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Abstract— This paper discusses the estimation of uncertainty of a power system due to small-magnitude, random load
intervals associated with the electromechanical modes idé- switchings; thus, stochastic models such as auto-regeessi
fied from ambient data resulting from random load switching (AR) models [5], auto-regressive moving-average (ARMA)

throughout the day in power systems. A connection between ¢ .
second order statistical properties, including confidencintervals, models [6], and stochastic state-space models [7] have been

of the identified electromechanical modes and the variancefo Used in_ Fhis case. _
the parameters of a selected linear model is demonstrated.HE Identified electromechanical modes are usually repredente

results of the presented method are compared with respect tthe  py a mean value and the corresponding confidence interval,
ones obtained from a Monte-Carlo type of simulation, showig which are estimated by means of Monte-Carlo type of sim-

its effectiveness in reducing the number of trials, which wald be lati . ts 61, [71. H the d back i
beneficial for on-line power system monitoring, as it can daease ulations or experiments [6], [7]. However, the drawback in

the number of samples, thus ensuring that the system dynamsc this approach is that it requires repeating the experiments
would not change significantly over the monitoring time wincow, which in turn can violate the stationarity assumption of the

andt yieldint% g?f?fe dtepe(;ldablef trr?suns't The_dz-at(?a tt_aenchréwalrk measured signal over a long time window; furthermore, the
system, wi Irrerent oraers o e system laentirication nede P ; oF
u)s/,ed (ARMA), is utilized to demonstra}llte the effectivenessfdhe sys_tem dyf“'f‘m'cs may gndergo significant system changes
proposed methodology. yvhlle acquiring tr_le required measyrements, such as chang-
ing/adding/removing generator units. Therefore, one doul
like to carry out the experiments in a time window as short
as possible, which is the issue that motivates the work pre-
sented in the current paper. The authors in [8] introduce a
bootstrap method to give confidence interval estimates for
|. INTRODUCTION the electromechanical modes, and its performance is studie

N-LINE power system monitoring based on systetﬁy comparing the results with respect to the ones obtained
O identification techniques is of great help for providin®y means of Monte-Carlo type of simulations. The bootstrap
insightful information regarding the stability conditioof Method, however, requires resampling the measured data to
the system under study, as well as for validating off-lin@Stimate the parameters of the system model (e.g. ARMA) for
models and data. These techniques have been used to ideffifynew data set; this method is computationally expensive,
poorly damped electromechanical modes of a power syst§ffice the resampling process is repeated for large number of
using simulations or field measurements, and are partigulalfidls in order to estimate the confidence intervals.
important nowadays that phasor-measurement units (PMJ) ar The electromechanical modes are the roots of the char-
being more widely deployed and utilized. acteristic equation corresponding to the selecteq modgl (e

Identification techniques and models are either based BR OF ARMA); hence, there is a nonlinear relationship be-
the deterministic transient response of the system to @ lafy/€en the model parameters and modes, and between their
disturbance or random ambient noise. The transient respof@responding variances. Therefore, the theory of theawas
of a power system is normally accompanied with ringdowﬁ’lf parameters, Whl_ch is WeII-unders'_tood and d_eveloped [91.
tests and major disturbances, such as adding/removing,lodB2y be used in this case to determine the variance of these
severe faults and tripping generators. For instance, tHe wénodes. Reference [10] describes a technique that has been
known Prony method, which employs a deterministic modél?ed in civil engineering for |dent|f|cat|o_n of structures t
has been widely used in power systems to analyze this kiggt@blish a connection between the variance of parameters
of response [1], [2], [3], [4]. On the other hand, ambier@nd the variance of modal parameters. The application ef thi

noise, which is a low quality signal, is the natural responéga\rticular technique to estimate confidence intervals et-el
tromechanical modes identified from ambient data is digmliss

This research was partially supported by OGSST and NSER@adza  here, showing that only one set of data may be used to estimate
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the mode uncertainties, thus reducing the required numbereast square methods [12]. A high-order AR, however, leads
samples. to extraneous modes close to the system modes, which could
The rest of the paper is structured as follows: Sectidre difficult to distinguish from the true modes. Furthermore
Il presents the background on estimating the covariance af AR model may result in biased estimates if residuals are
parameters of a linear parametric model within the contembt white. It is also important to mention that when the signa
of prediction error methods (PEM) [11]; this informatiorto-noise ratio (SNR) is low, the model structure is an ARMA
is then employed to estimate the confidence interval of tihather than a pure AR. The least square modified Yule-Walker
identified electromechanical modes. The results of apglyimethod, which has been employed in [6] to extract the modal
the proposed technique for the 2-area benchmark system ewatent of the ambient noise, presents superior perforenanc
presented in Section Ill. Finally, Section IV summarizes thcompared to the original Yule-Walker method as reported in

main contributions of this paper. [13].
The theory of variance of identified model parameters is
Il. COVARIANCES well-understood and developed in the context of PEMs [9].

A linear parametric model such as AR or ARMA represen{-_lence, this theory, as explained below, is used here to a&im

ing the power system is given by: the variance of identifieg modes.
At the solution pointd, the differentiation ofVx () with

y(k) = H(q) e(k) (1) respect to¥ has to be zero, i.e.

where y(k) is the measured output, such as power through V]’V(é) =0 (5)

a line; e(k) models the disturbances, i.e. the underlying load ) ] ] ]

switching in a power systenii (q) = B(q)/A(q) is a rational Thus, an iterative algorithm, such_ as Newton, is used toesolv
transfer function with unknown parametefsdefined below; fOr ¢ by means of the Taylor series expansion of (5) around
and ¢ is the shifting operator defined by 'y[k] = y[k — & 9iven poin®” close tod [11]:

1]. One-step-ahead predictioj(k|f) uses the observations 0~ Vi (0%) + Ve (6°)(6 — 6%) (6)

available up to time: — 1 to predicty(k), thus:
or

§(kl0) = [1 — H ()] y(k) 2) 6 —0%)=— [V];;(g*)} - Vi (6%) @)
This notation is adopted from [9], and is used here to emp

size its dependence on the parameter ve@tdfor instance
for an ARMA(p,d) model described as:

hPﬁis requires the first derivative (gradient) and secondvder
' tive (Hessian); thus:

N
p d ’ * 1 * *
. ) W) = —— k,0") e(k,0 8
s == aylh—i) + 3 bieth—i) @ s ML
i=1 =0 1 N
vectord = [a ... a, by by ... bg)” may be computed, within Va(0") = ~ Zw(k,G*) VT (k,0%) + )
the context of PEMs, by minimizing an objective functionisuc k=1
as: 1L,
A — k,0%) e(k, 6"
6 = argmin Vy(6) @) Nézﬂ (k, 07) ek, 6)
11, where
Vn(0) = Nzie (k,0) .
k=1 P(k,0%) = —— €(k,0) = — §(k|9) (10)
e(k,0) = y(k)—4(k[0) dg o—g- 0 6=6~

where the functionVy () denotes the loss which resultsClose to the solutio, the predicted errors(k, #) are inde-
from the model in the fitting process; “arg min” meangendent; thus,

the minimization argument of the functioriy(6); N is the L

number of samples; andk, f) represents the residuals. This V];;(é) ~— E p(k 0) T (k,0) (11)
. . . . .. N ) 9

requires an iterative search for that yields the minimum =1

of loss functionVy (#). Equation (5) represents a nonlinear
optimization problem, and thus may lead to local minima. A. Covariance of Parameters

In this work, only the coefficients of polynomial(¢) are of |t is known thatv/N( — 6*) is asymptotically Gaussian
interest, since it is aimed at extracting the modal contétit® istributed with zero mean and a covariance matfixi.e.

signal, which are the roots of(q). Hence, one may consider \/(o, p) [9]. Therefore, an estimate d? from available data
applying other techniques such as the Yule-Walker methad thyy pe obtained as follows:

only estimates the parameters 4{q), thus employing more

N S "o,A -1
simplified and robust numerical techniques. It is also faesi P = X (VN(H)) (12)
to modely[k] in (3) with a high-order AR, rather than using an N
ARMA, as a result of Kolmogorov’s theorem. This leads to an Ao = 1 Z E(k, é)

objective function that can be solved by means of well-known N~



where)\ is an estimate of the variance of the errors. Then, th |l T © H 8 R e e
covariance of parameter estimates, i%.= E[(0 — 0*)(0 — z ) [ < >
6*)T], can be approximated as:
e @H @)
L LT
Py ~ N P 3 @ — 2 S’
Area 1 Area 2

The modes of a system are the roots of the characterist;ic
- ig. 1. Two-area benchmark system.
equation, and hence are only dependent on the AR part of an
ARMA(p,d). Thus, the covariance matrik; is partitioned so
that the rows and columns corresponding to the AR and the

MA parts are separate as follows: 0. TEST CASES

P The proposed method for estimating the standard deviation
of the identified modes is tested with the 2-area benchmark
system. First, a Monte-Carlo type of simulation with 150
A relationship betweet; = and the covariance of modes isndependent simulations is performed. For these trials, 1%
established below. of the loads are represented as Gaussian noise; 4-minutes
data blocks of a generator output power are recorded in each
simulation, and white Gaussian noise was added to the output

AR PéARMA (14)

0ArRMA On A

Py =

B. Covariance of Modes signhals as measurement noise, so that the SNR is 20 db. The
System modes cab be relatedétgr, which are the coeffi- signals were passed through a Chebyshev low-pass filter with
cients of the characteristic equation, as follows: a cut-off frequency of 2 Hz, and then resampled at 10 Hz
rate. The preprocessed data blocks along with a PEM are
O =v(04R) (15) employed to estimate the parameters of an ARNMA&( model

representing the power system transfer function.

wherevy(64r) is a nonlinear function, and denotes a vector A single line diagram of the test system is shown in Fig.
containing the modal parameters. For instance, the reahparl [14]. The generators are modeled using subtransient model
and the frequency of the modes can be used to define: and simple exciters equipped with PSSs. The corresponding

T ) static and dynamic data is given in [13]. The total base logdi
= [o, f1,02, f2,.. ., ap, fp] €RT (16) level is 2734 MW and 200 MVar, and loads are modeled as
) ) constant PQ loads.

In order to obtain the mean and variance of the modes,areas 1 and 2 are connected through tie-lines, and an inter-
the expected value operator may be applied to a Taylor seriggs mode with a frequency of about 0.75 Hz is observed.
expansion of the function about an operating poin®( 04r),  Furthremore, the individual machines in each area also con-

thus: tribute to a local mode in the same area with frequencies
A A A of about 1.2 Hz and 1.4 Hz in Areas 1 and 2, respectively.
¢~ &+ J(0ar) (HAR - GAR) (A7) Therefore, an inter-area rotor angle mode and two local sode
J(Oar) = 0v(0ar) (18) are observed in this test case.
AR) = AR g, —ban An ARMA(p,d) model with differentp’s and d's is em-
ployed to model the measured signal in every simulation,
WhereJ(éAR) c R2pxp, resulting in the mode estimates shown in Figs. 2 and 3. These
Rearranging (17) and app|y|ng the second moment Opera$6pW the estimated electromechanical mode Corresponding t
(covariance) yields: each model for 150 trials, together with the “true” mode,
—0.1228 + j4.7824, obtained from a linearized model (LM)
Cov®d = E [(q) —d) (® — @)T} (19) of the power system. From the system identification point
. . N of view, an ARMA model set is more likely to adequately
= J(0ar) P(0ar) J" (Oar) represent the true system; hence, the estimated parameters

_ ) . would be asymptotically unbiased [9].
This glearly shows the connectlog between the covarancerpe estimated standard deviation of both the real part
of estimatesP’(f4r) and the covariance of modes Cav. ;4 frequency of the inter-area mode obtained using (19) is
Therefor_e, In (19_)’13(9%‘3) can be estlmated using (13), anq}lepicted in Figs. 4 and 5. Observe that the estimates track th
a numeric Jacobiad(¢.4r) can be obtained as follows: results corresponding to the Monte-Carlo simulation, dre t
A A mean of the estimates can provide reasonably good accuracy
Jij(0ag) = 7i0ar + A6;) — 7i0ar — £6;) (20) with a significantly reduced number of trials. For instance,
Zh in Fig. 5, the convergence speed of the standard deviation of
whereAf; = [0 --- 0 _h 0 --- 0], with i being a small estimates is nearly 3 to 4 times faster than the Monte-Carlo
' \J’/ method, which yields significant reduction in the monitgrin
number. time.
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Fig. 2. Real part and frequency of the identified inter-aremlen-0.1228 =  Fig. 3. Real part and frequency of the identified inter-aremen-0.1228 +
74.7824 for the 2-area benchmark system; ARMA(15,0), i.e. AR(15). 74.7824 for the 2-area benchmark system; ARMA(10,10).

Notice that the uncertainty associated with the real part 86mputati0nal time. Hence, this method, in principle, vabul

:Ee mede 'S relat|v?rl]y Iatrgedwf(;e(;l cprpparefdtk\]/wth tk|1e one f?e(cilitate the use of ambient noise in applications reqgiri
€ frequency, e.g. the standard deviation of the real on-line modal analysis, such as system control or real-time

I I I I 0,
mode depicted in Fig. 5 is about 25% of the actual real pagéc:urity monitoring, since it does not require any artificia

wheras it is only about 0.6% for the frequency. This is dur‘f’lsturbances such as adding/tripping generators.
to the fact that obtaining accurate estimates of mode dampin

in power systems using system identification is more difficul
(3], [6], [7]. REFERENCES
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