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Abstract

In this paper, the fusion estimation problem is investigated for a class of multi-rate power systems with randomly occurring
delays in supervisory control and data acquisition (SCADA) measurements. The power system is measured by the SCADA
and the phasor measurement unit (PMU), and the state updating period of the power system is allowed to be different from
the sampling periods of the SCADA and the PMU. The phenomenon of the randomly occurring SCADA measurement delays
is characterized by a set of Bernoulli distributed random variables. To facilitate the state estimator design, a new approach
is developed to transform the multi-rate power system into single-rate one. First, two local state estimators are designed,
respectively, based on the SCADA and the PMU measurements such that upper bounds of the local estimation error covariances
are guaranteed at each sampling instant, and such upper bounds are subsequently minimized by appropriately designing the
gains of both local state estimators. Then, the asynchronous estimates from the local state estimators are fused by recurring
to the covariance intersection fusion scheme. Finally, a simulation experiment is carried out on the IEEE 14-bus system to
illustrate the effectiveness of the proposed fusion estimation scheme.
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1 Introduction ing PMU and the limited bandwidth of the communi-

As a key module of the energy management systems
(EMS), efficient yet accurate state estimation (SE) plays
a vital role in the operation and control of the power
systems [7-9,12,41]. Traditional SE algorithms based on
the classical static weighted-least-square (WLS) method
has been widely applied in practice, where the measure-
ments generated by the supervisory control and data ac-
quisition (SCADA) unit are used to estimate the state
of the power system. In practice, however, the tradition-
al SCADA measurements might exhibit the features of
low sampling rate and low accuracy, which makes it dif-
ficult to reveal the dynamic behavior of the power sys-
tems correctly, thereby impairing the real-time capabil-
ity and reliability of the state estimation [6,22,34,41].

In order to overcome the weakness of the SCADA, the
phasor measurement unit (PMU) has been playing an
increasingly important role in the power systems. Com-
pared with the SCADA, the PMU has much higher sam-
pling rate which facilitates accurate yet timely measure-
ments [22]. In this sense, the PMUs are particularly suit-
able for dynamic state estimation (DSE) of power sys-
tems. Unfortunately, due to the high cost of implement-
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cation network, it is impractical to deploy the PMU on
every node of the power system in the foreseeable fu-
ture. As such, an effective way is to simultaneously u-
tilize the measurements from both the SCADA and the
PMU in order to achieve an adequate tradeoff between
the estimation accuracy and the implementation cost.
Consequently, it is of vital importance to develop a SE
scheme to use both SCADA and PMU measurements to
estimate the state of the power systems [20,21].

Recently, the SE problem for power systems with mixed
SCADA and PMU measurements has attracted increas-
ing research attention, and there are mainly two kinds
of estimation schemes in the literature [21,22]. One es-
timation scheme is to use a single state estimator where
the measurements from the PMUs are mixed with those
from the SCADA, see [5, 20, 27]. For instance, a sin-
gle state estimator for power systems has been designed
in [20] by augmenting the measurements from the S-
CADA and the PMUs. Unfortunately, most of the ex-
isting results based on such kind of scheme cannot ex-
ert the predominance of the PMU since the SE is only
performed at the coarse SCADA time-scale. The second
kind of SE scheme is the hybrid one where the estimate
from the SCADA-based state estimator is ameliorated
by a second estimator which utilizes measurement from
PMU only, see [10,17,29]. For example, a novel hybrid
SE scheme has been proposed in [10], where the SCADA-
based estimate and the PMU-based estimate have been
obtained independently and then fused. In practical ap-
plication, however, the advantages of the PMU would be
lost if the hybrid estimator is simply worked at the coarse
SCADA time-scale while the communication and com-
putation burden would be increased if the hybrid estima-
tion is performed at the PMU sampling rate. It should
be pointed out that despite the wide deployment of the
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static WLS method in power systems, the drawback-
s such as poor robustness in the presence of non-ideal
measurements may degrade the performance of the WL-
S method severely [18,30]. Moreover, the WLS method
can only forecast the current system states while can-
not provide the estimates for the next time step [18]. As
such, there is a practical need to develop new approach-
es for DSE and online monitoring of the power systems
with the mixed SCADA and PMU measurements.

So far, Kalman-filter-based DSE approaches have been
widely applied in the power systems, see [21,22,41]. To
estimate the state of the power systems in the presence
of the nonlinear measurement, the extend Kalman fil-
tering algorithm has been adopted in [13,15,20]. On the
other hand, some filtering algorithms have been devel-
oped to reduce the computation burden of calculating
the Jacobian matrix and better handle the nonlinearities
in the power systems, see [29,40]. For example, in [29], a
hybrid DSE method has been proposed, where the SCA-
DA and the PMU measurements have been processed
in parallel based on the cubature Kalman filtering algo-
rithm, and then the estimates have been fused. In [40],
a robust unscented Kalman filtering algorithm has been
designed for DSE for power systems, and the proposed
filtering algorithm performs well in the presence of non-
Gaussian process and measurement noises.

In a power system with both the PMUs and the SCA-
DA, the measurements are generated with different rates
due to the fact that the PMU has a sampling rate of 10—
120 samples per second while the SCADA samples ev-
ery 0.5-2 seconds [16]. Such kind of multi-rate systems
with asynchronous measurements have received consid-
erable research attention in the past decade [16,28, 33].
For example, in [16], based on the fusion scheme in [33],
the fusion estimation problem for the power systems
with multi-rate measurements has been studied, while
the asynchronicities among the SCADA and PMU have
been ignored. Nevertheless, when it comes to the pow-
er systems, the fusion estimation problem for multi-rate
multi-sensor systems with asynchronous measurements
has not received adequate research attention yet despite
its promising engineering significance. Therefore, it is of
great necessity to investigate the fusion estimation prob-
lem for power systems with both SCADA and PMUs,
and this motivates our current research.

In most existing results concerning the state estimation
problems, there have been an implicit assumption that
the measurement outputs are associated with the cur-
rent state of the system [1,2,14,38]. This assumption is
quite restrictive in practice since the measurement out-
puts are often subject to unavoidable delays due to the
time skewness and long-distance communication [21,37].
Compared with the synchronized PMU measurements u-
tilizing global position systems (GPS), the phenomenon
of time skewness is often encountered in asynchronous
SCADA measurements. On the other hand, tradition-
al communication medias (e.g. power line and telephone
line), which may suffer from the randomly occurring
network-induced communication delays due to limited
bandwidth, are still extensively used in the SCADA sys-
tems. Since the delayed measurements could largely af-
fect the system stability [21,22], it is of vital significance
to design state estimators that are capable of mitigat-
ing the side-effects caused by time delays. Up to now, s-

tate estimation problems with measurement delays have
received much attention, see e.g. [30, 37]. Despite the
progress made so far, little research attention has been
paid on the state estimation problem for power systems
with randomly occurring SCADA measurement delays.

Based on the above mentioned issues, the main motiva-
tions of this paper are to: 1) establish a novel SE frame-
work for the mized SCADA and PMU measurements
which not only takes the advantages of the high sampling
rate of the PMU but also efficiently utilizes the SCADA
measurements; 2) develop a mechanism to transform the
multi-rate system into a single-rate one for the conve-
nience of estimator design; 3) design an appropriate es-
timator which can better tackle the randomly occurring
SCADA measurement delays; and 4) propose a fusion
scheme which has a satisfactory performance. As such,
in this paper, we aim to solve the fusion estimation prob-
lem for multi-rate power systems with randomly occur-
ring SCADA measurement delays. The main contribu-
tions of the paper can be highlighted as follows: 1) the
fusion estimation problem is, for the first time, investi-
gated for dynamic state estimation of power systems with
multi-rate measurements and randomly occurring SCA-
DA measurement delays; 2) an augmentation method is
applied to transform the multi-rate system into a single-
rate one, and two local state estimators are then designed,
respectively, based on the SCADA and the PMU mea-
surements such that the upper bounds of the local estima-
tion error covariances are minimized at each sampling
instant; and 3) a fusion estimation scheme is proposed
by recurring to the covariance intersection (CI) fusion
method to fuse the asynchronous local estimates. Final-
ly, intensive numerical simulation is carried out on the
IEEE 14-bus system in order to illustrate the effective-
ness of the proposed fusion estimation scheme for power
systems.

Notation The notations used here are fairly standard.
diag{---} and diag,, {*} represent the block-diagonal
matrix and diag{x, -, x}, respectively. col,,{*} stand-

——

s for col{*,--- ,x}. o is the Hadamard product which is
——

defined as [A o B];; = A;; X Bjj.
2 Problem Formulation

2.1 Power System Model

In this paper, it is assumed that the power system oper-
ates in the quasi-steady state. Let us consider a power
system containing N buses described by [13,20-22]:

T(k+1)h = Azpp, + Bu + wp, (1)

where z,, € R?Y is the state vector evolving at a basic
period h (h is omitted for brevity in the sequel), z, =
Vike Var - Vg 01 0ok -+ Onk)T with Vi and
0,1 representing the voltage magnitude and the voltage
phase angle of the bus I (I = 1,2,...,N), respectively.
u € R?N is the expected steady state, A € R2V*2N ig

the transition matrix, B £ I — A is associated with the
trend behavior of the state trajectory, and wy is a zero
mean Gaussian white noise with covariance Wy, > 0. The
initial value x( of the state is a random variable with
mean 7o and covariance ¥|o.



2.2 SCADA Measurement Model with Randomly Oc-
curring Delays

The ideal measurement output Zs,,x € R col-
lected by the SCADA units with a sampling pe-
riod nih (ny is a positive integer) can be mod-

Lz _ T T T T T

eled as Rs,nik = [Pnlk nik Pf,nlk f,nlk]
A T

where P, = [Pk Ponk Py, nk)" and

A T .
Quik = [Qik Q2k -+ Qnymik)’ denote the active
and reactive bus power injection measurements, respec-
. A T
tively. Prnik = [Priomk Pramk -+ Ppongk]” and
A T .
Qfnik = [Qftnk Qf2nik -+ Qfn,nk] are the active
and reactive power flow measurements, respectively. n,

and ng represent the number of SCADA units placed at
the selected buses and transmission lines, respectively.

Let us consider the typical m-model of a branch i—j, the
explicit element for each measurement mentioned above
can be expressed as follows (n1k is omitted for brevity):

Pi = ‘/; Z ‘/;(GZJ cos(ﬁi — GJ) + Bij sin(@i - Hj)),
JEN;
Qi =V Z V;(Gijsin(0; — 0;) — Bij cos(0; 1 — 0;)),
JEN;
i = Viz(gsi +9i5) = ViV (gij cos(8; —6,)
+ bz’j sin(@i — 0]')),
Qi = =V (bsi + bij) — ViV (gi; sin(6; — 6;)

- bij COS(GZ‘ — 9])) (2)
where G;; + jB;; is the (7, j)-th element of the complex
bus admittance matrix, g;; + jb;; is the admittance of
the series branch connecting buses ¢ and j, gs; + jbs;
is the admittance of the shunt branch connected to bus

i, and N; is the set of bus numbers which are directly
connected to bus <.

Py

s

Taking the measurement noise and the randomly occur-
ring measurement delays into consideration, we obtain
the following measurement model for SCADA units:

Zsnik — Anlkzs,nlk + (I - Anlk)zs,nl(k—l) (3)
where
Zs,nlk = hs(xnlk) + Us,nik- (4)

Here, h,(-) is determined by (2). 25 5, is the actual mea-
surement output. v,k is the measurement noise on
the SCADA units, which is a Gaussian white noise with
zero mean and covariance Ry ,,r > 0. Ay, is defined
as Anlk £ diag{)\l,nlk )\Q,nlk )‘m1,n1k} with )\i,nlk
(i =1,2,...,m1) being mutually independent random
variables. A; ,, 1 is also uncorrelated with wy, v, », 1 and
xo. Furthermore, the random variable A;,,; satisfies
Bernoulli distribution and takes values on 0 or 1 with

PrOb{)\i,nlk = 1} = Hi, PrOb{/\i,nlk = O} =1- i
where p; € [0,1] is a known scalar.
2.8 PMU Measurement Model

The measurement zp ., € R™2 of the PMUs with a
sampling period nsh (ng is a positive integer) can be

< . T .. ST T
modeled as Zp,nok = [Zp,l,rmk Zp,2,n2k Zp,mg,an]

Suppose that the [-th PMU (I = 1,2,...,mg) is in-
stalled at the bus ¢, and the bus 7 is directly connect-
ed to bus j. Then, zp;n,r is described as zpin.k =

[Ir,ij,nzk Ii,ij,n2k]T where Ir,ij,ngk and Ii,ij,nzk are the
real and imaginary current between the bus ¢ and j, re-
spectively. To be more specific, Iy ;5 nok and I; 45 n,k can
be described as follows (nqk is omitted for brevity):
:Vi((gsi + gij) cost; — (bsi + bij) sin 01)
— V} (91] COS 9j — bij sin Hj),

I ij =Vi((bsi + bij) cosb; + (gsi + gi;) sin ;)

— V} (gij sin Gj + bij coS Oj) (5)

L

Taking the measurement noise into consideration, we
obtain the following measurement model for PMUs:

Zpnok = hp(iL‘an) + Up,nok (6)

where hy,(-) is determined by (5), vp n,k is the measure-
ment noise on the PMU that is also a Gaussian white
noise with zero mean and covariance R, .5 > 0.

2.4 State Estimator

Let us convert the multi-rate system into a single-rate
one. By applying the relation (1) recursively, for ¢ = 1,2
and a nonnegative integer I, we have
Trkritl =ATn kg1 + Bu+ W, pq
1

=AU g o+ AN(Bu+ wpkgi-i). (7)

i=0
Denoting
1],

A 24 A2 [A”i*l Ani—2 ...

_ T
B £col, {B}, W = [wg;ik wﬂm wz,,(k+1)—1
we have (for i = 1,2) that

Tpi(ht1) =Aink + AiBu + Ay, (8)

Then, the local state estimators using the measurements
from SCADA units (denoted by LSES) and PMUs (de-
noted by LSEP) are of the following form:

Ty kg (k1) =A1Z 0, (k1) (k—1) + A1 B,

Tpyklnik =Lnyk|ng(k—1) + Knlk(zs,nlk

LSES S
— Mg (Tp ke pny (k—1))
— (I = D) (&, (h=1) s (k—2)))
(9)
and
Tgklna(k—1) =A2Em, (k-1)|na(k—1) + A2Bu,
LSEP £n2k|n2k :i‘ngk\ng(kfl) + Gngk(zp,nzk
— hp(Engkina(b-1))
(10)
where Ty, kjn; (k—1) and Ty, kn,k are the one-step pre-
diction and the estimate of x,,; (i = 1,2), respec-

tively. K,,r and Gy, are the local state estimator

i



gain matrices to be designed, and A
diag{p1, pi2, - - - s fhm, }-
The purpose of this paper is to:

E{Anlk} =

(1) design the asynchronous local state estimators in
the form of (9) and (10) such that the upper bounds
of the local estimation error covariances are min-
imized at the corresponding sampling instant by
choosing appropriate local state estimator gain ma-
trices K, and Gp,x; and

(2) develop a fusion scheme to fuse the asynchronous
local estimates generated by the local state estima-
tors (9) and (10).

3 Main Results

The flowchart of the proposed estimation scheme is sum-
marized in Fig. 1.

Power system under

quasi-steady condition (1)

Measurement
from SCADA

[ . r
| SCADA with | ‘ Mixed SCADA and PMU || PMU with
| sampling rate n, (4)| | | measurements | | [sampling rate n, (6)
\ i
} System with ‘ System after
| sampling rate n; (8) | | transformation
I} ¥
|

|
|
J_{ System with }
|
|
|
|

Measurement

| H | ing rate n, (8)
L I LSES (9) %HL Local esti scheme HA LSEP (10) |
N A S 7777777 7777777777777
| | covariances | |
}Desig I Upper bounds of the ‘ Designl
|of L estimation error t of |
| LSES ‘ } covariances } LSEP}
(S — 1 — 2 —

T 1 T
CI fusion scheme (33-35

Fig. 1. Flowchart of the proposed fusion estimation scheme.

Lemma 1 [32] Given matrices A, H, F, and M with

compatible dimensions such that FFT < 1I. LetU be a
symmetric positive-definite matriz and a be an arbitrary

positive constant such that a='I — MUMT > 0. Then,
the following matrixz inequality holds:

(A+ HEM)U(A+ HFM)T
AU —aMTM) AT + o 'HHT.

Lemma 2 For matrices X, Y and a positive scalar X,
the following inequality holds:

XYT +7vXT < AXXT + 2 'vY”.

Lemma 3 [19] Let A = [a;j]nxn e a real-valued matriz

and B = diag{by,ba,...,b,} be a diagonal stochastic
matriz. Then

E{b7} E{biba} --- E{b1by}

E{biby} E{b2} --- E{bsb
E{BABT} — {.12} {.2} | {.2p} o4
E{bpb1} E{bpba} --- E{b2}
where o is the Hadamard product.

Denote the one-step prediction error Z,,xjn,(k—1)

> >

Tk — Tniking(k—1) and the estimation error @, jn,k

Tk — L, k|ng ks TESPectively (i = 1,2). By using the Tay-
lor series expansion for hgs(zn,r) and hy(z,,x) around
Tk (k—1) aNd Ty, kjng (k—1), Tespectively, we have

hs(xnlk) :hs(i.nlldnl(kfl)) + Hs,nlk‘%nlkml(kfl)

+ OS(|5En1k\n1(k—1)|)v (11)
Py (Tnak) =hp(Zngkine (k=1)) + Hp nokTnsking (k1)
+ 0p(|Znakna (k-1 1) (12)

where

Hs ik £ (6hs(xn1k)/axn1k)|$n1k=£n1k\n1(k—l)7

Hp sk = (ahp(xn2k)/axn2k)|$n,2k:jn2k\n2(k—1)'
Following [3] and [23], the high-order terms of the Taylor

series expansion 05 (|Zp, kjn, (k—1)|) and 0, (| Ty ks (k—1) )
can be transformed into:

Os(|i'n1k|n1(k—1)‘) = Cs,nlst,nlkLs,n1kfn1k|n1(k—1)7
(13)

Op(|'jn2k\n2(k—1)|) = Cp,nQkNp,n2kLp,n2ki'n2k\n2(k—l)
(14)

where Cs ,r and Cp ,1 are the problem-dependent s-
caling matrices, Ly p, 1 and Ly, . are the tuning matri-
ces providing extra freedom degrees, N ., and X, .
are the unknown time-varying matrices accounting for
the linearization errors satisfying

Ns,nlsz,nlk < I» (15)
Np ok R <1 (16)

3.1 Design of the LSES

From (8), (9), (11) and (13), the one-step prediction error
and the estimation error of the LSES are obtained as

Frnklms (k—1) =AT (b 1)y (h—1) + A1y ey (17)
and

Ty klnak
= — Kn kA kPs k) Ty kpna (k—1)

— Kk (A — N hg (@ pny (6-1)) — Ky kA, kVs,nak

= Kk (I = Ay k) P ny (k—1) Ty (k1) 11 (—2)

+ Kk (Any ke = M) s (Zny (=1 ny (k—2))

- Knlk(I - Anlk)vs,nl(k—l) (18)
where ® . e Hs ko + Cs iy kNs nak Ls ny k-
The one-step prediction error covariance Ps ., k|n, (k—1) L
E{jnlklnl(kfl)jzlkml(k71)} is given by

Py n1kln (k—1)
=41 P, oy (1) - AT + AW -y AT (19)

where Wnl(k_l) = ]E{wm(k_l)mfl(k_l)} can be written
as Wi, (k—1) = diag{Wp, k=1, Wa,(k—1)41> s Whik—1}-

Similarly, the estimation error covariance P . kn, (k—1) =
~ ~T .
]E{xmklm(k—l)mnlkml(kfl)} can be written as

Ps,n1k|n1k



:®1m1kps,n1k|n1(kfl)@{,nlk
+ Koy kA o B{W gy o1y Y
+ Ky kARl AKL
+ 2,001k Loy (k1)1 (h—2) O
+ K kA o B{T . (5 1)y (5 2)}KT
+ Knyk(I = MR, (i—1y (I — MK,

— ik — flmk — Lok — fg,nlk
— L3k — fST,mk + %k + $4T,n1k
+ Lok + Lok — Lok — Lok (20)
where
Otk =1 — Kyl APy i,
O2mk = Knyk(I = M) Py (o-1),
O3,k = Kpyie(Apyie — A),

U kin (b=1) = M@y oy (h—1)) Pt (£ kg (1))
A £ diag{p — (55, o — 135+ iy — P, 3
L1k 2 01 kB Zn, ks (k-1 ek (T ks (k—1)) }OF ks
Lok = O kBT, (= 1)1 (k—2)
X hg (& (e=1)m (6-2)) }OF o
L3.n1k = elvnlk]E{‘%"lkml(k—l)‘%gl(k—1)|n1(k—2)}@£n1ka
Lanik = 010k EAZy kjny (k-1
X W2 (&g (k1)1 (5—2)) Y OF oy ks
nlkA o E{hs (xnlk\nl(k—l))
X Ep (k1) nn (k—2) } Oy ke
Lok = O3k B{Ns(Znkjny (k-1))

X hZ(inl(k71)|n1(k72))}®§:n1k'

gf),nlk =

Theorem 1 For positive scalars Y1,k and €; n,x (i =
1,...,6) under the initial condition ¥ oo = Ps )0 > 0,
assume that the following two difference equations

S making (b—1) =A155 01 (b= 1)|na (b1 AT

+ AW, -1 AT (21)
and
_ A -1 AT
Es,n1k|n1k *K/l,mk@l,nmﬁs,nlkel,nlk
where
T’I’let

ém,mw;;kf\cs,mkanlk?\
+ Kok (Ao tr(¥y iy (k-1)) )
+ K3 k(L — A)Hs,nl(kfl)Q;iLl(k_l)Hg;nl(k—l)(I —A)
+ /413,n1k71_,»}“(k_1)(1 - ]\)C’S,m(k,l)C’znl(k_l)(I —-A)

+ Bty (A 0 6T (Wo (k= 1y (h—2))])
+ARsn1kA+(I A) s,n1(k— 1(I_A)

with
Otk =1 — Ky kAHg 1,
Qs,nlk ZS ’}le\nl(k} 1) ’71,n1kL£n1kLs,n1k7
Rilnik =1+ €1,mk T €3,n1k T €4,n1k>
K2nik =1+ ai}llk + €5,n1k T €6,n1k>
Kamik =1+ amik + €505 + €5mi
Kk =1+ €50+ €ank + Somn
have positive-definite  solutions Y miklni(k—1) ond
s miklnk Such that the following constraint

Y1 nlkl Ls nlkzs nik|ny(k— 1)L:£,n1k: >0 (23)

is satisfied. Then, the matriz X ., kn,k, which is an up-
per bound of Py kjn,k, can be minimized with

- _
Knlk =K1 nleS nlkHs,nlkA(’iL”lkAHsﬂhk

X Qs :le S,nlk]\ + Tnlk)_l' (24)

3.2 Design of The LSEP

From (8), (10), (12) and (14), the one-step prediction
error and the estimation error of the LSEP are derived
as

Tnakina(k—1) = ATy (k= 1)lna(k—1) + A2Wny—1)  (25)
and
Tpokinek = UpnokTroking (k—1) — GrokVUpnak  (26)
where
ok 21 = Grpk@ponsks

A
Pp ok =Hpn,k + ¢ 2k Np,nakLpnok-

The one-step prediction error covariance Py, ., kns (k—1) e
]E{i’HlenQ(k:fl)j;l;zkan(kil)} is given by
Pp,nzk\nz(k}—l)
=A5Py 1y (k1) |na(k—1) A3 + A2Wn2(k71)A2T (27)
Wheire an(k 1) E{wm(k 1w
as Wi, (k—1) = diag{ W, k1), an(k71)+1, -

(k 1)} can be written
s Whok—11}-
Similarly, the estimation error covariance P, ,,k|n,k =

- T .
]E{anMananklmk} can be written as

Pp’ﬂ2k|n2k
:Hp,nzkpp,mklm(kfl)np nak + ankR nszngk (28)

Theorem 2 For positive scalar 2 n,i with initial con-
dition 3, o0 = Pp,0j0 > 0, if the following two difference
equations

Ep,ngk\nQ(k—l)
=425 ny (k1) nak-1) A3 + AW -y AT (29)
and

Ep,n2k|n2k



=T sk 1 ke Vamgk Gk Cp sk Cor kG
+ Gok Rpnok G (30)
with
pok =1 — Grgr Hp gk

Qp’nzk =%

T
punaklng(k—1) ~ 12n2kLp ok Llpnak

have positive definite solutions X, n,kiny(k—1) and
Y nakinak Such that the following constraint

Y2 ’nzkl L:D nzkzp7n2k|n2(k 1)L11;7n27€ >0 (31)
holds, then the matriz 3, n,kinok, Which is an upper bound
of Py nyknak, can be minimized with the estimator gain

1 T -1 T
Gn2k Qp nng ,nok [Hpﬂ’zkgp,nngp»”zk

—1
+ 72,n2kcp7ﬂ2k017)jn2k + R;D,nzk] (32)

Remark 1 Due to the existence of the nonlineari-
ties and the randomly occurring SCADA measurement
delays, it is impossible to obtain the exact values of
Py i knik and Py pokjngk- An alternative way is to look
for their locally minimal upper bounds by appropriately
designing K, and Gp,r. Moreover, the conservative-
ness can be reduced eﬁ”ectwely by adjustmg the scalars

Vi1 (k+1)s €initk+1) (0 =1,...,6) and Yo nogrt1)-
Remark 2 Up to now, under the quasi-static model
framework mentioned in (1), two local estimators have
been designed. However, when it comes to the complex
situations such as the fault estimation or the decentral-
ized control, the Markov process is a useful tool [4, 31, 39]
and the latest results have been reported in [35, 36].

3.8 Fusion Scheme

Denote the least common multiple of n; and ny as L.
We aim to fuse the local estimates at time instants k =
miL (mp =0,1,2,...,n). By recurring to the CI fusion
scheme in [11], the fusion scheme is given as follows:

~ _ ¥0 —1 ~
Lk _Zk|k(w12r ma Lmg LY M Limy, Lina
+ LUQZP ka\kaxka|ka sz)

0 1 -1
kik :(wlzr,ka|m Lt "J22p ka|ka) (33)

where fcgl , and 22‘ ;. are the fused estimate and covari-
ance, respectively, and w; > 0 (i = 1,2) are the weights.
The objective is to minimize the performance index J,
ie.
minJ = min{tr{Eglk}},
2
s.t. Zwi =1, w; > 0. (34)

i=1

Theorem 3 For the multi-rate system (8) with local es-

timators (9) and (10), the CI fusion scheme (33)—(34)
is consistent, that is

Sk = E{ (@ — @g\k)(xmk - jg\k)T} < zgw (35)

Remark 3 For the fusion estimation problem, a signif-
icant number of schemes have been proposed, see e.q.
[11, 24-26, 28]. It should be pointed out that most of the
fusion approaches are obtained under the single-rate en-
vironment, and it is difficult to expand these results to the
multi-rate multi-sensor systems. Moreover, in many sce-
narios, the cross-covariances cannot be solved due to the
complexity of the algorithms or the unknown terms [11].
In order to cope with such situations, some schemes such
as the CI fusion and the sequential fusion have been pro-
posed, see [11,28]. As such, in this paper, we use the CI
fusion scheme to derive the fused estimate.

Remark 4 In this paper, we take a close look at the fu-
ston estimation problem for a class of multi-rate power
systems with randomly occurring SCADA measurement
delays characterized by a set of Bernoulli distributed ran-
dom variables, where the measurements from both the S-
CADA and the PMUs are utilized. The overall system is a
multi-rate one since the state updating period of the pow-
er system is allowed to be different from that of the SCA-
DA and the PMUs. A new approach is first developed to
transform the multi-rate power system into a single-rate
one. In Theorems 1 and 2, two local state estimators are
designed, respectively, based on the SCADA and the P-
MU measurements such that upper bounds of the local es-
timation error covariances are ensured at each sampling
instant, and such upper bounds are subsequently mini-
mized by appropriately designing the gains of both local
state estimators. Then, in Theorem 3, the asynchronous
estimates from the local state estimators are fused by re-
curring to the CI fusion scheme. Numerical simulation is
finally carried out on the IEEE 1/-bus system to validate
the usefulness of the proposed fusion estimation scheme.

Remark 5 In this paper, a systematic investigation is
initiated on the fusion estimation problem for multi-rate
power systems with unconventional measurements from
both the SCADA and the PMUs. The main novelties of
this paper are outlined as follows: 1) the research prob-
lem addressed is new that represents the first of few at-
tempts to deal with the dynamic state estimation of pow-
er systems with multi-rate measurements and randomly
occurring SCADA measurement delays; 2) the two local
estimation algorithms based on the SCADA and the P-
MU measurements are new that ensure the existence and
the minimization of the upper bounds of the local estima-
tion error covariances at each sampling instant; and 3)
the fusion estimation scheme is new that applies the CI
fusion method to fuse the asynchronous local estimates.

4 Simulation Results

In this section, the proposed fusion estimation scheme
is tested in the IEEE 14-bus system with the aid of
Matpower package [42]. The IEEE 14-bus system is
modeled as (1) with parameters A = diag,g{0.9},
B = diagyg{0.1} and W}, = diagyg{0.01%2}. The expect-
ed steady state u is given in Table 1. The initial value zq
is a random variable with mean value v and covariance
Yoo = diagyg{0.01%}. The measurement configuration
is the same as the one used in [20]. The covariances of
the measurement noises are R ,,r = diag,,{0.02} and

Rpn,k = diagy,{0.022}. Other parameters are taken
as €1k = L, €2k = 4, €30k = 50, €4k = 10,
€5,mk = 1, €6mk = 2, Ly = 0. 001[2& Yi,nk = 100,



V2,n0k = O, Cr,nlk = 0.01142, Ly n,x = 0.001155 and
Cpn,k = 0.01I5. The mean square error (MSE)
is applied to evaluate the estimation accuracy, i.e.,
MSE;(k) = %37 (zi(k) — #i(k))? , where T is the
number of samples. For the sake of saving space, only
the voltage of bus 2 (i.e., z7) is taken for illustration.

Table 1
Expected States of IEEE 14-bus System
Bus 1 2 3 4 5 6 7

V (p.u.)[1.060 {1.045 [1.010 [1.018 [1.020 [1.070 |1.062

6 (°) [0.000 -4.983 [-12.725110.313-8.744 -14.2111-13.360

Bus S 9 10 11 12 13 14

V (p.u.)[1.090 [1.056 [1.051 [1.057 |[1.055 [1.050 |1.036

6 (°) +13.3601-14.939-15.0971-14.791-15.076-15.156|-16.034

Case 1 Conventional Method Versus the Proposed
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Fig. 2. Test results under case 1. (a) z7 and its estimate. (b)
Log(MSE) of #3.

In this case, comparisons between the conventional
method and our proposed one are carried out. The
probability density function for the delay A,ix is
Prob{A; n,x = 0} = 0.3 (i.e., pt; = 0.3). The simulation
results based on the conventional approach are plotted
as red line in Fig. 2, where the randomly occurring
SCADA measurement delays are not handled and the
algorithm is simply performed at the coarse SCADA
time-scale (i.e., n; = ng = 3). Moreover, the simulation
results with our proposed method are plotted as green
line in Fig. 2, where the randomly occurring SCADA
measurement delays are handled and the different sam-
pling rates of SCADA and PMU are also considered (i.e.,
ny = 3,n2 = 2). From Fig. 2 (a), we can find that the
local estimates from the LSES and the LSEP are plot-
ted in the first and second subfigures, respectively, and
the third subfigure depicts the fused estimate. Similarly,
the corresponding log(MSEs) of the local estimates and
the fused estimate are plotted in Fig. 2 (b), respectively.

From Fig. 2, we can find: 1) the randomly occurring S-
CADA measurement delays are better tackled; and 2)

the multi-rate measurements are properly handled in-
stead of processing them at a coarse time resolution likes
the conventional one.

Case 2 Different SCADA Measurement Delay Probabil-
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Fig. 3. Test results under fixed delay probability 0.4. (a) 7
and its estimate. (b) Log(MSE) of #7 and its upper bound.
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Fig. 4. Test results under random delay probability. (a) 7
and its estimate. (b) Log(MSE) of Z; and its upper bound.

In this case, different probabilities of the randomly oc-
curring SCADA measurement delays are considered.
The sampling rates of the SCADA and PMU are chosen
as n; = 3 and ngy = 2, respectively. For comparison,
first, we chose the A1, as Prob{A; ,,, = 0} = 0.4.
Then, a more general case is considered where A, is
chosen as Prob{A; ,,x = 0} = pu; with u; obeys the
uniform distribution over the interval [0.4,0.8] at each
iteration. The corresponding results are shown in Figs. 3
and 4, respectively.

From Figs. 3 and 4, we can find that: 1) the performance
index is satisfied since the MSE stays below the relevant
upper bound; 2) the fused estimate outperforms the lo-
cal estimates since not only the advantages of the high



sampling rate of the PMU are taken but also the SCA-
DA measurements are efficiently used; and 3) the fusion
estimation accuracy is still acceptable even with the se-
vere SCADA measurement delays.

5 Conclusion

In this paper, we have investigated the fusion estimation
problem for multi-rate power systems with randomly oc-
curring SCADA measurement delays. A set of Bernoulli
distributed random variables have been used to charac-
terize the random SCADA measurement delays. In order
to maximize the advantages of the high sampling rate
of the PMU and utilize the SCADA measurements effi-
ciently, an augmentation method has been proposed to
process the asynchronous measurements with different
sampling rates. Two local state estimators have been de-
signed based on, respectively, the SCADA and the PMU
measurement such that the local estimation error co-
variances have certain upper bounds. Then, such upper
bounds have been minimized at each sampling instan-
t by properly designing the local state estimator gain-
s. Furthermore, the asynchronous local estimates have
been fused by utilizing the CI fusion method and the
consistency of the fused estimate has been guaranteed.
Finally, a simulation based on the IEEE 14-bus system
has been provided and the corresponding results have
illustrated the effectiveness of the proposed fusion esti-
mation scheme since: 1) the proposed fusion estimation
scheme outperforms the conventional one; 2) the impact
of the randomly occurring SCADA measurement delays
has been better tackled; and 3) the fusion estimate out-
performs the local estimates.

A  Proof of Theorem 1

First, let us handle the right-hand side of (20) term by
term. From Lemma 1, we have

®l7n1sz,n1k|n1(kfl)G{nlk
) —1 avl —1 n T AT
§®1,n1krs,nlk@1,n1k + 717711kKnlkAcsynlkCS,nlkAKnlk7
@27n1sz,n1(kfl)\nl(k72)®g,n1k
) -1 ayl
§®2,n1krs’nl(k,1)92,n1k
-1 e C ct <A
+’yl,n1(k71) 3n1kYsni(k—1)Ysnq (k—1)V3,n1k
with
Cynx =P - LT L
s,nik sniklng(k—1) — YLnakdsniktisniks
92,n1k :Knlk(l - A)Hs,nl(kfl)v
@3,n1k :Knlk(-[ - A)
if
LT — L 1S LT 0
’yl,ﬂqk snik~sniking (k—1) s nik > U.

Moreover, the second and fifth terms on the right-hand
side of (20) can be tackled as the following form:

Knlk'r(A © ]E{‘I/nﬂf\nl (k?—l)})Kglk
<Koy (A o tr(Wy, gy (1)) D KL

’I’le'

By using Lemmas 2 and 3, it is obvious that

T
Dg/ﬂl,nlk- + gl,nlk

Sfl,nlkel,nlkps,nlk\nl(kfl)g{,nlk
+ &1 Kok (A 0 B{Wy ki, o) DK
Lok + fzi,rnlk
<€2,m1kO2m1k Ps s (h—1) 1 (h—2) O3 1
+egm 1 Enk (Ao B{W 0, (o 1)y (h—2) D E s 1
Lk + Lok
SEs,nlk@LnlkRe,nlk\m(k—l)Q{nlk
+ €5, £02.m1k Pa iy (k=1 n1 (6=2) O3y 1o
Lymik + ffnlk
§54,n1k@1,n1kps,n1k\n1(k—l)@{,nlk
+epm i B k(Ao B{W 0, (o 1)y (h—2) D E s 1
Ly ik + Lok
<e5mk Ky (A 0 B{W s, jmy (k1) D
+ €5, £02.m1 6 Pa iy (k=1 n1 (6=2) O3 1 1o
Lok + f({mk
<e6,mik Knak (A0 B{W i, (h-1) DK
+egm i Bk (R 0 B{W 0, (o 1)y (h—2) D K -
Summarizing the above discussions, we have
P nykinak
Sli1,n1k@1,n1kfs_,7luk@1T,nlk
+ 1 kY1 o K kAC sy k CL L W AKT
+ kB k(R 0 60V ki, e=1)) DKL
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+ a6 Kok (A 0 tr (W, (k1) (h2)) D) KL 1
+ Kn kAR e AK )+ O30,k Ry (5-1)O3 10 -

Based on the mathematical induction method, it is not
difficult to verify that P,k ke < Xsnikjng k-

Next, taking the partial derivatives of 3 , xn,x With
respect to Ky, and letting the derivative be zero, we
have

atr(zs,nlkmlk)

0K,k
=-2 Ok Qs JHE, WA
- K1, k%1,n1k s,nik”smik

+ 2,%1,nlkw;}thnlkl_XCS,nlkCgmk/_\

+ 262 6 Koy k(A 0 (W, s (k- 1)) 1)

+ 2Hs,mk@2,mk9;ﬁ1(k,l)H§n1<k71) (I-A)

+ 2f€3,nlﬂi,1h(k_1)@3,mchs,nl(kq)Can(kfl)(I —A)
+ 2646 Koy k(A 0 (W, (k1 (h—2))])

+ 2K, kAR kA + 203 0,k Ry -1y (I — A) = 0.

Based on the above equation, the estimator gain K, x
that minimizes ¥, ,, x|n, 1 is obtained as (24). The proof
is complete.



B Proof of Theorem 2

Based on Lemma 1, the first term of the right-hand side
of (28) satisfies

T
Wb Py nokefns (k—1) i 1
B —1 vl —1 T T

Sankrp,nngnzk + 72,n2an2kCP;n2ka,n2kG

’I’LQk)
with

_ —1 T
Lpnak = Pp,n2k|n2(k—1) - 72,n2kLp,n2kL:D,n2k

if
b T — LpnyiX LY >0
V2,n2k pyn2k &p,nak|na (k—1)=p,nak :
Then, we have
¥ -1 FT -1
P;D,n2k|n2k SHn2ka,n2an2k + ’72,n2an2kC nak

T T T
x Cp,nngan + ankR 7"2an2k'
Again, based on the mathematical induction approach,
we can conclude that Pp7n2lﬂ|nzlC < Ep,nzklnzk-

Next, taking the partial derivatives of X, kjn,x With

respect to G,k and letting the derivative be zero, we
have

atr(zp,nzk\ngk)
O0G
= 2Hn2kr_1 ngngk + 272_,7112ansz107”27€013:an

n2k}

+ 2Gn2kR ok = 0.

Through some algebraic manipulations, the estimator
gain Gy, that minimizes ¥, ., x|n,k is obtained as (32).
The proof is complete.

C Proof of Theorem 3

The proof of Theorem 3 is readily accessible from [11],
and is thus omitted here.
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