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A Fast State Estimator for Systems Including
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Abstract—This paper presents a fast state estimator and a
corresponding bad data (BD) processing architecture aimed at
improving computational efficiency and maintaining high
estimation accuracy of existing state estimation (SE) algorithms,
simultaneously. The conventional and phasor measurements are
separately processed by a three-stage SE method and a linear
estimator, respectively. Then, the derived estimates are combined
using estimation fusion theory. To eliminate computational
bottlenecks of the conventional BD processing scheme, BD
identification is moved before the second stage of SCADA-based
SE, and bad phasor measurements or bad conventional
measurements in the PMU-observable area are identified and
processed all at once, which can dramatically reduce the
implementation time, especially for large-scale networks with
multiple BD. The proposed estimator is compared to existing
methods in terms of estimation accuracy and computational effort
through simulation studies conducted on standard IEEE test
systems. Promising simulation results show that the proposed
estimator could be an effective method to obtain system states in a
fast and accurate manner.

Index Terms—State estimation, linear weighted least squares,
phasor measurement unit, bad data processing, estimation fusion.

I. INTRODUCTION

INCE its initial introduction by Fred Schweppe in 1970 [1],

state estimation (SE) has become an essential tool for
providing accurate system snapshots to several crucial
applications in energy management systems (EMS). The
conventional SE [2], traditionally formulated as a nonlinear
weighted least squares (WLS) problem and solved in an
iterative manner, processes measurements obtained from the
supervisory control and data acquisition (SCADA) system.
With the increasing use of synchronized phasor measurement
units (PMUs) in recent years, the measurement redundancy and
estimation accuracy have been significantly improved because
PMUs can provide synchronized voltage and current phasors
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with respect to the time reference obtained from the global
positioning system (GPS) [3]. When a power system is fully
observable using only PMU measurements, and rectangular
coordinates are used for phasor measurements and state
variables, the estimation problem becomes linear and can be
non-iteratively solved [4]. Despite the undisputed advantages
of using PMUs in power system SE, due to the financial
constraints the number of PMUs deployed in real systems
worldwide is still insufficient to make the system fully
observable [5]. Moreover, the significant past investment in
SCADA infrastructure can provide valuable information that
should not simply be discarded. Thus, SCADA and PMU
measurements will coexist for several years to come, and the
power system SE should effectively integrate both of these
available data sources and provide a unified view [6], [7]. To
address the SE problem under incomplete PMU observability,
two basic approaches, characterized structurally by the number
of estimators used, are addressed: 1) mixing the SCADA and
PMU measurements using a single estimator [5], [8]-[12]; and
2) processing each set of measurements separately and using
two or more estimators [4], [6], [13]-[20]. Although the former
approach can produce estimates with high accuracy, it faces
some serious implementation challenges. One such challenge is
caused by the significant difference between the refresh rates of
SCADA and PMU measurements, which can be successfully
circumvented by the latter approach.

Even though computing power is now orders of magnitude
greater than four decades ago, when power system SE was
championed by Schweppe, the need for computationally more
efficient techniques to integrate data from both the SCADA
system and PMUs still remains due to expansion of the
geographical scope of many SEs and the huge number of
measurement points provided by the ongoing deployment of
new digital devices [21], [22]. A reduced-order two-stage
method, proposed in [4] to perform SE using both SCADA and
PMU measurements, featured lower computational complexity.
To reduce the required execution time, the authors in [13]
offered an alternative approach to incorporate PMU data into
conventional SE through a post-processing step. This scheme
was modified in [15] by introducing supplementary current
measurements in the post-processing step to provide slightly
higher precision. A two-stage state estimator was proposed in
[16] to reduce computational effort. A distributed SE algorithm
was presented in [17] and the simulation results demonstrated
its efficacy in reducing the computational time. A distributed
two-level state estimator function [19], [20] used a linear SE
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algorithm at the control center level but moved the bad data
identification and local topology processing to the substation
level, making this processing very fast.

Bad data (BD) analysis is an essential attribute of any power
system state estimator, and a variety of methods for gross error
detection and identification are available. Among existing
methods, the largest normalized residual test [2] and the
hypothesis testing identification (HTI) method [23] are widely
used for SCADA-based SE. With the increasing penetration of
PMUs in power system SE, BD analysis in PMU measurements
has been a matter of interest for several years. A strategic PMU
placement algorithm was proposed in [24] to improve the BD
processing capability of state estimators. The authors in [10]
applied the largest normalized residual test to address BD
analysis in the context of hybrid SE. However, for multiple BD,
updates on the measurements and states continue until all
normalized residuals drop below a pre-defined detection
threshold. Thus, the re-estimation step constitutes the main
computational bottleneck of the BD analysis. To efficiently
identify multiple gross errors and eliminate a BD smearing
effect, an enhanced BD processing approach was developed in
[7]. However, computational burden associated with the
nonlinear re-estimation step of SCADA-based SE may lower
its performance when there are multiple bad SCADA
measurements in PMU-unobservable area. Therefore, there is a
need to develop a new SE algorithm to improve computational
efficiency which is crucial not only for the solution but also for
the BD processing scheme.

The focus of this paper is on developing a new SE method to
improve computational efficiency and maintain high estimation
accuracy simultaneously, especially for large-scale networks
with multiple BD. First, a three-stage SE method, composed of
two WLS linear problems and a nonlinear transformation, is
used to process the SCADA data. Then, the PMU observable
states are calculated by a linear estimator, whereas pseudo state
values with large variances are assigned to PMU unobservable
states. A fusion stage is used to combine the results obtained
from the above two estimators. Bad SCADA measurements in
PMU-observable area or bad PMU measurements are identified
and processed all at once, which can dramatically reduce the
implementation time. In addition, the linear re-estimation step,
caused by bad SCADA measurements in PMU-unobservable
area, can further improve computational efficiency.

The rest of this paper is organized as follows. Section II
presents the proposed state estimator and bad data processing
scheme. In Section III, the solution accuracy and computational
effort of the proposed algorithm are compared to existing
methods using the IEEE 14-, 30-, 57-, 118-, and 300-bus test
systems. Finally, Section IV provides conclusions.

II. PROPOSED STATE ESTIMATION

This section describes a fast state estimator for integrating
SCADA and PMU measurements. Consider a power system
with n buses, / branches, and measured by ms SCADA
measurements and m, PMU measurements.

A. First Stage of SCADA-Based SE

In the first stage, an auxiliary vector, , is introduced in such
a way that a linear measurement model is represented by [21]
Zoata = AV T € (D#
where zgcada is the SCADA measurement vector with dimension
(msx1); A is a constant Jacobian matrix; and e; is the
measurement error vector that features a normal distribution
with zero mean and covariance matrix Rscapa.
Specifically, for each bus i, the voltage magnitude V; is
squared to get the new variable U;:
u,=Vv. 2)#
Moreover, for each branch connecting buses i and j, the
following two variables are constructed:
K, =VV, cos0, B)#
L, =V}V, sing, A#
where 6; and 6, denote the voltage phase angles of buses 7 and j,
respectively, and 6; = 6; - 6,.
Then, the intermediate state vector, composed of n+2/
variables, is given in block partitioned form:

y={U, K, L. (5)#

Any SCADA measurement can be linearly expressed in
terms of the intermediate state vector as follows [21].
¢ Power flow measurements
For a branch connecting buses i and j, active and reactive
power flow measurements taken at terminal bus 7 are
Pij = (gsh,i + gij)Ui _gini/ _bijL,j/ +ép

Q; =—(b,,, +b)U, +b;K, —g,L, +¢&,

]

(6)#
(D#
where g; and b; are the conductance and susceptance of the
series branch connecting buses i and j, respectively, and gg;
and by, ; are the values of the shunt branch connected at bus i.
¢ Power injection measurements at bus i
P=3F+¢&,
Jjei
0 = z Qij +é&,.
jei
* Voltage magnitude measurement
Here, the voltage magnitude measurements should be
squared to retain linearity in this stage:
Vi=U +g,. (10)

The standard deviation of the error associated with V[2 is

®)#

9)#

calculated using the original measurement V; and its standard
deviation, as follows:

o(V)=200(). (1D)#
The components of constant Jacobian matrix 4 in (1) are
given in [21] and [22]. The WLS solution to the linear problem
(1), p®% | and its error covariance matrix, R{=, can be
directly obtained, respectively, as:

~(scada) __ -1 4T p-1
y =G, SCADA Zscada

(12)
R;scada) — Ga_l (13)#
where G, = A"Ry,,, 4 is a gain matrix and the notation (-)"

denotes transpose.
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B. PMU-Based SE

PMUs offer fast acquisition of voltage and current phasors in
a synchronized manner. When rectangular coordinates are used
for the phasor measurements and state variables, the SE
problem becomes linear and states can be obtained by a
non-iterative algorithm. However, the phasor measurements
derived from PMUs are generally stored and uploaded in polar
form. The relationship between incremental representation in
polar and rectangular coordinates is

JT =

Z, re Z re Z, im z im
[ (O @ W @ ) (14)
Tovu |:A01 A02 A|Zl| A|ZZ| :'
where
[—|z|sing, 0 cosf 0 1
0 —|zz|sin6’2 0 cosé,
T : : : :
iy |z1 | cos 6, 0 sin 6, 0
0 |z,|cos6, -+ 0  siné,
Zyy and z,, - represent the rectangular form of PMU

measurements, and |z;| and 6, denote their polar form. The error
covariance matrix of the measurements in polar coordinates,
RP\y » 1s thereby transformed by a rotation matrix Tpmu to

obtain the error covariance matrix of measurements in
rectangular coordinates, Rp,,, :

Roww =Tovu R (];MU )T . (15)

After the above transformation, a set of positive sequence
voltage and current phasors in rectangular coordinates, zpmu, iS
obtained. PMU observable states are uniquely defined by the
PMU placements and the type of PMU measurements [4]. We
assume there are no, PMU observable states and ny,, PMU
unobservable states, which are denoted by xo» and xu
respectively. A permutation matrix IT is easily defined to
reorder the state vector x such that the PMU observable states
are stacked over the unobservable states, i.e.,

Ix = [xzb x, T .Because I1'T1 =1, the PMU measurement

model can be expressed as follows:
'xob

Zom = BXte, = BM'Tx +e, :[C, CZ][X }+e2 (16)#

where B is the PMU measurement Jacobian, with dimension
(m,x2n),and BII" =[C, C,]. The dimensions of C; and C;

are my, X nop and m, X nu,, respectively. Because all entries in C;
are zero, (16) can be rewritten as

Zpmy = CiXg H 65 A7
Then, the estimate for the PMU observable state vector and its
error covariance are given, respectively, by:

t=[C (B) 6] G (Ro) 2 80

-1 -1
Ry =|CT (Ru) G (19)#
In preparation for bad data processing and the fusion stage,
standard “expected” values for bus complex voltages (real part

= 1, imaginary part = 0) are assigned to the PMU-unobservable
state vector x,, . Because these PMU-unobservable state values

are inaccurate, their variances are usually some orders of
magnitude larger than the tele-measurement variances. Let Ry,
(nun*nun diagonal matrix) be the error covariance matrix of %, .

Then, the estimate for the state vector ™

covariance matrix R"™ are calculated using

)fe(pmu) — HT |:)fobj|
Xun

R,\(‘pmm = H’erobHI + H;RunHZ

and its error

(20)#

Q1)#
where I1 = [HIT HHT , and the dimensions of IT, and IT,
are nopx2n and nu*2n, respectively.

C. Bad Data Processing Scheme

The previous two subsections process SCADA and PMU
measurements independently and individually. When “scada”
and “pmu” are used as superscripts, they denote in which
estimator a vector/matrix is computed, whereas subscripts
“scada” and “pmu” represent the type of measurements to

which a vector/matrix is associated [7].

(pmu)

The state estimate x is obtained together with its error

covariance matrix R®™ from processing PMU measurements

2 (pmu)

only. Then, using x , the estimated intermediate state

vector ™™ is calculated as follows:
Hom = {U}"’““’ [gl_ﬁpmu) L‘E_fmu)} (22)
where
o = (3 )+ (5) @3
R = R0 + R (24)
L™ = R0 - 5503 (25)

2 (pmu) 2 (pmu) imagi
where %7 and %7 are the real and imaginary parts of the

estimated voltage phasor for bus I, respectively, which are
obtained from (20). From the above relationships (23)-(25), the

(n+21)x2n Jacobian F, =dy/ox is evaluated at x =X,

and its components are provided in Table I.

TABLEI
JACOBIAN COMPONENTS IN THE BD PROCESSING SCHEME
Y =Xore  *=¥)im YT ¥ X TX()im
ou, fox 2% 2X4)im 0 0
K, [or Xy Xjyim Xiyre X(iyim
oL, fox =Xy e Xiyim “Xiyre

Therefore, the error covariance matrix of ™™

(pmu) _ (pmu) 7= T
RI™ = F,RO™F]

is calculated as
26)#

Using ™™, the estimated SCADA measurement vector
2 (pmu) H : : (pmu) H
zo and its error covariance matrix M)\ are given by
spmu) _ g~ (pmu)
Zscada - Ay (27)#
MO = ARP™ 4" 28)#
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Thus, considering the SCADA measurement vector z,

scada ?
the following difference vector and its covariance matrix are
computed, respectively, as [7]

(pmu) _ £ (pmu)
Ficada = Zscada ~ Zscada (29)#
(pmu) _ (pmu)
Jscada RSCADA + Mscada . (30)#
The components of 7®1 are normalized as follows:
(me)(
i)
(pmu) scada
rNscada ( ) (pmu) N (31)
Jscada (ZD l)

A flag vector a with the same dimension as zZscada 1S defined as#

0, »,"™() < threshold
i) = {1 i 7 ()
Pt s used to calculate the estimated SCADA

7, ™ (i) > threshold

Similarly, y

~(scada)
scada

measurement vector Z and its error covariance matrix

M (scada)

scada

respectively, using

A (scada)
scada

(33)#
MERY = ARTE AT GhH#

Then, the estimation residual vector and its covariance matrix
are given by

— A)f}(scada)

(scada) __ A(scada)
Teada = Zscada ~ Zscada (3 5)#
(scada) _ (scada)

‘]scada RSCADA -M scada * (3 6)#
The components of 7% are normalized as
(scada)

(scada) Tcada (l)

N scada ( ) (3 7)

J(scada) (l l)
2

scada

and a flag vector f with the same size of zscada 1s defined as

[0, 7,59 ) < threshold
BG) = {1

rNscadw
7,8 (1) > threshold

It is worth mentioning that the flag vector £ is valid in the
case of non-critical single or uncorrelated multiple BD.

Since only SCADA measurements are used in (33)-(38), the
flag vector S just identifies the suspicious bad SCADA
measurements. The diagnosis of BD should integrate the
information from both flag vectors o and /5 as shown in Table II.

(38)#

TABLEII
DIAGNOSIS OF BAD DATA
Bad Data Indication Diagnosis
1 sum(e) =0 & sum(f) =0 No BD

5 sum(e) = 0 & sum(f) # 0 BDin z_, (all ofthese BD are in

the PMU-unobservable area)

3 sum(a) % 0 & sum(f) # 0 BDin z_, (some/all of these BD

are in the PMU-observable area)

4 sum(e) =0 & sum(f) =0 BD in PMU measurements

We assume that BD in SCADA and PMU measurements do
not occur simultaneously. Scenario 1: If flag vectors o and f

are zero vectors, i.e., no threshold violations in either 7, "
(scada)

“veda » then there are no BD in the SCADA and PMU
measurements. Scenario 2: In the case of threshold violations

in 7,5 indicated by the non-zero value of the sum of all

or

components in flag vector f and no threshold violations in
(bmw) bad SCADA measurements the

rNscada 4

PMU-unobservable areca. Then, the conventional BD
processing method, i.e., repeated application of BD detection,
identification, correction, and re-estimation, is performed to
eliminate the BD one-by-one. As shown in (11), if a bad voltage
magnitude measurement exists in the PMU-unobservable area,
the variance of its squared version is corrupted and cannot be
used in the correction step. Thus, the bad voltage magnitude
measurements in this scenario should be deleted, whereas other
bad SCADA measurements, such as active/reactive power

flows and power injections, are corrected as follows:
_ bad -
(l) Zicada (l)

Scenario 3: Non-zero vectors o and £ indicate the presence of
gross eIrors in Zsada, and some or all of these BD occur within
the network area observed by PMU measurements. First, the
suspect SCADA measurements flagged by o can easily be
replaced all at once by their corresponding estimates obtained
from (27), weighted according to the diagonal elements of

matrix M ®™" defined in (28). The intermediate state vector y is

scada

occur in

new
icada

RSCADA (l l) (scada)()
J(scada)( ) Fcada

scada

(39)

then re-estimated using the updated SCADA measurements.
Lastly, the normalized estimation residual vector is
re-calculated to check whether there are still bad SCADA
measurements in the PMU-unobservable area. If elements in

rSad) exceed the predefined threshold, the bad SCADA
measurements can only be eliminated one-by-one using a
conventional BD processing scheme, as in Scenario 2.
Scenario 4: If zero vector f validates SCADA measurements

but elements of 7, ™™

vensa €Xceed the detection threshold, one can

obtained in (27)
is contaminated by the presence of BD in PMU measurements.
In this situation, $*“* obtained in (12) is valid and can be

2 (pmu)
scada

conclude that the estimated measurement Z.

used to obtain state vector £°“* (in rectangular form) and its
error covariance matrix R*“* as per Section II-D. Then, the

estimated PMU measurements Z0~® and the error covariance

matrix M <% are given by

pmu

A:)sr:‘zda) — B)%(scada) (40)#
M](J:ada) — BRJ((scada)BT X (41)#
Similarly, the following differences can be computed,
normalized, and flagged:
(scada) __ 2 (scada)
rpmu - meu - meu (42)#
J [(fnﬁffa’ Royw + M ;Snffld") 43)#
(acada) ( )
e (1) = — (44)
Som (0,1
, 1,599 () < threshold
yi=1" " (45)#

7,599 (1) > threshold

4 Npmu
the estimated PMU
sufficiently  accurate.

Compared to tele-measurement,
0 are  not

measurements  z

Furthermore, as shown in (14) and (15), the covariance matrix
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Ry s contaminated if there are BD in PMU measurements

and therefore cannot be used to correct the BD in the hybrid
estimator [10] and the alternative estimator [13] mentioned in
the next section. Thus, instead of replacing the BD by their
estimates obtained in (40), the spurious PMU measurements
flagged by the vector y are deleted all at once. The block
diagram depicted in Fig. 1 represents the proposed SE and BD
processing scheme. The PMU-based SE and the first stage of
SCADA-based SE are processed in parallel.

First stage of SCADA-based SE PMU-based SE -

v | Processed
Calculate ¢ and /i € in parallel

v

sum(f) =07? No
‘*’ Yes Second and third stage
No sum(a) > 07 of SCADA-based SE

Stcndl io 3

BD flagged by a are
replaced all at once by their
estimates obtained in (27).

Yes +
No

sum(e) =07

A wYes

13

L]

L

U

'

H 4 -, .

' f Calculate y "
e " h ' ;
¥ is re-estimated as (12). ’ - *

/7 is re-calculated. ' ]
:
1
'

v

b BD flagged by y are |
| deleted all at once, and |

z No state vector is re-estimated
sum(f) =07 :
®) : in PMU-based SE.
YLS H Ty T
'a:' BD are C|l|:‘lllliltcd one- bv-l !', Fusion of SCADA- and
:‘: one ll‘-sll]}:, the conventiona :. PMU-based estimates

'y BD processing scheme.

Fig. 1. Architecture of proposed SE and BD processing scheme.

D. Second and Third Stages of SCADA-Based SE

So far, we can confirm no BD in the SCADA measurements.
The state vector is computed through the second and third
stages of SCADA-based SE as follows.

To obtain a new vector u that is, in turn, linearly related to the
conventional state vector, an explicit nonlinear transformation,
shown in (46), is applied to the estimate y provided by the first
stage of SCADA-based SE [21]:

u=f,()- (46)#
The components of vector u,
=& ¢ 4. Cl
can be explicitly related to those of vector y as follows:
¢, =hU, (48)#
& =hn(K;+L) (49)#
6, = arctan (L,,J./Kﬁ) ) (50)#

From the above nonlinear relationships (48)-(50), the
(n+20)x(n+2l) Jacobian F, =ou/dy is evaluated at
~ (scada)

y=y , and its components are given as follows:
o¢,/ou, =1/u, (S1)#
{64’0. JOK; 0g; /aLl.j} _ 1 {ZKU 2LI]} ey
06,/0K; 0, [oL; | K;+L,|-L, K,

Then, the error covariance matrix of u is calculated as follows:
R, =F,R*VFT. (33)#

uty

In the final stage, the state vector s is slightly modified in
such a way that u is a linear function thereof. For this purpose, u
and s in blocked form are expressed as

u=[g" ¢ 61 s=[g" 0T

where the subscript “b” denotes the set of branch variables, and
logarithmic version { is chosen as the state rather than the
ordinary voltage magnitude. Then, the linear measurement
model in blocked form is given by

c I10
| ¢
u=Ds+e, = |&,|=[|s"]1 0 [9}8“ (54)#
1 | 0 TNT

where S is the branch-to-node incidence matrix and N is a
reduced matrix obtained by omitting the reference phase angle
in S. The WLS estimate § and its error covariance matrix can be
computed as follows:

§=G,'D'R i (55)

R =G, (56)#

where G, =D"R,'D is the gain matrix and @ is obtained
from (47)-(50). Once { in § is available, voltage magnitude
V =0.5exp(¢) can be readily obtained. Thus, the relationship
between incremental representation of the state vector in polar
form x =[V" @"]" and the state vector in (54) is given by

Ax, = F.As {AV} _ {0.5 exp(é’)}{Aé’} 57)
AG 1 AQ
where Jacobian F, = dx/ds is evaluated at s =5 . The error
covariance matrix of x,, R{.,p, > is then
Rcaon = FstEvT . (58)

To formulate the fusion step, %, should be transformed to

achieve the state vector in rectangular coordinates $¢%® .

Meanwhile, the error covariance matrix of £°“* is given by

(scada) T
& SCADARSCADA (Y;CADA ) (59
where rotation matrix 7,.,,, is similar to that in (15) but

different in detail and size.

E. Fusion of SCADA- and PMU-Based Estimates

The final state estimate, x™", can be computed as [6]

i(ﬁnal) W)'e(suadd) + W 2 (pmu) (60)

where the weights in the above equation are given by
VVI — R)(Cpmu) (Riscada) + R)((pmu) )_l (61)
Wz — Riscada) (Riscada) +R§pmu) )71 (62)

As mentioned in Section II-B, large variances are assigned to
the PMU-unobservable states, so the estimates provided for
those states in PMU-based SE receive very small weights. The
corresponding SCADA-based estimates eventually prevail at
the fusion step and the final estimates will not be contaminated
by inaccurate PMU-unobservable states.
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III. SIMULATION RESULTS

In this section, the simulation results corresponding to the
IEEE 14-, 30-, 57-, 118-, and 300-bus test systems [25] are
presented and discussed. Four distinct estimators are employed
as references to evaluate the proposed fast SE method (FSE) in
terms of solution accuracy and computational effort: a hybrid
estimator (HSE) [10], a conventional SCADA-based estimator
(SSE) [2], a bilinear SCADA-based estimator (BSE) [21], and
an alternative estimator (ASE) developed in [13]. SSE and BSE
only use the SCADA measurements, while the other three
estimators integrate data from both the SCADA system and
PMUs. Specifically, instead of performing the well-known
Gauss-Newton iterative scheme in SSE [2], BSE is composed
of two WLS linear models and a nonlinear explicit
transformation in between [21]. Moreover, in the HSE
formulation, PMU and SCADA measurements are
simultaneously processed in a single non-linear WLS estimator
[10], but ASE uses the PMU measurements through a linear
post-processing step after obtaining the results of SSE [13]. So
far, HSE is recognized as the best state estimator that
incorporates both SCADA and PMU measurements in terms of
accuracy [6], [7]. For SCADA measurements, unless otherwise
noted, it is assumed that voltage measurements and power
injections are taken at all buses, and power flows are taken
across all branches (“from” terminal only). A PMU placed at a
bus is assumed to measure the voltage phasor at that bus as well
as the current phasors on all lines incident to that bus. The PMU
placement configurations adopted in this study are documented
in [4]. Table III gives the measurement types and the
corresponding standard deviations used in this study. The
variance of pseudo states used in Section II-B is 1x103.

TABLE I1I
STANDARD DEVIATIONS FOR SCADA AND PMU MEASUREMENTS

SCADA measurement
Power Power
V1 flows injections
1% 2% 2%

PMU measurements

V1 Y
01%  0.1%

Phase angle
0.0017 rad

A. Assessment of Estimation Accuracy

Figs. 2, 3, 4, and 5 illustrate the absolute estimation errors
(averaged over 100 statistical trials) of five estimators
associated with the estimates of the voltage phase angle and
magnitude at each bus for the IEEE 14-bus, 30-bus, 57-bus, and
118-bus test systems, respectively (results for the 300-bus
system are omitted due to space limitations). The FSE plot
clearly shows that the limited PMU measurements can greatly
enhance the results of the bilinear SCADA-based estimator,
labeled as BSE, through a fusion stage. Moreover, FSE
estimation errors are almost coincident with those of HSE,
which demonstrates that the pseudo states with large variances
used in PMU-based SE are filtered out in the fusion procedure
and do not affect the final estimation results.

1:x1o'3 1:x10'3
[ [ X HSE —FSE [J ASE - SSE  BSE [ [ X HSE —FSE [ ASE -~ SSE % BSE

1
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Fig. 2. Absolute estimation errors for the IEEE 14-bus system without BD: (a)
voltage phase angle error and (b) voltage magnitude error.
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Fig. 3. Absolute estimation errors for the IEEE 30-bus system without BD: (a)
voltage phase angle error and (b) voltage magnitude error.
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Fig. 4. Absolute estimation errors for the IEEE 57-bus system without BD: (a)
voltage phase angle error and (b) voltage magnitude error.

To assess the effect of measurement redundancy level on
estimation accuracy, two measurement sets are considered: 1) a
low redundancy case (L): voltage and power injection
measurements at 90 percent of all buses, power flows across all
branches (“from” terminal only), and the same PMU placement
configurations as in [4]; and 2) a high redundancy level (H):
power flows at both terminal nodes of all branches, voltage
magnitudes and power injections at all buses, and one more
PMU added at a randomly selected bus. In the low redundancy
case, the voltage and power injection measurements are
distributed evenly across the system. Table IV depicts the mean
errors of voltage phase angle and magnitude calculated for all
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Fig. 5. Absolute estimation errors for the IEEE 118-bus system without BD: (a)
voltage phase angle error and (b) voltage magnitude error.

estimators at two measurement redundancy levels. As expected,
the estimation errors are lower for the higher redundancy level.
Moreover, the SSE and BSE only use the inaccurate SCADA
measurements, so their mean estimation errors are larger than
those of the other three estimators. Compared to SSE, accuracy
of the BSE strategy may deteriorate with a decrease in SCADA
measurement redundancy level. However, the numerical
indices computed for the five networks demonstrate the same
accuracy performance as the FSE and HSE strategies at two
measurements redundancy levels. In addition, as described in
[13], the ASE can provide estimates with the same accuracy as
those obtained by the HSE strategy.

TABLE IV

ACCURACY PERFORMANCE OF FIVE ESTIMATORS
Testsystem  °"°"  HSE  FSE  ASE  SSE  BSE

mean

L 0238 0238 0238 0793 0.7%
IEEE 6 0203 0203 0203 0743 0743
labus 1 0141 0141 0141 0663  0.663
6 0150 0.150 0150 0.608  0.608
LM 0245 0245 0245 0747 0748
IEEE 6 0262 0262 0262 0971 0971
30-bus o V] 0183 0183 0183 0652 0652
6 018 0.8 018 0718 0.718
L0175 0175 0175 0685 0686
IEEE 6 0201 0201 0201 0839 0.839
S7bus V] 0154 0154 0154 0576 0576
6 0166 0.166 0166 0.647 0.647
L M 0164 0164 0164 0401 0401
IEEE 6 0188 0.88 0188 0615 0.615
Hbus o /] 0141 0141 0141 0339 0338
6 0164 0.164 0164 0426 0426
LM 0262 0262 0262 0516 0516
[EEE 6 0482 0482 0482 1147  1.147
300-bus o [F] 0204 0204 0204 0414 0414
6 0403 0403 0403  0.844  0.844

All results are x1073.

The absolute estimation errors of the five estimators when
four bad SCADA measurements in the PMU-observable area
are introduced in the IEEE 30-bus test system are shown in Fig.
6. Compared to the voltage phase angle and magnitude errors of
SSE without BD, the accuracy performance of the SSE and
BSE deteriorate at different levels due to the bad SCADA

measurements. However, because these BD are located in the
PMU-observable area, the results achieved by the HSE, FSE,
and ASE strategies are barely distinguishable from the best one,
i.e., HSE without BD.
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Fig. 6. Absolute estimation errors for the IEEE 30-bus system with four bad
SCADA measurements in the PMU-observable area: (a) voltage phase angle
error and (b) voltage magnitude error.

Furthermore, the voltage phase angle and magnitude errors
derived from five estimators when four bad SCADA
measurements (voltage magnitudes V; and Vs, active power
flow P34, and active power injection Pj;3) in the
PMU-unobservable area are introduced in the IEEE 30-bus
system are depicted in Fig. 7. Similar to what was observed in
Fig. 6, the SSE and BSE strategies cannot eliminate the
detrimental effect of BD. As shown in Fig. 7(a), the phase angle
estimate of bus 13 computed from HSE, FSE, and ASE cannot
achieve the same accuracy level when no BD occurs because of
the bad active power injection measurement P;3 located in
PMU-unobservable area.
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Fig. 7. Absolute estimation errors for the IEEE 30-bus system with four bad
SCADA measurements in the PMU-unobservable area: (a) voltage phase angle
error and (b) voltage magnitude error.

The absolute estimation errors of three estimators when four
PMU measurements (both the phase angles and magnitudes of

=
(¢}
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voltage phasor ¥, and current phasor I, ) are introduced in

the 30-bus system are shown in Fig. 8. As shown in Fig. 1, the
bad PMU measurements are deleted rather than corrected after
being identified. Thus, the originally PMU observable states,
i.e., the voltage phase angle and magnitude of bus 8, become
unobservable after deleting ¥, and I, ,. For this reason, the

voltage phase angle and magnitude errors of bus 8 derived from

the HSE, ASE, and FSE strategies are much larger than those

obtained with no bad PMU measurements.
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Fig. 8. Absolute estimation errors for IEEE 30-bus system with four bad PMU
measurements: (a) voltage phase angle error and (b) voltage magnitude error.

In summary, the results presented so far demonstrate that the
proposed FSE strategy has almost the same estimation accuracy
as HSE and ASE strategies for different BD scenarios.

B. Assessment of Computational Effort

All five estimators mentioned in Section III-A were coded in
a MATLAB R2013a environment, and carried out on a
3.3-GHz desktop with 4 GB memory. Except for sparse matrix
methods, no special effort was made to optimize the program
codes. For each test system, the proposed FSE was assessed by
comparing it with the other estimators in terms of computing
time under five cases:

+ Case 1: No BD;

¢ Case 2: Five BD in SCADA measurements (all of these
BD are in the PMU-observable area);

* Case 3: Five BD in SCADA measurements (three BD are
in the PMU-observable area and two BD are in the
PMU-unobservable area);

¢ Case 4: Five BD in SCADA measurements (all of these
BD are in the PMU-unobservable area); and

¢ Case 5: Four BD, i.e., two bad voltage/current phasor
measurements (both their phase angle and magnitude) in
PMU measurements.

In each case, 100 Monte Carlo simulations were executed
with different Gaussian errors, and BD values were assigned to
different measurements in each simulation run. The BD
detection threshold adopted in this study for normalized
residual tests is 3, i.e., 99.7% confidence level. Because the
PMU-based estimator and the first stage of the SCADA-based

estimator constitute separate modules and process distinct
measurement sets, it is reasonable to consider a parallelization
of these two processes (Fig. 1). Accordingly, if temu, trusion, 21, 2,
and #; denote the execution time of PMU-based SE, fusion stage,
and the first, second, and third stages of SCADA-based SE,
respectively, then the computing time for the FSE strategy, frse,
can be derived as follows:
tse = MAX(ly Ly ) T4, +15 + g (63)#
Table V provides the computing time for each individual
stage of the FSE strategy as well as the total execution time for
Case 1. For the IEEE 14-bus and 30-bus systems, although the
PMU-based SE and the first stage of SCADA-based SE are
both linear, and a larger number of measurements are processed
in the latter, tpmu > #1 due to the additional calculation of the
PMU measurement vector in rectangular coordinates as well as
its error covariance matrix. With growing network size, #
increases considerably and even takes up a much larger
proportion in #sg; this is expected due to the sharp rise in the

number of SCADA measurements.
TABLEV
COMPUTING TIME (MS) FOR FSE STRATEGY WITHOUT BD

Test
System
IEEE
14-bus
IEEE
30-bus
IEEE
57-bus
IEEE
118-bus
IEEE
300-bus

t tpmu [} ] frusion trsE

0.3 0.6 0.26 0.26 0.4 1.52

0.7 1.1 0.5 0.5 0.8 2.9

3.0 2.9 0.5 0.8 2.1 6.4

16.2 3.9 0.7 1.7 8.2 26.8

51.8 26.2 1.2 9.6 91.3 153.9

Table VI presents the computing time of five estimators
under five cases for each test system, in which fusg, frsg, fasE,
tsse, and fpsp represent the execution times of the HSE, FSE,
ASE, SSE, and BSE strategies, respectively. The SSE and BSE
use only SCADA measurements. When there are no BD (Case
1), the speedup achieved by BSE, defined as #sse/fasg, ranges
from 2.7 to 3.8, with higher values obtained for larger networks.
The speedup values, ranging from 3.6 to 5.4, are obtained when
five BD occur in the SCADA measurements (Cases 2-4). This
can be explained as follows: although BD in these two
estimators are identified and corrected one-by-one, the
re-estimation step in BSE is linear and can significantly reduce
the required computing time. The other three estimators, i.e.,
HSE, FSE, and ASE, deal with both SCADA and PMU
measurements. The proposed FSE methodology has superior
computational performance, resulting in up to 3.4~4.7 and
1.8~2.8 orders of implementation time reduction compared to
HSE and ASE, respectively, for the five test systems under
Case 1. For the cases with bad measurements, the resulting
speedups, defined as tusg/trse and tasg/trsg, are remarkably high
(from 4.9 to 14.2 and 2.0 to 6.5, respectively). In Case 4, all five
bad SCADA measurements are in the PMU-unobservable area,
so these BD are identified and eliminated one-by-one in the
FSE. On the contrary, the same amount of BD in Case 2 can be
dealt with all at once, and is why the computing time of the FSE
for Case 2 is much less than for Case 4. Before BD processing,
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the estimates derived from the HSE for Case 2 are more
accurate than for Case 4 because the detrimental effect of bad
SCADA measurements in the PMU-observable area is
weakened by the accurate PMU measurements. Moreover, a
hot-start execution is implemented in the re-estimation step of
BD processing for the HSE solution. Thus, compared to Case 4,
the average number of iterations in the re-estimation step in
Case 2 can be significantly reduced, and its execution time
decreases accordingly. However, for each test system, the ASE
solution in Cases 2-4 takes almost the same execution time. In
addition to dealing with a smaller BD set, HSE and FSE in Case
5 omit the BD correction step, which gives rise to a shorter
implementation time than for Cases 2-4. It is worth mentioning
that the execution time of ASE in Case 5 is about 2.5-fold less
compared to Cases 2-4 for the five test systems because the
re-estimation step in the former case is non-iterative.

TABLE VI
COMPUTATIONAL EFFORT OF FIVE ESTIMATORS UNDER FIVE CASES

Test Computing Time (ms)
Case
System THSE Trse IASE tssE BsE
1 5.20 1.52 2.81 2.20 0.82
2 19.3 3.1 13.4 12.7 34
115_1;58 3 22.9 3.6 13.3 12.5 3.5
4 25.5 4.0 134 12.6 3.5
5 17.7 2.7 5.4 - -
1 10.3 2.9 5.3 4.6 1.7
2 423 52 32.1 30.5 8.3
3I(I)E-Eb1]?s 3 45.7 8.1 31.7 30.4 8.4
4 48.3 9.9 32.0 30.5 8.4
5 40.8 4.8 12.7 - -
1 27.6 6.4 154 11.7 43
2 113.1 14.1 88.5 84.8 23.2
B3 133 206 884 845 235
4 143.6 25.3 88.4 84.7 23.3
5 109.2 11.6 34.8 - -
1 122.1 26.8 75.1 57.5 18.6
IEEE 2 526.1 60.4 389.8 373.0 78.8
118-bus 3 580.3 78.6 390.0 372.5 78.6
4 622.5 86.8 389.5 372.4 78.7
5 507.9 35.7 151.6 - -
1 720.9 153.9 397.4 241.0 62.6
[EEE 2 2809.2 348.2 2160.2 2003.5 373.6
300-bus 3 3056.2 372.0 2159.8 2002.8 372.8
4 3298.5 396.5 2160.1 2003.2 374.1
5 2589.8 193.1 850.2 - -

To further demonstrate the superiority of computational
performance of the proposed FSE, the average number of
megaflops (floating-point operations x 10°) of five estimators
under five cases for IEEE 30- and 118-bus systems are
calculated using a FLOPs counter [26] and depicted in Table
VII. Compared to SSE, the linear re-estimation step in BSE
leads to a significant reduction in the number of megaflops.
Moreover, the number of megaflops required by ASE increases
rapidly in the presence of five bad SCADA measurements. In
addition, comparing megaflops in Cases 1 and 5 shows that the
bad PMU measurements have a far greater impact on the
computational effort for HSE than for FSE, with a 3- to 4-fold
megaflops increase for HSE and only a very small increase for
FSE. This is because the bad PMU measurements with large
weights can seriously affect the accuracy of the estimates
obtained from HSE before BD processing and the required
iteration number in the following re-estimation step will be

sharply increased, while bad PMU measurements in FSE can be
eliminated all at once. It is worth mentioning that, as shown in
Table VI, the computing time of FSE in Case 2 for IEEE 30- or
118-bus systems is almost equal to or less than that of ASE and
SSE in Case 1, but the corresponding megaflops illustrated in
Table VII almost triple. This demonstrates the parallelism
degree of the proposed FSE strategy is higher than that of ASE
and SSE. Thus, FSE can take more advantage of the high
performance parallel processors (e.g., field-programmable gate
arrays [27] and graphics processing units [28]) that have
experienced rapid development in the past few years.

TABLE VII
NUMBER OF MEGAFLOPS OF FIVE ESTIMATORS UNDER FIVE CASES
Test Case Number of Megaflops

System HSE FSE ASE SSE BSE
1 89.4 13.6 20.4 14.6 10.2
IEEE 2 401.4 51.3 269.1 263.3 40.8
30-bus 3 4458 57.4 269.1 263.3 40.8
4 468.1 459 269.1 263.3 40.8

5 371.6 14.4 40.7 - -
1 6715 979 1630 1348 818
IEEE 2 22888 3944 13625 13344 3107
118-bus 3 25570 4421 13625 13344 3107
4 28251 3835 13625 13344 3107

5 20464 1008 2661 - -

IV. CONCLUSIONS

In this paper, we present a fast algorithm for combining
SCADA and insufficient PMU measurements in state
estimation. Five test systems, i.e., IEEE 14-bus, 30-bus, 57-bus,
118-bus and 300-bus systems, are employed to assess the
proposed estimator under various BD scenarios. Simulation
results show that the proposed estimator takes much less
computing time compared to existing approaches, especially
for large-scale networks with multiple bad SCADA
measurements in the PMU-observable area, and can provide
almost the same estimation accuracy as the HSE estimator.
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