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Abstract—Estimation of voltage stability based on optir
filtering method is presented. PV curve is usea @sol for voltage
stability analysis. Dynami voltage stability estimation is done
using particle filter method. Optimum value (nosénp) of PV curve
can be estimated bytimating parameter of PV curve equa. This
optimal value represents critical voltagend maximum loading
condition at spcified point of measurement. Voltage stabilitghien
estimated by analyzirigading margin conditic dynamically.
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I. INTRODUCTION

OOD quality and high reliabily of electrical energy t

supply consumer is ideal operation of an electycaler
system. Voltage instability is or& major concerns in power
system planning and operation. Load growth andudisince:
had caused power systems are operated closheir voltage
stability boundaries. Several voltage instability wltage
collapse incidents lead blackout of power system [

When the loading of power system approaches
maximum power, voltage magnitude of a particules buaree
decreases rapidly. Howeyéne magnitude cthe voltage itself
is not a good index for determining theltage stability [2].

The conventional P-V or Q-curve is usually used as a t
for assessing voltage stability and hence for figdvoltage
collapse point or Mtage stability limit and maximum loadir
condition. This curve shows the characteristic treteship
between power and voltage at specified kThis curve is
usually generated from the results of repetitive load f
simulation and thus involved signifint computatio.

In [3]-[5], the proximity to voltage collapse is estimatsc
calculation of system equivalent parameters seam fa bu.
These parameters are calculated using local buagenland
current phasor measurement. The main disadvantagais
method is that required parameters are not conatahmust b
calculatedrepeatedly. Otherwise, analysis in this metho
done in static way.

With the advent of phasor measurement unit (PMUijs
possible to get online time varying measuremera.

The recent developments of phasor measuremeninakies
dynamic supervision for voltage stability becomsiblie. In
[6], author proposed simple method to calculatetagd
stability margin dynamically by using PV cun
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Online analysis for estimalg maximum permissible loading
and voltage stability margin is done by using localeasuret
guantities, such as bus voltage magnitude anddoae [7]. It
is assumed that any change in network topologyperaiing
point usually modifies the system \age profile. The
disadvantage ofhis methor is the estimation of parameters
using least-squareurve fittinc technique requires two or more
sets of data.Therefore, provided estimation will be e
dynamic, if used data is very lar

Optimal filtering mehod, such as Kalman filter aiParticle
filter can estimate current value o by using previous value
and hence, these methodan provide re-time estimation
(81.[9].

This paper proposes a method to estimate paranwtérg
curve equation using comained optimal filtering methot
Particle filter with constraint is employed to essite paramete
of PV curve equatioand also provic voltage stability analysis
information dynamically.

Il. PROBLEM STATEMENT

If the load at a busncreases, tt reactive power loss in
transmission line also incress|f there is no adequate reactive
power to control this increasi load, then voltage at bus starts
to decrease until its critical value. Further irgce of load can
make voltage value exceetheir critical value and voltage
starts to become unstable.

The relationship between voltage and power at &
described wh PV curve as showin Fig. 1.

V A

critical

max

Fig. 1 PV curve

To simplify the analysistwo-bus power system is used as
target system. The systeronsists cone generator (generating
system) transmission line reactance and one load as slin
Fig. 2. Transmission lineesistanc is negligible.

In this researchgenerating system (generator) is assu
can supply reactive power with any changes of. Therefore,
any increase in load has effecton the generating system.
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Generator

Fig. 2 Two-bugpower systel

At point of measurementhe relationship between power
and voltage (V) at any time is defined &§][
Equation (1) and (2) are called as PV curve equations.

2
P= —Vysin(pcos¢+f—{cosq) E2—VZ2cos?¢ (1)
or,
V= JEZ—ZPX tan(pi«/E:—élPX tan ¢ —P2x2 @)

For two-bus system, drawing tkarveis done by gradually
increasing the load on (2) until thead reache the critical
value. This curve is callealnormalized PV curve, because the
increased load is assumed to haveeffect on th generation
system.

Sometimesequipment provides limited online measuren

data at time k, y Estimation value based on approximatior
probability distribution using set of rticles [12],[13].

Algorithm of particle filte method for prediction or
estimation of non-lineasystemmodel is mainly consists of
three steps:

1) Draw particles and update

2O~f(alxP Ly 1=12,..M. 3)
2) Likelihood computation:
W = h(y2P) 1=12,..M. (4)
where weight is normalized according
w® = s 1=12,..M. (5)
T, o)
( J?,El)with probability w,El) )
3) Resamplingx,sl)~ f,iz)with proibability W,Ez) (6)

| : |
b?,EM)With probability W,EM)J
l=12,..M.
where | is number gfarticle
Based on the algorithnsuitablesystem model of (1) for
usagewith particle filter metho is made. Parameters to be

data in term of electrical quantityn thisresearch, we assume €stimatedare source voltage E, transmission reactance »

only the data of power (P) and voltag®) ar¢ available. Thus,
the problem becomes to estimate tratue of an unknown
guantities or unknown parameters in (18,, E, X andp at all
times. Nonlinear least squares method can be used to
solve this problem. Ais method requires large of data to
obtain a better estimation, theast amount orequired data
should begreater than the number of estimated paran [11].
Thus, due to the largaumber of used dg changes in
parameter valueare not taken into accol, and consequently
the estimation information is less dyna. Also, with
redundant parameters and square root part and (2), it is
possible to obtain inaccurate resulttbe methocmay fail to
find a solution. State-spaapproach with probability is mo
reliable to overcome this problem. Pelei filter method ca
deal with time-varying datameasurement and provid
estimation value at real-timedowever, changes in parame
values should be considered before mal the estimation
process. For example, if ¥ much large than E, then the
solution of (1) cannot be achievdikcause it will producthe
square root of negative number.

IIl.  ESTIMATION AND SOLUTION
A. Particle Filter

Particle filter is a sophisticatadethoc of estimation based
on simulation. It is sequential estimationvalue at time k,
only by using previous value at time k3., and observation

power factop. Time varying data of power (P) and voltage

is used as observation datbnoise with normal (Gaussian)
distribution is added to eaglaramete, then state-space model
can be written as follow:

Ok = FOy_y +wy (7)
or,
E, Eea1 Wi wig~N(0,0%)
Xi| = F [ Xy | + Wi wii~N(0,0%) )]
Pr Pr-1 we we~N(0,02)

where x =0 and 0 = {E,X,$}.
Observation model withadding Gaussian noise to the
measurement datan be written as folloy

ef ~N(0,07)

PO v, ; P P
R A v i v R

Vel Vi
where : 6, is parameter to be estimatat time k (&, Xk, $x)-
O,—, is parameter at time -1)

w? is added noise of each parameter at tir
Y, iS observation at time

F is state transition proce.
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P? is observation of P at time k. TABLE |
V;f is observation of V at time k. SCENARIOSWITH SCHEDULED PARAMETER
er is observation noise of P at time k. Scenario EM ia{gﬂ‘ﬁﬁ” ¢ [DEGREE]
e/ is observation noise of V at time k. I 101.0 15 30.0
. Il 100.5 15 45.0
B. Constraint 0 1015 15 60.0
Constraint of PV curve equation is applied in eation
using particle filter method. Several constrafiotsparameter oo VOLTAGE DATA
and observation data must be set before estimsiiéoh These ey
constraints are needed to achieve good estimatidraee set = —sudeod
based on mathematical analysis of (1) and eletigicantities . ‘
behavior on actual operation of electrical powestam. g1 ‘ I
Refer to (1), applied constraints are: % o |“ l“l ull]‘ ,l\ “ lJ i l“ hl h“w “ ! i‘\”\‘ M “ lwllm ‘l‘ “‘
1. P>0, active power should be greater than zero. Qa9 ‘ N ' p H“ ‘ ‘ L ' 1 ] l
2. Vmin<V<Vax VOltage should not greater than specifiec w8l
minimum and maximum value. wil ‘
3. Enn<E<Enax source voltage must not greater thar

specified minimum and maximum value.

4. -90<¢<9, cosine ofp must have positive value.

5. E>V, source voltage must greater than voltag®oad
point. This constraint also fulfills equation (1jtivrange
of ¢ at point 4.

6. X = 2fL, XminsX<Xmax transmission reactance must

have values within specified range. This reactaratee
depends on the given value of frequency, and irzcheet,
L.

C.Voltage Sability Assessment

Dynamic voltage stability assessment is analyzeadguthe
difference of value between actual voltage andcatitvoltage
as written in (10) and loading margin conditionvegtten in
(11) [1]. Loading margin is defined by the diffecenof value
between maximum power and actual power.

If the difference between the actual and criticaltage is
larger, it is said that the voltage value will berm stable. If
loading margin is bigger, then the voltage stapilif the
system will be more stable and vice versa.

V Vactual Vck‘"rttwal (10)
wherel¥ is voltage difference at time k.
Plk = Pnliax - Pé{ctual (11)

wherePF is loading margin at time k.

In each time k, parameter of PV curve equatiorsisrated
and the curve is drawn based on (2). Nose poinbisputed
and voltage difference and loading margin can lieel.

IV. SIMULATION EXPERIMENT

This research uses synthetic data which is gerknaigrder
to mimic PMU data. Generating data uses three siosnand
each scenario has scheduled parameter value of Bnd.
Scenarios with scheduled parameter are shown ifeTaBy
using the scaled random generation, and samplimg of 3.33
ms, 100 data of power and voltage are generatecedoh
scenario. As a result, there are 300 time-varyaig és shown
in Fig. 3 and Fig. 4.

98 L L L L L L L
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TIME [second]

Fig. 3 Voltage data
POWER DATA

—scale 0.01
240+ scale 0.05
—scale 0.1
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|
0 0.1 02 03 0.4 05 06 0.7 08 0.9 1
TIME [second]

Fig. 4 Power data

In each time step k, parameter of PV curve equaison
estimated using constrained particle filter. Ussagne variance
value of 0.01 for all parameter’'s noise distribndoand for
observation noise distribution, the result of tegneated value
compared to the true value of each parameter angrsht Fig.
5, Fig. 6, and Fig. 7, respectively.
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Fig. 5 Comparison between estimated and true \aflparameter E
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Fig. 6 Comparison between estimated and true \aflparameter X
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Fig. 7 Comparison between estimated and true \aflparametet
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PV curve is drawn for each time k, find nose paialue,
compute dynamic voltage difference, and loading gimar

simultaneouslyThe results of dynamic voltage difference anc

loading margin are shown in Fig. 8 and Fig. 9.
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Fig. 9 Loading margin condition

From Fig.8 and Fig.9, it is shown that voltage ealsimore
stable with the parameter of scenarios lll, but thdtage
stability of whole system is more stable at parameif
scenario |. This fact also informs that voltageuesat specified
point is not good indicator to measure voltage ibtplof the

system. Changes in estimated PV curve shape are not
significant when the parameter is still the sam#,the shape

will change significantly when the value of the aaeter
change. This is described in Fig. 10, PV curvedaagvn at time

k = 0.333 second, k = 0.336 second and k=0.66eseddese
chosen time describe the changes in scheduled ptramf
measurement data, respectively. The values ofpaiseare, at

time k = 0.333 second is 1973.3W, 58.5V, at tine 8.336
second is 1402.9W, 54.5V, and at time k = 0.66®3&ds
1389.4W, 54.5V, respectively.

—k=0333s
—k=0336s
—k=0.666s

VOLTAGE [V]

40k .

T L I L L L L
0 200 400 600 800 1000 1200 1400 1800
1

POWER [W

1600 2000

Fig. 10 Estimated PV curve at specified time k
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Fig. 11 Estimation with different number of panticl

Estimation process is also performed using differember
of particle and the results are shown in Fig. XbcPss is done
by using 16 particles, 18 particles, and 10 particles,
respectively. From the figure, it is shown thatimation by
using a larger number of particles has better ediim results.
Estimation using 1Dparticles can predict parameter values
closer to the true value.

This research used synthetic data for estimatiod an
proposed method can successfully estimate parawedters of
PV curve equation and simultaneously provide infation
about voltage stability dynamically. Load change&éscribed
by change in parameter value. Constraint is useativeving
better estimation result and avoiding this mettmté failed.

V.CONCLUSIONAND FUTURE WORKS

This paper proposed a method to estimate volteaslisy
dynamically by using particle filter method. In tlase of
limited data, especially limitation in electricabiantity, this
method can be used as dynamic estimator tool tomatng
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parameter of PV curve equation. Knowledge of causty
however, is needed in order to achieve better astom.

For system with more than two buses, however,rtathod
needs more information in order to develop systeodeh In
large system, this method is also possible and maitable to
estimate voltage stability at adjacent buses, hilit with
assumption that while drawing the curve, conditainother
system is assumed not changed. This work is coregida the
future task.
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