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The magnitudes of voltage dips on non-monitored buses can be estimated by applying Bayes’s theorem with
measured voltage dips on a limited number of monitored buses. Bayes’s theorem is used to obtain the grid
conditions, including the network impedance, load, distributed generation vector, and short-circuit location,
from which the voltage magnitudes along the feeder can be calculated. In order to implement this approach
effectively, it is necessary to understand which parameters among the grid conditions are more significant for the
estimation performance and how the uncertainties associated with these parameters affect the estimation results.
Moreover, since the measurement structure provides observations to calculate the posterior distribution from the
prior distribution of the grid conditions. The measurement parameters, quantities, and accuracy levels are varied
in simulations to obtain an optimum measurement structure balancing between the cost and the measurement
performance. This paper presented the results of the sensitivity studies which have been done on the IEEE 13-Bus
and 123-Bus test systems. The results shows the performance of the voltage dip state estimation approach is less
sensitive to the uncertainty level of the load while more sensitive to those of the DG, the short-circuit power, the
zero sequence impedance of the cable and the short-circuit resistance. The voltage measurement accuracy is
more important than that of current and phase angles. The proposed method shows much stronger robustness
compared to the conventional one and the estimation performance can be improved through several measures,
e.g. adding more measurement points.

1. Introduction
Voltage Dips can lead to economic losses for industrial customers if
sensitive equipment is affected or a continuous process is disturbed [1].
In many manufacturing processes, a temporary reduction in voltage can
lead to failure of a few vital pieces of equipment may result in a complete or partial shutdown of the production, which in turn leads to financial losses. Besides the production loss, the loss of material and the
time cost to fix and restart the process further increases the financial
cost. Voltage dips can be caused by short circuits somewhere else in the
network, while the starting of large motors, overloading or the disconnecting of capacitor banks can also be the cause [1–3].
To quantify the amount of voltage dips at a particular site in the
electricity grid and compare the voltage dip performance among utilities, several indexes are defined. These indexes can quantify the performance of the whole grid or a specific bus [4]. For example, the
System Average RMS (Variation) Frequency index (SARFIx) is widely
accepted by industry. It requires the voltage level at each bus. Analytic

solution to calculate the magnitudes of voltage dip is given in [5]. Since
most of the voltage dips are due to short circuits, statistical data regarding the fault probability obtained from component failure rates can
be used to estimate the amount of voltage dips at each bus. This method
is known as the stochastic method [6,7]. For the estimation on a long
time horizon the approach shows an acceptable performance. On a
shorter time horizon, the impacts of uncertainties, e.g. weather condition, human behaviour (construction) are not cancelled out. Thus for a
specific year, the estimated amount of voltage dips can be significantly
different from the measured one. To be able to better assess the number
of voltage dips, monitoring can be implemented. Due to the high
measuring cost it is uneconomical to measure at all buses. Therefore,
the concept of voltage dip state estimation (VDSE) has been developed
in [8]. In the VDSE, monitored data from a limited number of network
buses is used to estimate the voltage level on non-monitored buses.
Different approaches to the VDSE problem are explained in [9–11]
where the classical state estimation (SE) theory is applied. The VDSE
problem is different from the traditional SE problem where redundant
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Nomenclature

the mean
the integration space
the measurement range for voltage and current
U,I
the variance
the maximum error of the phase angle measurement
the maximum relative error of voltage and current meaU ,I
surement
fGc (gc m ) the calculated PDF of the posterior distribution on Gc
the probability distribution function (PDF) of the prior
fGc (gc )
distribution
fM (m gc ) the conditional PDF of m
I
the total number of iterations
ii
the index indicates the iteration of the algorithm
LC
the total length of the cable
Lf
the fault position
NCTP
the total number of cable types
NDG
the total number of DGs
Nload
the total number of loads
nb
the total number of buses
NS
the total number of samples at each iteration
ns
the index indicates the ns th sample
PB
the probability that the fault takes place on a bus at t 0
PC
the probability that the fault takes place on a cable at t 0
pfDG, i
the power factor of the ith DG
pfi
the power factor of the ith load
Rf
the fault breakdown resistance
SL
a set of all the fault positions
SB
the set of all position of buses
SDG, i
the apparent power of the ith DG
Si
the apparent power
wiins
the weight of the ns th sample, normalized considering the
NS samples drawn at the iith iteration

µ

Gc

the estimated generation vector
the estimated load vector
the zero-sequence impedance of a cable from the data
sheet
w̄iins
the unnormalized weight of the ns th sample at the iith
iteration
the covariance matrix of the measurement error
m
DG ( sDG , plDG ) the variance vector of DG
load ( p , q ) the variance of the load vector
the covariance matrix of the zero-sequence impedance
z0
the phase angle vector during the voltage dip
Gc
the integral space of Gc
I (a, b, c ) the three-phase magnitudes of the currents during the
voltage dip
m
the measurement vector
the real zero-sequence resistance per kilometer of the
R 0, i
cable type
SDG
the generation vector of distributed generations (DGs)
Sload
the load vector of customers
Ssc
the short-circuit power of the network
U (a, b, c ) the three-phase magnitudes of the voltages during the
voltage dip
X 0, i
the real zero-sequence reactance per kilometer of the
cable type
Z0
the zero-sequence impedance of cable
the truncated subset with ± 3
±3
(x µ, ) the PDF for a normal distribution with mean µ and variance
(a, b) a uniform distribution with lower limit a and upper limit b
(c, k ) a Weibull distribution with a scale parameter of c and
shape parameter k

S̄DG
S̄load
Z̄0

voltages and currents, at limited points, are the observation to connect
the priori and the posteriori. The approach using Bayes’ theorem is firstly
proposed in [19] and later the generic Bayesian-inference-based VDSE
framework is defined in [12]. The estimation performance is shown for
a particular level of uncertainties for each of the variables. The impact
of the uncertainty of the measurement quantities needs to be further
investigated in order to gain clear insight into the requirements of the
measurement structure and the uncertainty levels of the prior distributions for which one can obtain a certain level of VDSE performance. Improvements are required to have a more accurate prior distribution for specific input. For instance, the generation of DGs were
assumed to be a uniform distribution in [12], which can be replaced by
a mixture distribution made of Weilbull distributions or a probability
mass function that are validated to have a higher accuracy [20,21] for
wind DG. In this paper the required measurement accuracy, and the
amount of measurement locations to accurately assess the characteristics of a voltage dip throughout the network is assessed based on an
improved version of the Baysian VDSE algorithm. An additional contribution in this research is presented regarding to the sampling method
for the Monte Carlo integration. In particular, the posterior distribution
of each parameter is evaluated by means of a nonlinear population
Monte Carlo (PMC) algorithm [22,23]. A PMC is a iterative sampling
process which draws the sample from the defined prior distribution and
re-weights the integral using importance weights so that the correct
distribution is targeted. The performance of sampling method is investigated with various number of iterations and different types and
parameters of the prior distribution, from which the robustness of the
approach can be assessed.
This paper is organised as follows: In Section 2, the framework for
the methodology is illustrated and the detailed structure of the

metering data are available. The results of the VDSE problem, however,
should be obtained from an under-determined system. Different techniques have been applied in literature to solve the VDSE problem as an
optimization problem. In [9], the solution is obtained by means of an
integer linear programming technique. A genetic algorithm is employed
for efficiently solving the VDSE problem in [10]. The concept of fault
position is used in [11] where the singular value decomposition (SVD)
is applied to find the solution. However, The mathematical formulation
is simplified when the fault positions are assumed to be randomly located along the feeder and each fault position represents a portion of
the network.
Although various approaches are proposed in the past for solving
the VDSE problem, several issues still needs to be addressed for a more
robust performance: (a) the measurement uncertainty needs to be incorporated; (b) the impact of distributed generation (DG) should be
taken into account along with the uncertainty of the estimated generation power; (c) the component failure rates should be used to build
the fault position distribution. One of the methods which addresses
these points is based on Bayesian inference [12]. Bayes’ theorem is used
to update the probability for a hypothesis when more information or
evidence is obtained. It has been applied to address the general power
system state estimation problem [13], the component failure rate and
power outage risk estimation problem [14,15], harmonic state estimation [16,17]. In general, the advantages of applying Bayesian inference for state estimation are: (a) it is strictly based on the probability
axioms and therefore preserve information; (b) it gives the probability
density function (PDF) of the model state conditioned on the available
information. With the available PDF, the state can be estimated with the
associated uncertainties [18]. It assumes the prior distributions of fault
position, load conditions and DG generation, etc. The measured
889
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approach is shown. In Section 3, the proposed method has been tested
on an IEEE distribution test systems when the PMC is used for the
sampling of the Monte Carlo integration. The sensitivity analysis for
different levels of uncertainties for grid conditions has been done. The
influence of various measurement structures and uncertain levels with
respect to the performance of the method are discussed as well.

of Gc given as Gc includes six independent variables. Each of the variables of Gc is defined in this section.
The pre-fault grid state is determined by three independent components: Ssc , Sload and SDG . The faulted grid state consists of Lf , Rf and Z0 .
Each component of the grid conditions has been defined with a particular PDF in [12].

2. Voltage dip state estimation problem

• Short-circuit Power: Given the value of the estimated short-circuit

The aim of VDSE is to estimate the values of residual voltages at the
non-monitored buses with the measured voltage magnitudes at a limited number of buses during voltage dips. If the grid conditions when a
fault occurs are known, the VDSE problem can be solved with a shortcircuit calculation. The prior (marginal) probability density function of
the grid conditions gc is assumed based on pseudo-measurements and
estimations. Using the measurement data the posterior PDFs of the real
grid condition are estimated. The Bayesian VDSE problem can be performed by solving the following equation:

fGc gc m =

power s̄sc , the PDF of the real external grid voltage can be obtained
through (3)

fSsc (ssc ) =
with

m gc fGc (gc ) d (gc )

±3

±3 ssc (ssc

s¯sc,

(3)

ssc )

(x µ , ) defined as:
(x µ , )

±3

x µ,

=

µ,

±3

x

•

(1)

The conditional PDF of the measurement vector fM (m gc ) is also known
as the Bayesian likelihood function.
Fig. 1 illustrates the Bayesian inference-based VDSE framework as
descried in [19]. The pre-fault and faulted grid conditions constitute the
prior distribution and can be obtained from state estimation [24]. The
pre-fault grid condition vector includes the short-circuit power of the
network, the DG generation vector and the load vector. The faulted grid
condition vector contains the fault position, the zero-sequence impedance of cable and the fault breakdown resistance. A component
failure rates database containing the failure rates of commonly used
power system components is used to determine the prior distribution of
the fault positions [25]. At buses with measurements, the current and
voltage values are acquired. Given the defined prior distribution as well
as the recorded measurement data, the posterior (conditional) distribution is estimated via Bayesian inference. Hereafter the expected
value of voltage dip magnitude at each bus is calculated with the posterior distribution of the grid conditions.

±3

d

0

fM (m gc ) fGc (gc )
f
Gc M

(2)

Gc = [Ssc , Sload, SDG, Z0, Lf , Rf ]

other

(4)

where ±3 is the truncated subset with ± 3 . Applying a truncated
subset guarantees the numerical stability.
Load Vector, Sload , can be described as

Sload = [Si, pfi ] 1

i

• DG Generation Vector: S

DG

SDG = [SDG, i, pfDG, i ]

(5)

Nload

1

i

is defined as:

NDG

(6)

• Zero-sequence impedance of the cable: The real zero-sequence impedance of a cable (Z0 ) is calculated as shown in (7).

Z0 = [R 0, i , X 0, i ] 1

i

NCTP

(7)

The prior distributions of the Sload, SDG and Z0 are assumed to be a
truncated normal distribution.

f X (X ) =

•

2.1. Prior distribution of grid condition
The prior distribution for the VDSE is presented [19]. The joint PDF

± 3 X (X

X¯ ,

(8)

where X are Sload, SDG and Z0 , X¯ are S¯load, S¯DG and Z̄0 , X are
load, DG and z0 respectively.
Fault Position: The prior distribution of the fault position are assumed based on the failure rates of components. Since the shortcircuit event can take place either on a cable or at a bus. If the fault
occurs at a bus, the fault position should be a discrete variable
mathematically and a probability mass functions (PMF) can represent its distribution( fFP, B (fp) ). A PDF ( fFP, C (fp) ) is used if the

Fig. 1. The framework of Voltage Dip state estimation.
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event occurs on the cable. The prior distribution can be calculated as
shown in (9) and (10).

PB /NB fp SB
0
other

fFP, J / B (fp) =

fFP, C (fp) =

•

PC / LC fp
0

grid condition can be calculated with (18).
fM m

(9)

(10)

other

f M (m ) =

Ures =

where

(13)

The measurement vector defines the quantities need to be measured. Due to the existence of measurement uncertainties, the conditional PDF of a measured value can be obtained. It is important to place
measuring meters properly in order to record every fault in the system
[26]. For each individual measuring point, the measurement vector M
is given by (14).
The phase angle vector
as follows.

Ua),

= [ (Uc

= [ (Ia

Ua ),

(Ib
Ua),
(Ib

b, c ),

(a , b , c ),

(a, b, c )]

UA ) (Ic

(14)

Ua )]

Ub) (Ic

Ub) (Ic

Uc )]

Ub)]
(15)

(16)

m (Gc )

Given the real values m at measuring points, a Gauss distribution is
used to describe the measured quantities vector M considering the
measurement error. The conditional PDF of M can be obtained as (17).

fM (m gc ) =

(m m ,

m)

f M m gc

f (gc ) dgc dfp

c

f

Gc

f (gc ) dgc

f M (m )

(20)

(gc ) is the short-circuit calculation.
f

(g c )

(21)

One of the challenges of applying Bayesian inference is to obtain the
analytical form of the posterior distribution since it is a high dimensional integral problem. An alternative is to generate its approximation
through importance sampling as shown in (22)[27], which is approximate to (20). For the issue in this paper, gc can be sampled from the
defined prior distribution directly which is known as standard Monte
Carlo integration as described in [12]. Standard Monte Carlo integration performs efficiently when the defined prior distribution is with a
high accuracy [27]. However, when it is difficult to obtain a precise
prior distribution, importance sampling can be iterated which improves
the robustness against dependence on starting values [28]. Adaptive
importance sampling (AIS) which draws samples from distributions
determined by its previous iterations is one of the sampling techniques.
AIS is applied in various research field, e.g. signal processing [29,30].
Based on Bayesian theory one can start by generating samples from the
prior and weighting them using the target distribution. The obtained set
of samples and weights is an approximation of the posterior distribution
which is better. In AIS the idea is to use this approximation as a sampling distribution which is better than the initially used prior distribution. The samples and weights of the improved distribution can result in
an approximation of the posterior distribution with less samples. Since
the importance sampling adapts to each iteration, the methodology is
called as AIS. Various algorithms are proposed to realize AIS, including
the PMC algorithm [22], mixture Gaussian proposals [31], the adaptive
multiple importance sampling [29], and the adaptive population importance sampler [32]. In this paper, a nonlinear PMC scheme as shown
in [23] is applied to implement AIS. The algorithm outperforms the
tradition methods in terms of the mean squared error. The algorithm is
given below.

is dependent on the type of short-circuit fault

(Ib

Gc

2.4. Numerical integration using importance sampling with population
Monte Carlo

where SLGF represents the single line ground fault, LLF is the line to
line fault, LLGF is the double line to ground fault and 3FF is the three
phase fault.
A Gaussian distribution with zero mean and standard deviation
= 3 is assumed for the measurement error, where is the maximum
deviation calculated as U , I · U , I for the voltage and current and
for
the phase angle.
Given a specific set of grid conditions Gc , the values of M are obtained via short-circuit calculations as shown in (16).

M=

f M (m )

Gc

[U1 (a, b, c ), …, Unb (a, b, c )] =

2.2. Measurement

3FF

SL

+

where

i (a ,

fp SJ SB

(19)

f M m gc f G (gc ) fFP , J / B (fp)
c

fp SJ SB

= [ (Ia

f M m gc f Gc (gc ) fFP, C (fp) dgc dfp +

f M m gc f G (gc ) fFP, C (fp)

(12)

fGc (gc ) = fSload (sload)· fSDG (sDG )· fUg (ug )· fRf (Rf )·fZ0 (z 0)

Gc

When the posterior distribution of the grid condition is known, the
expected value of the voltage dip magnitude along the feeder can be
calculated by (20).

fGc (gc )·fFP, J / B (fp)
fGc (gc )·fFP, C (fp)

SL

f Gc (gc ) fFP, J / B (fp) dgc

(11)

M = [U (a , b , c ), I (a , b , c ),

(18)

where

2.1.1. Prior joint probability distribution
The Prior joint probability distribution of Gc is calculated as:

LLF , LLGF

gc f G (gc ) fFP, C (fp)
c
f M (m )

The value of Rfmax is different for phase to phase faults compared to
phase to ground faults.

SLGF

fM m

SL (SB )

(0, Rfmax )

fGc (gc ) =

f M (m )

fGc gc m =

The detailed derivation of (9) and (10) can be found in [19].
Fault Breakdown Resistance: The fault breakdown resistances (Rf ) is
dependent on the type of short-circuit fault [19]. A uniform distribution is used to describe the variable Rf :

Rf

gc f G (gc ) fFP, J / B (fp)
c

(17)

2.3. Posterior distribution of grid condition and expected value of voltage
dip magnitude at each bus
Given the measurement vector m , the posterior distribution of the
891
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robustness of B-method, X-method, which is also based on fault position, is applied for the comparison. The X-method includes 2 steps:
1. Using the measured voltages and currents for the first upstream
monitor, the fault loop impedance can be calculated [35]. With the
impedance of the cable per kilometer, the fault position can be estimated.
2. A short-circuit calculation is executed to obtain the voltage dip
magnitudes since the fault position is known from the step 1.
Monte Carlo simulations are implemented for both the B and the Xmethod:
1. Random grid conditions are generated from the defined prior distribution.
2. A short-circuit calculation is performed with the generated grid
conditions and the measured values are obtained by adding noise in
accordance with the measurement uncertainty.
3. The B and the X-method are applied to estimate the voltage magnitude at the non-monitored buses.
4. Repeat step 1–3 for NMC times.

Fig. 2. IEEE 13-Bus distribution test system.

1
NMC

Ures

NMC

p (gck )
gck fGc (gck )
p (gck )

k= 1

NMC
k =1 f M m

gck

NMC
k = 1 f M (m

p (g c )

gck fGc (gck )· f (gck )

NMC f M m

1

=

fM m

NMC
k =1

gc1,

3.1. IEEE 13-Bus distribution test system

k
f (g c )

In Fig. 2, the network topology, measurement positions, DG locations and relays on the IEEE 13-Bus network benchmark is shown. The
modeling details of the network can be found in [34] and some new
parameters need to be defined as:

gck )

, gcNMC

(22)

Gc

Algorithm 1. Nonlinear PMC targeting: fGc (gc m )

• Short-circuit power: s̄ = 350 MVA and = 30 MVA .
• Load vector: With the values given in [34], S can be determined.
and of load i are assumed as 2.5% of P and Q .
DG
• generation vector: S of wind DG is generated from
ssc

sc

load

Iteration(ii = 1, …, I ):
1. Draw NS samples

) NS
{gc(,ns
ii }ns = 1

p

from the proposal qii (gc ) :

as shown in Section 2.1.
(b) when ii = 2, …, I , qii (gc ) is the truncated Gaussian approximation of fGc (gc m )

•

with the support of values obtained at iteration ii 1.
2. For ns = 1, …, NS , compute the unnormalized importance weights

w̄ii(ns )

(ns )
(ns )
gc, ii fGc gc, ii

•
•
•
•

(ns )
qii gc, ii

)
where fM (m gc(,ns
ii ) denotes the likelihood approximation computed according to [-

33].
3. For ns = 1, …, NS , normalize the weights:

wii(ns ) =

w¯ iins
,
NS w¯ (ns )
j= 1 j

ns = 1, …, NS

4. Construct a truncated Gaussian approximation qii + 1 (gc ) =

(gc µii ,

ii)

of the

posterior fGc (gc m ) , the mean vector and covariance matrix can be computed with

the defined prior distribution.

µii =
ii

=

)
gc(,ns
ii

)
µii (gc(,ns
ii

i

(1.5 MW, 2) and plDG, i is given by (0.8, 0.9) . sDG of DG i is 5% of
the estimated DG generation power SDG, i . For other DGs, a uniform
distribution is used to obtain the power as (2 MW, 3 MW) .
Zero-sequence impedance of the cable: The covariance matrix
z 0 ( r 0, x 0 ) are assumed to be 3% of the zero-sequence impedance of
the cable.
Fault rates: The failure rate of line ( L ) is 0.062 year 1·km 1, that of
cable ( C ) is 0.043 year 1·km 1 and that of bus ( J ) is 0.03 year 1.
Fault breakdown resistance: Rf , max equals to 1 for the phase to
ground fault and 0.5 for the fault between phases.
Measurement
uncertainties:
U = 10 kV, U =2%, I = 15 kA,
= 5°.
I = 2% and
The total number of sampled grid condition at each irritation and
the total number of iterations: NS = 400 and I = 20 .

The sensitivity study will be performed by changing a single parameter, the other parameters will remain at these default values. By
altering a single parameter at a time, the sensitivity of each parameter
can be determined. Fig. 3 shows the voltage dip magnitudes along the

NS
(ns ) (ns )
ns = 1 wii gc, ii

NS
(ns )
ns = 1 wii

i

DG, i

(a) when ii = 1, let q1 (gc ) = fGc (gc ) , where the prior distribution fGc (gc ) is assumed

fM m

q

T

µii )

3. Sensitivity analysis on IEEE distribution test system
The proposed approach developed with Bayes’ theorem (B-method)
is tested on the IEEE 13-Bus and the IEEE 123-Bus distribution test
systems [34]. The influence of uncertainties from the network parameters of connections(short-circuit power, DG and load), from the
network parameters of components (zero-sequence impedance and fault
break down resistance) and from the measurements are investigated
through the sensitivity study. The improvement with a more accurate
assumption of the prior distribution is shown when the fault position is
taken as the objective. In order to investigate the superiority and the

Fig. 3. The voltage magnitudes along the feeder with three-phase short-circuit
fault.
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feeder when a three-phase short-circuit happens. At the monitored
buses (632 and 671), the voltages are measured when the values are
estimated at the other buses. It shows the B-method has a higher estimation accuracy for this particular case. A index Ud, B X is defined as
given by (23) to compare the real simulated residual voltage at each bus
(Ures, real ) with the estimated voltage (Ures, B X ).

Ud, B X = Ures, real

Ures, B X

number 1–7 on x-axis). Monte Carlo simulations have been implemented for each of these uncertainty levels. As shown in Fig. 7, the
values of the indexes grow from 0.023 to 0.03. For the short-circuit
resistance, the upper limit of Eq. (11) increases from 0.25 to 2 with
an increment of 0.25 . From the figure it can be seen that the estimation accuracy deteriorates with an increase in Rf , max . The value of
Ud95, B X is about 0.021 when Rf , max is 0.25 , however, it reaches about
0.047 when the value of Rf , max grows to 2 .

(23)

The 95th percentile value of Ud, B X at each bus for all of the MC simulated cases (Ud95, B X ) is calculated. The average Ud95, B X at all buses Ud95, B X is
used to compare among different simulation scenarios.

3.1.4. Investigation on the robustness of the proposed method
Fig. 8 shows the ranges of Ud95, B X by the B and the X-method with an
increase of ssc, sDG, load, z0 and Rf , max . The uncertainty values associated with each of the parameters used in the simulation are same for
both the B and the X-method as shown in Figs. 6 and 7. Comparing the
B-method to the X-method, the uncertainties have a larger effect on the
estimation performance when the X-method is applied. This holds for
all network parameters. Especially for the network parameters relating
to the components, the higher uncertainty lead to a much higher inaccuracy of the estimation results with the X-method. For example, the
values of Ud95, B X with varying values of Rf , max range from 0.021 to 0.047
with the B-method while those with the X-method range from 0.062 to
0.0128. It is found that the ranges of Ud95, B X for the B-method are all
within 0.02 pu except the one for Rf , max which is about 0.026 . Therefore,
it is shown that the B-method has a stronger robustness for the VDSE
problem.

3.1.1. Influence of the number of iteration times of PMC
The crucial feature to apply the PMC is to draw the samples from the
proposal distribution (the defined prior distribution in this case) and reweight the integral using importance weights so that the correct distribution is targeted. The efficiency of the algorithm is correlated with
the number of iterations when the number of samples in each iteration
is same. To investigate the influence of the number of iterations on the
sampling efficiency the mean value of the short-circuit power (s̄sc ) is
changed for the defined prior and the difference between the estimator
and what is estimated at each iteration. Fig. 4 shows the estimated
posterior distribution of s̄sc computed with 20 and 50 iterations when the
s̄sc is 400 MVA. It shows that the estimated s̄sc of I = 50 is closer to the
true value than that of I = 20 . For different values of s̄sc (375, 400, 450
and 500 MVA) the estimated values of s̄sc are given at each iteration
from 1 to 100 as shown in Fig. 5. It can be seen that a lower number of
iterations is needed when the prior distribution is more accurate. More
specifically, the difference between the estimated s̄sc and the true value
is less than 10 MVA at the 20th iteration when s̄sc is 375 or 400 while
the same metric is about 50 when s̄sc = 450 and about 100 when
s̄sc = 500 .

3.1.5. Influence of the definition of the prior distribution
The prior distribution of the fault position is calculated with the
fault rates of different network components [25]. To investigate the
influence of an inaccurate definition of the prior distribution, the fault
rates of specific components (lines, cables and joints) are assumed to be
different from the default values. The simulations have been implemented with two scenarios: (a) an accurate priori: the prior distribution of fault position is calculated with the updated fault rates, (b)
a default priori: although the fault rates of specific components have
been changed, the prior distribution of fault position is still calculated
with the default fault rates as given previously. Fig. 9 shows the values
of Ud95, B X of the two scenarios when the fault rates of all components
between bus 632 to 646 and bus 671 to 675 are d % more than the
default values. It can be seen that an accurate assumption of the prior
distribution is important for obtaining accurate results.

3.1.2. Influence of uncertainties from the network parameters of
connections
In Fig. 6, the values of Ud95, B X are calculated from the simulation
results when one of the three uncertainties ( ssc, sDG, load ( p, q )) is
changed and the other parameters are kept as their default values. The
scale on the horizontal axis represents cases with the growth of one
particular parameter. The value 1 represents the basic case with the
default values. Each increment indicates a growth of 50% of the default
value. For instance, the short-circuit power of the basic case (the
number 1 on x-axis) is 20 MVA while the number 0, 2 and 3 give 10 20
and 30 MVA. It can be seen that the error grows with an increase in
uncertainty. More specifically, the indexes are between 0.021 to 0.032
when ssc in (3) increases from 10 MVA to 60 MVA. For the uncertainties
of DG and load, the values increase from 0.022 to 0.03 and 0.023 to
0.028 when sDG and load changes gradually from 2.5% to 15% respectively. Therefore, it can be seen that the uncertainty of the shortcircuit power is more significant for the estimation performance than
these of the DG and the load. Among the three parameters, the uncertainty of the load is the least influential for the estimation performance.

3.1.6. Influence of the measurement quantities, parameters and uncertainty
One of the advantages of applying Bayesian inference is the flexibility of the measurement structure. Fig. 10 shows the values of Ud95, B X
when one bus (Bus 632) or two buses (Bus 632 and 671) in the network
are selected on which different parameters (voltage, current, and angle)
are measured. In the figure, VI represents that the voltage, the current
and the phase angle of the voltage are measured at the bus and V

3.1.3. Influence of uncertainties from the network parameters relating to the
components
As shown in (2), the joint PDF of Gc includes two network parameters relating to the components: the zero sequence impedance of the
cable and the short-circuit resistance. The reason to consider the uncertainty of the zero sequence impedance of the cable is that the zerosequence path varies with the connection strategies of earth sheaths,
connection resistance and the grounding modes. To investigate the influence of the uncertainty of the zero sequence impedance of cable, all
of the overhead lines in the benchmark network are assumed to be the
underground cables. The uncertainty of the zero sequence impedance of
the cables varies from 1.5% to 12% with an increment of 1.5% (The

Fig. 4. The estimated posterior distribution of s̄sc computed with 20 and 50
times iteration when the s̄sc is 400 MVA.
893

Electrical Power and Energy Systems 113 (2019) 888–896

G. Ye, et al.

Fig. 9. Ud95, B X with accurate priori and default priori when
to 60%.

d

increases from 10%

Fig. 5. The estimated posterior distribution of s̄sc computed from 1 to 100 times
iteration when the s̄sc is varied.

Fig. 10. Ud95, B X with different measurement parameters and points.
Fig. 6. Ud95, B X with the increase of

Fig. 7. Ud95, B X with the increase of

ssc ,

z0

sDG ,

(

r 0,

and

load

( p,

q ).

Fig. 11. Ud95, B X with the increase of

x 0 ) and Rf , max .

.

estimation performance when VI is measured at buses 632 and 671
with a U of 5% is very close to the performance when VI at only one
bus with a U of 2% .
Fig. 11 shows the values of Ud95, B X when
grows from 5° to 30° . It
can be found that the B-method is more sensitive to measurement uncertainties of the phase angle than the X-method. The value of the index
for the B-method for 30 ° is about 200% more than that for 5° while the
growth is about 85% for the X-method.
3.2. IEEE 123-Bus distribution test system
The performance of the proposed VDSE method on a larger distribution system is investigated via simulations on the IEEE 123-Bus
distribution test system as shown in Fig. 12. Most of the necessary
parameters for the network modelling are presented in [34] and the
parameters
(s¯sc, ssc, p, q, Rf , max , z 0 ( r 0, x 0 ), U , U , I , I , , NS , I , NMC )
are
same as in the previous case study. Besides, the DG generation vector is
defined as: the SDG, i of DG i is given by (20 kW, 50 kW) and plDG, i is
defined with (0.8, 0.9); sDG = 3.5 kW and plDG = 0.05.
Fig. 13 shows the values of Ud, B X for a voltage dip due to a SLGF at
the bus 37 from the 1st to 100th simulation. For most simulations, the
B-method can give absolute errors lower than 0.03. In comparison to

Fig. 8. The ranges of Ud95, B X by B and X-method with the increase of uncertainty
from each parameter.

indicates that only the voltage is measured. With more measurement
points, a higher level of estimation accuracy is achieved. The difference
between Ud95, B X with VI measurements at one bus and VI measurements at two buses is relatively high with a high voltage measurement
uncertainty. Measuring VI at one bus gives a better estimation results
comparing with the case that only the voltage at two buses (632 and
671) is measured. If the measurement accuracy is not sufficient, adding
more measurement points can be an effective solution. For instance, the
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the results of the X-method, the B-method gives lower errors for the
majority simulation cases. To investigate the robustness of the proposed
method with various levels of uncertainties, the values of Ud95, B X are
calculated from the simulation results when one of the five uncertainties ( ssc, sDG, load ( p, q ), z0 ( r 0, x 0 ) and Rf , max ) is changed
and the other parameters are kept at their default values. Each parameter has been changed in the same way as shown in Figs. 6 and 7.
Fig. 14 shows the ranges of Ud95, B X for the B and the X-method when
ssc , sDG , load , z0 and Rf , max is changed. It can be seen that the Xmethod is much more sensitive to the varying uncertainties than the Bmethod. Comparing the results from IEEE 13-Bus, the estimation error
becomes larger for the X-method in general. However, the B-method is
more robustness for the various uncertainties examined in this paper.
More exactly, the ranges of Ud95, B X obtained by the B-method are all
within 0.03 for the five uncertainty sources but for the X-method the
ranges are all within the interval from 0.05 to 0.26.
The results on the benchmark of IEEE 13-Bus system show that the
measurement uncertainty is one of the most crucial elements to impact
the estimation performance. To investigate the impact quantitatively in
a larger network, the impact with the increment of the measurement
uncertainties on the estimation performance is given in Fig. 15 for the
IEEE 123-Bus system. Overall the performance differences between the
X-method and the B-method increases in absolute terms with the additional measurement uncertainty. For example, the difference of Ud95, B X
= 5° between the X and the B-method is
with U = 1%, I = 2.5%,
= 30° is about
0.04 and the same metric with U = 6%, I = 15%,
0.08. If the B-method is used the measurement uncertainties can be as
= 20° to achieve an estimation perforlarge as U = 4%, I = 10%,
mance of at most 0.05. However, with X-method, even the most accurate measurement set analysed in this paper gives an estimation index
over 0.05.

Fig. 12. IEEE 123-Bus distribution test system.

Fig. 13. Ud, B X due to SLGF at the bus 37 from the 1st to 100th simulation case.

4. Conclusion
Network and measurement uncertainties are incorporated in the
voltage dip state estimation problem through an approach based on
Bayes’s theorem. The Bayesian-inference-based VDSE approach can be
improved by applying an iterative sampling method known as PMC to
solve the high-dimensional integral problem instead of a standard
Monte Carlo sampling approach. It shows a higher efficiency to obtain
the target distribution and a much stronger robustness, especially when
the defined prior distribution is less accurate. Sensitivity analysis have
been performed to investigate the robustness of the Bayesian-inferencebased VDSE to these uncertainties in order to qualify the required
measurement set-up.
The results of the sensitivity analysis on IEEE 13-Bus test feeder
indicate that accurately setting the defined prior distribution for the
short-circuit power has a large effect on the estimation performance
than that of DG and load. The uncertainties associated with the network
parameters relating to the components (the zero sequence impedance of
the cable and the short-circuit resistance) are more significant than the
loading related parameters. Applying the B-method has a better estimation accuracy, especially when these network uncertainties increase.
For a larger test system, the benefit of applying B-method is more obvious comparing the results with the X-methods.
To achieve a certain estimation accuracy level, one can use higher
accuracy level instruments, measure more parameters, add more measurement points or a combination of theses measures. For the simulation cases analysed in this paper, it is found that measuring more
parameters including the voltage, the current and the phase angle of the
voltage at one measuring buses can give a higher estimation performance than only measuring the voltage on two buses. In conclusion, a

Fig. 14. The ranges of Ud95, B X for the B and X-method with the increase of uncertainty from selected parameters for the IEEE 123-Bus system.

Fig. 15. Ud95, B X due to a SLGF with various levels of measurement uncertainties.
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better estimation of the static network parameters with a measurement
set-up where all quantities of interests are measured at just a few points
would be most suitable for the Bayesian-inference-based VDSE.
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