22 network that studied.
-E?-=P___.\ e=LLF«L__. ()
f 1

- (M m T 2

0-=(o-+ 00 ) @3 ALGORITHM
e . . iy

Iff:?ft‘f,”j ge:_l:vdemand calculated witrg.. ( ')' Select measured consumption per kWh afy
P () consumer with month length in six duration iyear.

oW . Normalizeddata and map consumption data to sixty
g :P—'—t"'"l'__.g‘-:' ( ) day

VW o . Clusteringeach duration data with fuzzymeans.

Table . Empirical coefficients anéxamples § . Automaticallygenerate membershipnctionsand then
pass ks ke | E(wh) | Poealkw Po.(100] calculate Cartesian relation asrmal rules.

. Calculateccount of consumer that complied normal
rules.
. CalculatedLF base on average of consumption and

Domestic 0.00033

greatest member functidar each normal rules
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. Calculatedaverage ofF of all profile.

. Calculated_LF in each duration base on LF.

. Perform load flow and calculated peak loss in low
voltage network and by Eq( ) we have calculated

average power loss@sour network.

Case studyl.Consider we need to calculate LF and LLF

in a LV-Feeder with

consumerswith the same

consumptiornthat is together in sameluster. The result

showing in table .
Table . Calculating LF and LLF base on generated rules

First Second Sum avg(mfl; | Population
Period Period (kwh)
(Kwh) (kwh)
mf, = mfy = sum, =1 avg, = C,
mfl = mfy= sum, =40 aVE = £y=
mf) = mf, = sun, =114 avg, = C.=
mfy = mfy = sum, =Vio- | avg, = C,=
Calculating Coincidencepeak kw
P _. = k.zum, +?c.,|_-'ﬁ
I B LR A I - T I T
P, =fox s, ee¥fador 4+ vns/Toedo.
Fopee =T o s R AR N i B
Fopzs S0 s ¥ a¥o o+ o vowy/oe s ions
LF ;= .01
urg, =T TG, £ 10 T, =7~ Org, = 0.
P &#%¥isel P___ x%ixl P __.&¥iselr P__.&x5TEixl:
i
LLF calculating
LLF=LF =+t +LF_ "% «.¥ = o.¥4

Case study2.There are

residential

customer

conneted to distribution transformer with the monthly
consumed energy profile that shows in tableAssume

that connected load is kW per house .Determine Load
and Loss factor for this grougf consumer that connected

to

low voltage

feeder of

specified distribution

transformerTable shows sample of gended rules and
abstract of calculation for load and loss factor. In this

table load factor

and then loss factor equabso calculated.

CONCLUSION

Nowadays

in

kectricity  distribution

% for total of consumer calculated

companies
computing load factor neeasetering the peak of electric
power DemandThis metering in large scale distribution
network have more charge and is expensiMeerefore
we need heuristic method for estimation peak factor.
Sincethere is not proper algorithm for modeling loss in
Table . Calculatin
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electical network in this papeiby using fuzzy clustering
by particle swarm optimizatiowe introduce a system for
classification of consumer imlistinct class bas# on

energy consumptiorprofile. In this method we use

VALENDER" formula (Eq.

) for estimationcoincident

peak demand of any class of consunfan example lie
result in table showsthat four class of consumer with

different population have total load factor
. In second case studye studied specific
consumerghat connected to special low

loss factor
region with

and total

voltage feeder We have calculated sixteen class of
consumer with different class and population. By using
we have calculated coincident peak demand and
load factor for each class of consumer then by calagjati
weighted average of eadbad factorwe have calculated

eq.

whole load factor

for all consumer in low voltage

feeder.And in final we have calculated total loss factor

%.
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