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Abstract— This paper describes an approach to identify and @dmnge the measurement weights used in Weight Least&re
(WLS) estimation method employed in State Estimatio (SE). The individual measurement is assigned wittheir own weighting
factor based on technical experience by the enginmse However, ents could occur in a real time systenThus, the higher weighting
factor or wrongly assigned weighting factor to themeasurement could lead to flag the measurement aadh This paper describes a
pre-screening process to identify the bad measuremts and the measurement weights before WLS estimati method employed in
SE is performed. The autoregressive (AR) method pposed in this paper is used to predict the data anat the same time filtering
the logical weighting factors that have been assigd to the identified bad measurements. The AR algithms known as Burg and
Modified Covariance (MC) are used to calculate thene-step-ahead of the predicted values of the statariables. The performance
of the AR filter is tested using 5-bus, IEEE 14-buslEEE 24-bus, IEEE 57-bus, IEEE 118-bus, IEEE 30®us system and local
utility network consisting 103-bus. Simulation resits are presented and compared with the measured hges to validate the

proposed method.

Keywords—State Estimation (SE), Weight Least SquaréWLS), Autoregressive (AR), Burg algorithm, Modified Covariance

(MC) algorithm.

I. INTRODUCTION

The state of the power system is described by laat@n
of bus voltage vector for a given network topologyd
parameters. Comprehensive discussion of the state art
and its important in electric power system stateregion is

the filtering and bad data detection. To avoid Hystem
loosing a number of measurements due to the bad
measurements, higher weighting factor should beeglaon

the good measurement devices. Decisions to séleagdod
measurements are always based on the experience of
engineers. However, in real time environment, some
measurements are inconsistent in producing a geading.

The uncertainty in analog measurements could deecause

discussed in [1]-[5]The state variables obtained from Statgf the combination between systematic error andioan

Estimation (SE) rely on the set of measurements dha
collected via the Supervisory Control and Data Asitjon
(SCADA) system.

error [18]. This will affect the measurements te assigned
with higher weighting factor since the measuremeith
higher weighting factor is the priority input fdret SE process.

Various numerical methods of SE incorporating stafginis good measurement is producing bad dataStestill

filtering are presented in [1] and [6]-[14]. The imabjective
of these methods is to have a robust numericamastr,

which can suitably improve the gain matrix. Recgntl

Artificial Intelligent systems such as Fuzzy anduk#
Network are being used in SE [15]-[17]. Howeveresi
techniques have not been tested on the large-pmaler
systems.

An important constraint on all existing SE meth@&l¢he
measurement redundancy. More the redundancy, tter e
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considered it as priority measurement and it wiléa the
efficiency of SE.

In order to alleviate these problems, all the mezsents
are to be processed before SE is performed. Moghef
existing commercial software performs a pre-scregni
process to check whether the measured values #im e
reasonable limit or not. The margin of the limita$ set in
the SCADA subsystem is typically around 15 % [19].
However, this pre-screened process is not fullylémented
in large power system networks. An improved aldonit
which adaptively updates the measurement varianises,
presented in [20] and [21]. The sensitivity relatbip
between the measurement variances and the cowarianc
matrix of their residuals was used for this purpdsawever,
the requirement of calculating all the elements tie
sensitivity matrix could increase the computatiomaist
especially for large scale networks.

The proposed AR method can be used to predictatee d
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and at the same time filter the logical weightiagtbrs that

have been assigned to the trusted measurements.

performance of combination between the proposedadet
and SE (AR-SE) are also not dependent on any mexasut

redundancy. It is because the input data for ARsSfased on
forecasted value of historical measurements.

Il. REVIEW OF WEIGHT LEAST SQUARE

Most of the SE programs are formulated
over-determined systems of nonlinear equationsahed as

Weight Least Square (WLS) problems [1] and [9]. The

mathematical model for SE is given by

A2

~ Mg
The I(®) =3 6)
I:].O'i
where
o is the standard deviation of the error of ftifth

measurement.
a s the detection confidence level
has the Chi-squarg, distribution. If the sum of weighted
squares as calculated from the (6) lie below thHesghare

ag’lstributionxzd,a,

MRS (7
wherey?; , means the chi-square distribution witllegrees

z=h(x)+e (1) of freedom with probability of false alarm thresthal, which
E(ed) =R @) represents 5 % probability of error for the mosthef cases
presented in this paper, the set of measuremestidgo be
where _ _ in a good condition.
z  is themdimensional measurement vectox() If the constraint given in (7) is not satisfiedeththe
x is the n dimensional state vector (voltag&yresence of bad data is suspected. Once bad eatatected
magnitudes and voltage phase angles] X in the measurement set, they are identified usorgnalized
e '(S ”I)e m dimensional measurement error VeCtQisidual test [10], [25]. The normalized residual is given
mx 8).
h() is the m dimensional nonlinear vector function R
relating the state to the ideal measurements i ZQ/\E 1=12,...m ®)
E isthe expectation operator where
R is the mx m) dimensional diagonal measurement & is thei-th element of the residual vecter= z-h(x)
error covariance matrix ri is the i-th diagonal element of the residual
m is the number of measurements covariance matrix = R — H(x) G™(x) H™(x)
n is the number state variables G s the gain matri"WH

The model assumes that the errors are small amge measurement presenting the normalized residttathe

uncorrelated as in (2) and follow normal distribug with
zero mean. The errors that do not satisfy catego(®) are
considered to be gross errors.

The objective function of the WLS is to minimizestbost
function ofJ(x) given by:

T
I =(z-h(x)" W(z~h(x)

whereW = R is the weighting matrix.

The cost functiod(x) will be minimized when

A _ Y7 W[z h(R)] =0

OX

®3)

(4)

where
H(x) is the Jacobian oh(x) that would result in
minimumJ(x).
X is defined as the final estimated values.
This system is solved iteratively and the stateupdated at
each iteration ok by

_ruT (s e =L T ¢ (s 5
Ax =[H T (R IWH )T TH T (X )W (z—-h(%, )] )
This process is repeated until convergence is oddiai
A. Bad Data ldentification and Elimination

Bad data identification and elimination technique

largest absolute magnitude is flagged as a bad Qaize the
identification process is completed, the bad measant is
eliminated and SE process is repeated until thesareanents
are free from bad data.

[ll. AUTOREGRESSIVE (AR) METHOD

An AR technique is used as a pre-estimation fitter
detect and identify gross errors in the measureseinbefore
they can be used for SE process.

AR model is given by [27], [28]:

Enn(n) = X(n) + 3 an(K)U (1—K)
k=1

where

an(k) are the prediction coefficients with<ik <m-1

m is the number of past measurements/observations

n is the instant of time

E.(n) is an observed sequence

x(n) isthe input to a system that gener&g8)

U(n-k)is equal toE(n-1), E(n-2),....E(n-k)

The above is called an autoregressive model of onde,
in short, AR(m). Several methods to find the prediction
coefficients of the moded(k) are found in [26]. However due
to the ability to minimize the sum of backward godvard
lprediction errors, the Burg and MC are selectethasAR

(9)

processed once the final estimatis obtained. Methods usedmethods in this paper. The objective of the botthas is to

for detecting and identifying bad data are discdssaletails
in [10],[22]-[25]. One of the methods used for deitreg bad

data is Chi-squareg?’ test. The sum of weighted squares of

J(x) is given as

minimize the sum of squares of prediction errors.

Em = fm*gm
re

(10)
whe
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&n Is the sum of squares of prediction errors f.(="f ,(N+K.,g,.(n-0), m=12..p (15)
f, isthe forward error In(M =K fra(M+9p, (-0, m=12..p

Om is the backward error

The basic function of AR filters is to predict tbee-step
ahead expected value of a measurement from pgg ' o .
measurement. For the same instant of time, thereifice reflection coefficienK,, we obtain the result as

Now, if we substitute (14) into (13) and performeth
leization of &, with respect to the complex-valued

between predicted and the measured value of the N .
. . - z faa(Ngna(n-1) (16)
measurement should not exceed a certain pre-detedmi K = o m=12...p

threshold. If it does not meet the requirement, the " 1”*“ 2 z]
L - 72 ml(n)‘ +‘gm 1(n_1)‘
measurement is identified as a bad data. If the bad
measurements are initially assigned with higherghting The term in the numerator of (16) is an estimathefcross
factor, the predicted value obtained from AR altjori is correlation between the forward and backward ptistic
substituted and the SE is carried out. errors. With the normalization factors in the denwator of
In real-time applications, each time a measuremnment (16), it is apparent tha,, <1, so that the all-pole model
meet the requirement, it replaces the most recafitained from the data is stable. The denominatdd6) is
measurement in the vector of past measureme(riy, The simply the least-squares estimate of the forwardl an
AR parameter are then calculated using Burg or 8@ the packward errorsE’ . and E® ., respectively [27], [28]
m-1 m-1 ' ’ '
one-step ahead predicted value of variale determined so
that, when the next snhapshot is available, theerfiig N
procedure can be repeated. - z fra(Moma(n-12)
Kpp=—=0 m=12,...p (17)
A. Burg method [Ef 1JrErM]

The Burg method for estimating the AR parametersbea where Ef L+ Eb is an estimate of the total squared eEgr
viewed as an order—recursive least-squares lattiethod,

based on the minimization of the forward and backwa hde denommat;)r ;erm of %7) fa?h be lc:)&puted in an
errors in linear predictors, with the constrainatthhe AR order-recursive fashion according to the relatian [
parameters satisfy the Levinson-Durbin recursior]-[29].

Hence (16) can be expressed as

To derive the estimator, consider the ddtg, n=0,1,...,N-1. E = (l_‘Km‘zjém—l‘ fmfl(m_1)‘2 ~|gpya(m- 2)‘2 (18)
The forward and backward linear prediction estimabé . ) .
ordermare where E, = Er; + Erﬁiis the total squared error.

(n) = —Zm:am(k)x(n—k) (11) To summarize, the Burg algorithm computes the cétla

coefficients in the equivalent lattice structurespecified by
ol N N B 12y (17) and (18), and the Levinson-Durbin algorithnused to
X(n-m) = kZ:;am(k)x(m k=m) (12) obtain the AR model parameters.
The corresponding forward and backward erifgfs) and

g(n) are defned as f _(n)=x(n)-%n) and B. Modified Covariance method

gm(n):x(n—m)—f((n—m).The least square error is Consider the datax(n), n=0,1,..., N-1. To find the
N prediction coefficients that minimize,,, the derivative of
2 2
= ZMfm(n)‘ +‘gm(n)‘ ] (13) &y With respect taa; (1)is set to zero fok = 1,2,.....m [27]
n-m

Equations (11) to (13) are the standard equationtfward and [30]. Hence

and backward linear prediction. Thus, those eqoatiaill be
reused in the MC section later. However, in Buhg, &rror Z a[f (m] [0, (] gn(N)

obtained in (13) is to be minimized by selecting phediction aam(l) = oa; (1) " a, () (19)
coefficients, subject to Levinson-Durbin constrajivten by

- Z[f (X (n=1)+[g, (] x(n-m+1)]=0

(k) = a1 (k) + K2y 1 (M—k), - 1<k <m-1 (14) Substltutlng (11) to (13) into (19) and simplifyinthe
1<m<p normal equations for the MC method are obtained as

whereK=a(m) is themth reflection coefficient in the lattice m
filter realization of the predictor. When (13) igbstituted > le (k) +c (m-k,m-1)]a, (k) (20)
into the expressions féx(n) andg(n), the result is the pair of Ezl [ 10 | ]
order—recursive equations for the forward and backw =-1& (.0 +c (mm-1)
.- . N-1
prediction errors given by where CX(I,k)=ZX(n—k)X*(n—I) that are known as

autocorrelation coefficients, which dependent oaly the
130
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absolute value of the difference betweknand k, i.e.

c.(,k) = CXQI - k\) However, the autocorrelation matrix is

not Toeplitz but it is symmetric [27] and [30].

IV. RESULTS AND DISCUSSION

The performance of the AR methods is tested ons-HEHEE
14-bus, IEEE 24-bus, IEEE 57-bus, 103-bus, IEEEHIS8
and IEEE 300-bus system. The historical data i<ues
through successive power flow programs to recoffereint
types of measurements for the entire IEEE testédank.

The simulations were carried out for 24 time sample

Meanwhile for 103-bus network, the data was receery

10 minutes. Results of the average errors foryaliesn states

relative to power flow solution are shown in Figlr® 5. Itis
clearly shown that average errors of all systertestm both
methods are below 4 %. The accuracy of the Burgh@d
method is obviously illustrated when it is implerteghin the
IEEE 118-bus and IEEE 300-bus system. The averaged
all system states in the both networks are less 1H# error.
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Fig. 2 Average error of the active power injestfor tested
networks.
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Fig. 3 Average error of the reactive power injgctfor tested networks.
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Fig. 4 Average error of the active power flow fested networks.
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Fig. 5 Average error of the reactive power flaw fested networks.

The capability of Burg and MC method to predictepsaahead
of the system states with less than 4 % error carthle
platform for producing high quality pseudo-measugats.
The later statement is strengthened by testindgBtivg and
MC method under two case studies.

1) Case 1

The system is tested for detecting the weightirgiofafor
erroneous measurements assigned with higher wegghti
factor. The standard variation is calculated using

o = 0.005. ‘zt‘ +1x10°10 (21)

whereZ is the measured value.

Meanwhile the weighting factow is calculated from the
respective standard deviatioras follows:
_1 (22)
W= 2

o
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Any weighting factor that exceedlg value calculated in (22) Table Ill. All the measurements identified by AR timeds as
is considered high. bad measurements are replaced with the predictacs/a
Due to space limitation, only IEEE 57-bus and IEEBbtained in AR methods. After SE is carried oug fhal
118-bus systems will be presented in this sech@anwhile output shows that there no bad data is detectdtkisystem
the analysis of IEEE 24-bus and SESB system argded in even though in the first place two bad measuremargs
[31].In this case study, two and five bad measurgmare introduced in the system. With the accuracy of juted
introduced in IEEE 57-bus and IEEE 118-bus netwosalues provided by both AR methods, as shown inrféid. to
respectively. In IEEE 57-bus network the directioh®g and 5, the bad data is eliminated without reducingribenber of
active power flow from bus 13 to 48,349 are reversed. The available measurements. Thus, it will maintain doeuracy
weighting factor of measuremepiiz 4o Was reduce to a valueof normal SE since the measurement redundant istaiaéd.
lower than calculatedV as in (22). While the five bad
measurements introduced in IEEE 118-bus network/ase TABLE Ill: THE MEASURED, PREDICTED AND NRSE VALUE®F

- STATE VARIABLES FOR IEEE 57-BUS NETWORK AFTER
Qu4: Pa7, P1o-17@Nd0e1.65 Only measurementz; is set as low SUBSTITUTING THE BAD DATA WITH PREDICTED VALUE — CSE

weighting factor while the rest of the measuremangsset as 1 (5 CONDITION)
high weighting factor. Table | and Table Il sumraarithe Measured Burg MC NRSE
results of AR after introducing bad data to severat
measurements at time step 23 for both networks. v 0 v 0 v ¢
(pu) | (deg) | (pu) | (deg) | (pu) (pu) | (deg)
TABLE I: PERFORMANCE OF THE AR METHOD ON IEEE 57-B 1,040 0 1.040 0 1.04 1.042 0
CASE 1 _ 1.010| -1.180| 1.019 -1.18¢ 1.010 1.011  -1.124
'gzztg':t‘i 0985| -5970| 0983 597¢ 0.985 0486  -5.909
Measuremen{ Measureld FO:;:"Sted For"\aﬂcé‘smd with more 0981| -7.320| 0981 -7.32¢ 0.981 0482  -7.210
9 than 5% 0.976| -8520| 097 -8.520 0.976 0.978 -8.439
eror 0.980| -8.650| 098]0 -8.65(] 0.980 0981 -8.577
Q 0.40078 | 039878 0.39878 040078 984 | .7580| 0984 7580 0.944 0.985 -7.520
P13 0.32961 _0'32850 0.32850 032961 1 005| 4450 1008 -4.45¢ 1.005 1.007 -4.441
A"::]%gt;';evavse?éﬁ?negn;z;g?id%eﬁ bad Qs 0980| -9560| 0980 -9.560 0.980 0482 -9.551
0.986 | -11.430| 0.986 -11.43D 0.986 0.988 .43
0.974| -10.170| 0.974 -10.17D0 0.974 0.976 178
TABLE Il: PERFORMANCE OF THE AR METHOD ON 1.015| -10.460| 1.013 -10.46D 1.015 1.017 .48D
IEEE 118-BUS — CASE 1 _ 0.979| -9.790| 0979 -9.79¢ 0.979 0981 -9.786
'gggtgfti 0970| -9.330| 0979 -9.33¢ 0.970 0972 -9.338
Measuremen{ Measured FO:;JC%S‘E" FOF&‘?S‘ed with more 0.988| -7.180| 0983 -7.18¢ 0.988 0490 -7.167
than 5% 1.013| -8.850| 1.013 -8.85¢ 1.013 1.016 -8.842
error 1.017| -5390| 1.017 -5.39¢ 1.017 1020 -5.393
Que -0.00970 | -0.00969 -0.00969 010970 9 601| -11.710] 1001 -11.71D  1.001 0.992 .691
Vaz 0.97030 | 0.97044 097044 1.97030 4970 | 132000 0.970 -13.200 0.970 0.970 .21
Par -0.33970 ) -0.33956 -0.33956 033970 (g6a| -13410 0964 -1341p 0964 0.968 .8a3
Pie17 -0.17480 | -0.17620 -0.17620 027480 4 08| -12.800| 1.008 -12.890 1.008 1.011 2688
Ger-e0 -0.75380 | -0.73723 073743 075380 1 010| -12.840] 1.010 -12.84p 1.010 1.010 .94®
A”:r']‘zjgtEjae\‘;"vse‘i’éﬁ?neg“i;g?id%eﬁ b3d ., Py, prosr anddss.cs 1.008| -12.910] 1.008 -12.91p 1.008 1.009 .99
0.990 | -13.250| 0.999 -13.250 0.990 1.000 .02
It should be noted that the predicted values deperttie past 0-982| -18.130) 0.983 -18.130  0.9%2 0.957 784
historical data. In the first run of SE, the BurgdaMC 0.959| -12.950) 0.959 -12.950 0.9%9 0.960 .72
algorithm detected a few analog measurements witngy 0.982| -11.480] 0.982 -11.480 0.932 0.983 .38M
readings compared with predicted values, typiaaldye than 0.997 | -10.450| 0.997 -10.450 0.997 0.998 .36M
5 % error, as depicted in Table | and Table II. Tdifferent 1.010| -9.750| 1.010 -9.75¢  1.010 1.011 -9.673
conditions of result are presented in this section. 0.962 | -18.680) 0.962 -18.68D 0.962 0.939 .032
1) The identified bad measurements are replaced tith ©.936 | -19.3400 0.936 -19.340 0.936 0.918 .04®
predicted value obtained from AR algorithm and thefig4a9 | -18.460] 0949 -18.46p 0.949 0.943 .10®
the SE is carried out. 0.947| -18.500| 0.947 -18.500 0.947 0.941 14D
2)  All the higher weighting factor for the identifiqzad 0-959 | -14.100) 0959 -14.100  0.939 0.954 4654
measurements are set to 20 % |0wer tmm (22) 0.966 -13.860 0.966 -13.860 0.966 0.963 .1551
which indicating the measurements are not reliabid, 0.976 | -13.590) 0.97¢ -13.590 0.976 0.974 .848
then the SE is carried out. 0.985| -13.4100 0.98% -13.41p 0.985 0.984 .6183
Condition 1: The result of IEEE 57-bus is summarized i%.o13 2719 1013 Hd271p 1033 1913 8o
0.983| -13.460| 0.983 -13.46D 0.983 0.982 .68/8

132



I nternational Journal of Power, Energy and Artificial | ntelligence, December 2009, No.1, Vol. 3, (1 SSN: 1985-6431) Page: 128-136

0.973| -13.6201 0.973
0.996 | -14.050f1 0.996
0.966 | -15.500| 0.966
1.010| -11.330 1.014
1.017| -11.830] 1.017
1.036| -9.250| 1.034
1.060| -11.090| 1.06(
1.033| -12.490| 1.033
1.027| -12.570| 1.027
1.036| -12.920| 1.034
1.023 | -13.390| 1.023
1.052 | -12.520| 1.052
0.980| -11.470| 0.98(
0.971| -12.230f 0.971
0.996 | -11.690| 0.996
1.031| -10.780| 1.031
0.968 | -16.040| 0.964
0.965| -16.5601 0.964

-13.6
-14.0
-15.5
-11.3
-11.8
-9.25
-11.0
-12.4
-12.5
-12.9
-13.3
-12.5
-11.4
-12.2
-11.6
-10.7
-16.0
-16.5

0973 -13.620 0.972
0.996 -14.050 0.998
0.966 -15.500 0.969
1.010 -11.330 1.012
1.017 -11.830 1.018
1.036 -9.2%0 1.038
1.060 -11.090 1.061
1.033 -12.490 1.035
1.027 -12.570 1.029
1.036 -12.920 1.038
1.023 -13.390 1.025
1.0%2 -12.520 1.055
0.980 -11.470 0.982
0971 -12.430 0.972
0.996 -11.90 0.998
1.031 -10.780 1.033
0.968 -16.040 0.969
0.965 -16.560 0.965

.86K3
Jan
.65
.3481
.9aBL

-9.279
JAd3m
54
.68
Rels)
AZB
520
Aael
152
.648L
789D
1306
.65Kb

Meanwhile, for IEEE 118-bus system, the averagergrof
all variables are low or in other word the accuretigoth AR
methods are high. This can be illustrated in thwewf the
predicted value and measured value for measurerpgnts
P, andQq,. The results are shown in Figure 6 to 8.
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Active power flow from bus 15 to 23 — tale to power flow
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Fig. 7 Active power injected at bus 2 — relatisgoower flow solution
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Fig. 8 Reactive power injected at bus 12 — redatio power flow
solution (actual value).

Figure 6 to 8 illustrates the final output of SEr fo
measurementp;s. .3 P, andQq, respectively after those bad
measurements detected by AR methods (see Tablardl)
replaced with predicted results obtained in AR rodthlrhe
average errors of the measurememis,s P, and Q., are
0.41 %, 0.15 % and 0.037 % respectively. With there
below than 1 %, it is shown that the predicted ealthich
obtained from both AR methods produces high quadity
prediction value. Hence, this can guarantee thetSiE will
produce an accurate final estimate by not redudimg
number of measurements and at the same time nranygai
the redundancy.

Condition 2: Table IV and Table V show the summarized
results of second condition for IEEE 57-bus and BEE
118-bus system respectively. As shown in Tabledl Bable I,

the bad measurements with higher weighting facter a
identified ang for IEEE 57-bus an®14, P47, P16-17 andq81_53

for IEEE 118-bus system. The SE program is cawigdfter

the higher weighting factor of the bad measurememées
reduced. The bad measurements are eliminated oadyy
Multiple interacting bad data is detected in IEEB-bus,
whereQ,andgy,15 are identified as bad measurements (see
Table V). However, only measureme@i, is eliminated,
since Q.4 was intentionally created as a bad measurement.
The final estimation will end up in reduced numbur
measurements from 305 to 303 for IEEE 57-bus ar&t62
521 for IEEE 118-bus system. As a result, the meduacy of

the measurement is reduced and it will affect eéoabcuracy

of final estimated state variables as shown in &4l The
average error between the final state estimatidmaeasured
data of second condition is increased due to tHaciag of
redundancy or number of measurements.

TABLE IV: THE RESULTS OF SE PROCESS ON IEEE 57-BUS
SYSTEM — CONDITION 2

Est | Bad Chi-square

No | Data Weight sum of square] distribution, Zlf . Iter.
1 P13-29 2.378E+05 2.253E+02 7
2 Qs 8.753E+04 2.242E+01 7
3 None 1.502E+02 2.232E+02 7
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TABLE V: THE RESULTS OF SE PROCESS ON IEEE 118-BUS

Similarly, after SE is carried by changing the virigg factor
SYSTEM — CONDITION 2 Y y changing ng

for a few of measurements in IEEE 118-bus systhenrasult

Est. Bad Weight sum of square, Ch"squarez ter obtained does not converge for the tolerance, nunobe
No Data J distribution, ¥ " measurements and maximum number of iteration D@10.
1 526 and 50 respectively. In the second run, theuturom
Paz 1.360E+05 3.318E+02 14 Burg and MC are taken as the input to SE and itessfully
2 Pre-17 2.446E+04 3.307E+02 7 converged when the tolerance, number of measursnagioit
3 | Qu@es 1.361E404 3.206E402 7 maximum number of iteration are 0.001, 1098 and 50
4 Vi 4.580E403 32865402 ; respectlvely. The comparison of the average effrtmenstate
variables between Case 1 and Case 2 is shown la Véllh
5 e 3.325E+02 3.275E+02 7
6 None 2.710E+02 3.264E+02 7 TABLE VIII: THE COMPARISON OF THE STATE VECTORS

AVERAGE ERRORS BETWEEN CASE 1 AND CASE 2- |IEEE 1R8BS

TABLE VI: ANALYSIS OF AVERAGE ERRORS OF STATE VECTRS SYSTEM.
BETWEEN THE FIRST CONDITION AND SECOND CONDITION. Average | Average
d s error for | error for
1% Condition 2" Condition Case Study Number of the the
measurements It h f
Average error n Average error e n voltage phase o
magnitude| angle
Syst v 0 / v 0 /
ystem | VI min |V mn Case 1 526 043%| 7.43%
IEEE57 | 0.32%| 2.83%4 270 032% 284% 268 Case 2-Output
IEEE 118| 0.43%| 7.43% 224 071f% 1023% 2.22 from Burg 1098 0.013% | 0561 %
Note: 7lis the ratio m/n, known as redundancy. Cifg n?"\%‘p“t 1098 0013% | 0561 %

2) Case?2

Considering a not-convergent system due to theriacb
assigning of weighting factor, the convergence & seudo-measurements to replace the lost measuréamiset
normally relies on the tolerance, the number ofsnesments getwork in the case of thepnetwork is unobservahilds

and the weighting factors assigned to the individua -

measurements. In this case. the IEEE 57-bus neiwéokind Important to ensure network observability, befo&Eacan be

to be not converging by intentionally changing wighting performed. The sn_n_ulated results of t_he use of Adthmd for
factors for all measurements of line flow and busver network observab.mty are presented in our papre(29] and
injection. In the first run of SE, i.e. without AfiRer process, [30]. The analysis of Cgse 1 and Case 2 can also be
the result is not converging when the tolerancenber of represented by the analysis of unobservable syltetBEE

measurements and maximum number of iteration &@10. 57-bus and IEEE 118-bus system. It is applied

305 and 50 respectively. It is because of the litplif SE Z?zﬂgm(?:nc))f nat:srgbirngzvn;ezzuLiggzt;eiz:ﬁiézm;bﬂe%: is
algorithm to identify the measurements that ardiailhy ' Y ’

: L o 7 occurred. Thus, to overcome the problem, the outp AR
assigned with incorrect weighting factor. Howevéhjs .
. method is used as pseudo-measurements to replaceadd
problem is solved when the outputs from Burg or K@

used as the input of SE. As a result after the Bur@IC more measurements in the system.
outpgts are used, the.number of measurementsresaised to V. CONCLUSION
491, i.e. equal to maximum number of measuremantsthe

redundancy was also increased in number relatett wit The development of pre-estimation filter using
number of measurements. Thus, the accuracy of itta fautoregressive model to identify the gross measen¢m
estimated value of the state variables are alseased as errors are presented in this paper. The identiinadf the
compared is the final estimated of the state vigklvhen errors is accomplished by making a comparison betvike
number of measurement is 305 as in Case 1. Théigesa measured values and the predicted values of
shown in Table VII. measurements. If the difference exceeds 5 % ethar,
measured data is assumed to be grossly erronealsgsan
replaced by its predicted value in the measurersentThe
simulated results are discussed in case 1.

Apart from these two case studies, the output frieenBurg

nd MC, also can be effectively used as

the

TABLE VII: THE COMPARISON OF THE STATE VECTORS
AVERAGE ERRORS BETWEEN CASE 1 AND CASE 2- IEEE 5U8
SYSTEM.

Number of Average error | Average error
Case Study for the voltage | for the phase
measurements| .
magnitude of angle
Casel 305 0.32 % 2.83%
Case 2-Output 491 0.019 % 1.08 %
from Burg
Case 2-Output 491 0.019 % 1.08 %
from MC

Two methods of AR namely as Burg and MC have been
implemented in this paper. Both the methods arel use
calculate the one-step-ahead predicted values efstate
variables. The simulation results show that bothrttethods
are able to accurately predict the behavior of $lgstem
variables.

The AR model offers a measurement pre-screeningyabi
that can complement other post-estimation detection
/identification techniques by processing the raw
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measurements before estimation is performed. Awshio

simulated result in case 1, this method may ocoasip
identify the good measurements as bad; howeverilit

always detect any gross errors existing in the oreasent.
The proposed method is also capable of identifyimgse
measurements that are identified as bad assignédthe

higher weighting factor. As discussed in case lcase 2, the
AR method will provide the necessary pseudo-measeinés
for those measurements that are identified as bt @Thus,
the strength of Burg and MC algorithm in the fi@ifdSE is

also established.
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