
684 IEEE SYSTEMS JOURNAL, VOL. 17, NO. 1, MARCH 2023

Distribution System State Estimation Using PV
Separation Strategy in LV Feeders With High

Levels of Unmonitored PV Generation
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Abstract—Distribution system state estimation (DSSE) is a crit-
ical analysis tool for active distribution networks (DNs). Unlike
weighted least squares techniques, which are static DSSE methods,
the augmented complex Kalman filter (ACKF) is a novel tech-
nique that considers the system’s dynamic behavior. Currently,
most DNs integrate a large number of unmonitored residential
photovoltaic (PV) generations. Existing unmeasured PV sources
violate the white noise assumption in Kalman and least-squares-
based estimators, causing the estimator to be biased. Because
the one-step difference of aggregated customer demand is char-
acterized as white noise, the suggested PV estimation technique
based on the differencing strategy is used to decouple PV from
the measured load. Using the specified contribution factors, the
new online pseudo current injections are generated. In addition,
the estimator’s accuracy is improved by using a new PV-scaling-
aided ACKF approach based on the PV separation strategy. For
validation purposes, this method is applied to real DN case stud-
ies. This study also makes use of an actual dataset to illustrate
the efficacy of the proposed technique. The proposed technique
outperforms the existing snapshot and dynamic DSSE techniques,
and significant improvements are achieved in terms of accuracy and
computational cost.

Index Terms—Distribution system state estimation (DSSE), high
photovoltaic (PV) penetration level, Kalman filter (KF), least
squares, visualizing unmonitored residential PV.

NOMENCLATURE

k Time step.
j Bus number.
n Total number of buses.
m Total number of branches.
s Total number of samples.
X(k) System state matrix at time step k.
X̂(k) Estimated state at time step k.
Y (k) Measurement matrix at time step k.
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A(k) State transition matrix at time step k.
C(k) Observation matrix at time step k.
M(k) State noise matrix at time step k.
N(k) Measurement noise matrix at time step k.
Q State noise covariance matrix.
R Measurement noise covariance matrix.
V (k) Bus voltage vector at time step k.
V0 Slack bus voltage vector.
vn(k) Bus n voltage at time step k.
v̂n(k) Bus n estimated voltage at time step k.
Ii(k) Bus current injection vector at time step k.
Ib(k) Branch current vector at time step k.
IiD(k) Bus current injection vector corresponding to the

demand at time step k.
IiPV(k) Bus current injection vector corresponding to PV

at time step k.
iin(k) Bus n current injection at time step k.
iiDn (k) Bus n current injection corresponding to demand

at time step k.
ibm(k) Branch m current at time step k.
iiPV
n (k) Bus n current injection corresponding to PV at

time step k.
pM (k) Total measured active power on the transformer

side at time step k.
QM (k) Total measured reactive power on the transformer

side at time step k.
ptPV(k) Total PV generated active power on the trans-

former side at time step k.
ptD(k) Total demand active power on the transformer side

at time step k.
pRPV(k) Reference PV generated active power at time step

k.
βPV PV scaling factor.
w(k) PV modeling error at time step k.
PM Historical active power measurement vector on the

transformer side.
PRPV Historical active power measurement vector of the

reference PV.
PD Historical active power measurement vector of the

total demand on the transformer side.
W PV modeling error vector.
PM ′

Derivative vector of the historical active power
measurements on the transformer side.
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PRPV′
Derivative vector of the reference PV historical
measurements.

β̂PV Estimated PV scaling factor.
p̂tPV(k) Estimated total PV generation on the transformer

side at time step k.
p̂tD(k) Estimated total demand on the transformer side at

time step k.
lf j Load contribution factor of bus j.
hp
j Total customer daily usage in bus j.

sf j Solar contribution factor of bus j.
spj Total installed PV size in bus j.
PD

pseudo(k) Pseudo bus active power injection vector corre-
sponding to the demand at time step k.

P PV
pseudo(k) Pseudo bus active power injection vector corre-

sponding to the PV at time step k.
QD

pseudo(k) Pseudo bus reactive power injection vector corre-
sponding to the demand at time step k.

IiPV
pseudo(k) Pseudo current injection vector corresponding to

PV at time step k.
IiDpseudo(k) Pseudo current injection vector corresponding to

demand at time step k.
Ibpseudo(k) Pseudo branch current vector at time step k.
Vpseudo(k) Pseudo bus voltage vector at time step k.
X̂a+(k) Posterior estimated augmented state after receiv-

ing the new measurement at time step k.
X̂a−(k) Prior estimated augmented state before receiving

the new measurement at time step k.
P a+(k) Posterior augmented error covariance after receiv-

ing the new measurement at time step k.
P a−(k) Prior augmented error covariance before receiving

the new measurement at time step k.
Σ(k) Innovation covariance at time step k.

I. INTRODUCTION

S TATE estimation (SE) algorithms are used in networks to
identify the most probable state of the network such as

bus voltage or branch current using the available measurements.
Static state estimation (SSE) methods are used to estimate the
constant states. The weighted least squares (WLS) method is a
commonly used SSE method in transmission networks [1], [2].
The drawback of the SSE methods is to ignore the state transi-
tion and the estimations from the previous samples, which are
important in networks with high rates of renewable energies [3].
Therefore, dynamic SE methods known as forecasting-aided
state estimation (FASE) are used to consider system dynam-
ics [4]. Kalman filter (KF)-based strategies are commonly used
in FASE methods [5]–[7]. The KF is a recursive estimator, which
considers the dynamic approach of the system, compared with
the WLS as a snapshot estimator [8], [9]. When the system
is nonlinear and can be well approximated by linearization,
the extended Kalman filter (EKF) is a good choice for the
SE [3]. However, the EKF has some drawbacks, such as dif-
ficulty in the Jacobian calculation, high computational costs,
and not working in highly nonlinear systems. To solve these
issues, an unscented Kalman filter (UKF) that approximates the
probability distribution is used [10]. Distribution system state

Fig. 1. Transformer and customer level in the distribution LV feeder.

estimation (DSSE) methods based on the UKF need more data
to generate sigma points. In general, KF methods are based on
nonlinear measurement function formulations. Furthermore, the
difficulties of these formulations have required the consideration
of linearization approaches.

DSSE methods that use a direct approach reduce the computa-
tional cost by linearizing the estimation formulation [11]. In the
direct approach load flow solution, the constant bus-injection
to branch-current (BIBC) and branch-current to bus-voltage
(BCBV) matrices are used to solve the load flow problem. The
relationship between system impedance, bus current injection,
and node voltages is linear in the direct approach formulation.
Therefore, the time-consuming procedures in Jacobian matrix
calculation are not needed, and the ill-conditioned problems
caused by lower–upper factorization of the Jacobian matrix will
not occur in methods based on the direct approach. The accuracy
of the load flow based on the direct approach is the same as
other techniques, but it is both robust and efficient in large
networks [11].

On the other hand, estimating the real and imaginary parts
of the states independently is not sufficient due to the existing
interactions between the real and imaginary parts. Therefore, the
complex-valued states and the complex statistics are proposed
in [8] and [12]. The augmented complex Kalman filter (ACKF)
based on the direct approach is a noniterative DSSE technique
that is used to overcome complex-valued nonlinear signals with
strong levels of correlations. This method is applicable to three-
phase distribution networks (DNs) due to the complicated nature
of the power system. Recently, a new one-step multilayer DSSE
based on the ACKF and the direct load flow approach is used
to have a linear estimator in DNs with limited measurement
units [12].

A. SE in DNs With Limited Measurement Devices

SE in DNs is challenging due to the limited available data.
A distribution low-voltage (LV) feeder can be divided into
transformer and customer levels shown in Fig. 1. In most of the
DNs, measurement units on the transformer side are the only
source of information that network operators have.

Installing phasor measurement units can improve the visibility
of the network and linearize the measurement formulations in
DSSE, not a cost-effective solution in current LV feeders [13].
Usually, indirect measurements called pseudo measurements are
used to solve the estimation problem in networks with limited
real measurements [14]. Pseudo measurements provide lower
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accuracy and higher uncertainty compared with real measure-
ments. Computation intelligence approaches, such as machine
learning, can also be utilized to generate pseudo measurements
in SE methodologies [15]. Learning-based methods require
access to the ground-truth data, not applicable in DNs with
limited measurements. Shafiei et al. [16], [17] consider the
spatial–temporal dependencies among customer loads in DNs to
improve the accuracy of the pseudo measurements and DSSE.
The aggregation of adjacent loads has been used to decrease
the variability of load consumption and improve the spatial
correlation in the subarea to increase the accuracy of the pseudo
measurements. According to [18] and [19], the accuracy of
the DSSE in LV grids with limited measurements is mostly
dependent on the accuracy of the pseudo measurements. On
the other hand, high levels of photovoltaic (PV) penetration can
deteriorate the accuracy of the generated pseudo measurements,
which results in a biased estimator. The effect of PV penetration
needs to be considered in pseudo measurement calculations,
which have a great impact on the accuracy of the SE in DNs
with limited measurements. According to [20], few papers have
considered SE methods in DNs with high penetration of renew-
able resources. Ayiad et al. [21] present a study on the influence
of PV penetration on the WLS-based DSSE. To increase the
accuracy of the estimator, Barchi and Macii [22] use the available
measured PV generation in the prediction and update steps of the
DSSE. Measurement devices need to be installed at the customer
level, which is not practical in most of the DNs with limited
measurements.

B. Feeder-Level PV Estimation

Visualizing the unmonitored aggregated PV generation on the
transformer side of the LV feeder can help the system operator to
generate accurate pseudo data, which are used in the distribution
state estimator. PV estimation techniques are widely used to
estimate the individual customer’s PV generation. These tech-
niques are classified into data-driven and model-based methods.
In model-based techniques, each customer’s PV panel configu-
ration data are required to estimate the solar output power, not
practical in most of the feeders with limited data. Data-driven
methods are more applicable than the model-based techniques
in DNs with limited measurements [23], [24]. These methods
are utilizing the available historical and online measurements
to extract features to estimate the output power. Supervised,
semisupervised, and contextually supervised data-driven ap-
proaches are used in literature to estimate the PV generation
on the transformer or customer side [25]–[27]. Most of the
data-driven techniques have the assumption of smart meters
in each home for feature extraction and tuning [28]–[30]. This
assumption is not practical in most of the DNs with unmonitored
PV generations and limited measurement devices. Therefore, a
new data-driven method is required to estimate the feeder-level
PV generation in areas with limited measurement data. Since
the aggregated demand has a noisy behavior in successive time
steps, an unsupervised technique based on the differencing
strategy can be utilized to visualize the unmonitored PV on the
transformer side [31].

C. Contributions

The presence of unmonitored PV generations violates the
white noise assumption in different Kalman and least-squares-
based estimators. The white noise signal has independent ran-
dom variables with Gaussian probability distribution and zero
mean. On the other hand, PV generation in each bus would
increase the correlation between each bus measurement (spatial
correlation), which could violate the white noise assumption in
the measurement noise. Additionally, PV generations can also
increment the correlation in time between different samples
(temporal correlation). Therefore, the white noise assumption
for the state noise is also violated when PV exists in the network.
A PV-scaling-aided ACKF (PV-ACKF) method is proposed in
this article to increase the accuracy of the ACKF estimator in
areas with high levels of PV penetration.

The contributions of the proposed method are also listed as
follows:

1) developing the PV estimation technique based on the
differencing strategy to be used in the state estimator;

2) providing a new strategy to generate pseudo measurements
in DNs with limited measurement devices and high levels
of PV penetration using the estimated PV scaling and
contribution factors;

3) modifying the conventional ACKF formulation using the
PV separation strategy and proposing the new PV-ACKF
approach to be utilized in areas with high levels of PV
penetration; and

4) evaluating different DSSE techniques in areas with high
levels of PV penetration and limited measurement devices,
which are not studied in the previous works.

The rest of this article is organized as follows. Section II de-
scribes the conventional ACKF. Section III presents the proposed
method used in this study. Section IV discusses the simulation
results. Finally, Section V concludes this article.

II. DSSE BASED ON THE ACKF AND THE DIRECT APPROACH

A current injection-based estimator was previously proposed
in [32] that converts the power injection measurements to the
bus current injections in a rectangular form. The complex nature
of the bus current injections as the system states necessitates a
complex formulation of DSSE algorithms. While estimating the
real and imaginary portions of the states separately reduces the
algorithm’s complexity, it overlooks the interactions between the
real and imaginary parts [12]. On the other hand, DSSE based
on a direct power flow approach can linearize the estimation
formulation [11]. The ACKF based on the direct approach is
a new FASE approach developed and applied in [8] and [33].
According to [8], the ACKF has consistently better performance
in terms of computation and accuracy compared with traditional
WLS.

The general state-space model is presented as follows:

X(k) = A(k)X(k − 1) +M(k)

Y (k) = C(k)X(k) +N(k). (1)
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Using (1), the augmented state-space model can be written as
follows [16]:

Xa(k) = Aa(k)Xa(k − 1) +Ma(k)

Y a(k) = Ca(k)Xa(k) +Na(k)

Xa(k) =

[
X(k)
X∗(k)

]
, Y a(k) =

[
Y (k)
Y ∗(k)

]

Aa(k) =

[
A(k) 0
0 A∗(k)

]
, Ca(k) =

[
C(k) 0
0 C∗(k)

]

Ma(k) =

[
M(k)
M ∗(k)

]
, Na(k) =

[
N(k)
N ∗(k)

]
(2)

where subscripts (..)a and (..)∗ show the augmented complex
and complex conjugate operator, respectively. Here, the noise
properties need to be white. System and measurement noises
need to be uncorrelated in time and have the property of Gaussian
normal distribution with zero mean and specific variances. This
basic assumption applies to all the DN SE techniques to have
an unbiased estimator, which can be violated due to the existing
uncertainty sources such as PV.

In this article, like [32], system states are bus current injec-
tions in complex form. Based on the study in [12], the Aa(k)
matrix is considered to be an identity in (2) since the difference
between current injections in each bus for successive time steps
is characterized as white noise. This assumption is valid when
there are only customers connected to each bus and the level of
PV penetration is low.

Using the direct load flow approach formulations, the mea-
surement model can be obtained. Here, BCBV and BIBC matri-
ces, which are obtained from the topological characteristics of
the system, need to be used to solve the load flow problem offline.
The multiplication of these two matrices provides the direct
load flow (DLF) matrix, which indicates the linear relationship
between bus current injection and the bus voltage to have a linear
estimator. The measurement model can be given by the following
equations at time step k:

Ib(k) = BIBC × Ii(k)

V (k)− V0 = − DLF × Ii(k) (3)

Ib(k) =

⎛
⎜⎜⎜⎝

ib1(k)
ib2(k)

...
ibm(k)

⎞
⎟⎟⎟⎠ , Ii(k) =

⎛
⎜⎜⎜⎝

ii1(k)
ii2(k)

...
iin(k)

⎞
⎟⎟⎟⎠

V (k) =

⎛
⎜⎜⎜⎝

v1(k)
v2(k)

...
vn(k)

⎞
⎟⎟⎟⎠ , V0 =

⎛
⎜⎜⎜⎝

v1(k)
v1(k)

...
v1(k)

⎞
⎟⎟⎟⎠ (4)

where Ib(k) ∈ Cm×1, Ii(k) ∈ Cn×1, V (k) ∈ Cn×1, V0 ∈
Cn×1, BIBC ∈ Rm×n, and DLF ∈ Cn×n. The standard KF is
used in the ACKF formulation since the state and the measure-
ment functions are linear. (The relationship between bus current
injection and voltage is linear since direct approach is utilized.)

Fig. 2. Correlation between the RPV and the aggregated PV on the transformer
side using the real dataset for one LV feeder.

The ACKF is characterized by rapidly converging to the true
values [12].

III. PROPOSED METHOD

In this section, a new estimation method based on PV sep-
aration is proposed to solve the problems associated with the
conventional ACKF in areas with a high level of PV penetration.
Since PV measurements are not available, an unsupervised PV
estimation technique is required to separate different portions
from the aggregated measurement on the transformer side. Then,
pseudo measurements are generated to make the problem of
estimation solvable. Finally, PV-ACKF formulation is suggested
to provide the new FASE technique to be used in areas with a
high level of PV penetration and limited measurements.

A. PV Estimation Technique

Here, the new unsupervised data-driven technique is used
to identify the unknown portions of the measured aggregated
values on the transformer side. In this study like [12], active and
reactive power measurements are available on the transformer
side, which is common in most of the DNs.

1) Correlation Studies and PV Scaling Factor: Since all
customers are on the same LV feeder, there is a correlation
between their PV generation outputs. According to [29] and
[31], one of the customers’ PV output can be used as a reference
PV (RPV) to estimate the total unmonitored PV generation on
the transformer side due to the existing correlation between the
RPV and the aggregated PV output on the transformer side. Fig. 2
shows the correlation between the RPV and the aggregated PV
on the transformer side using a one-month real dataset with a
resolution of 1 min for an area in the range of 1 km.

Radiance measurements can also be used to generate the
RPV data, which need additional measurement devices, such
as sky cameras, to monitor clouds and also panel configuration
information to have a correct model. In this study, RPV solar
output is monitored to estimate total PV on the transformer side.

The linear correlation can be assumed between the RPV’s
generated active power and the total PV generation on the
transformer side of the LV feeder [29]. However, nonlinearity
between the RPV measurements and the total PV could also
occur, caused by transposition errors. The nonlinear model is
not a viable option since it necessitates extra high-resolution
measurements to solve these issues, which are inapplicable
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in present DNs with restricted measurement capabilities [34].
Equation (5) can be expressed for any time k based on the
linear relationship between RPV active power generation and
the aggregated total PV active power on the transformer side

ptPV(k) = βPV × pRPV(k) + w(k). (5)

PV modeling error (w(k)) can have a characteristic similar
to white noise. White noise has a Gaussian distribution with a
mean of zero and no temporal correlation [31]. This assumption
is achievable if all of the PV panels are connected to a single LV
feeder.

The PV scaling factor (βPV) can be updated whenever the
network gives updated data on new PV installation, PV panel
deterioration, shadowing due to environmental changes, or sea-
sonality effects [31].

2) PV Scaling Factor Estimation: Since current and voltage
phasor measurements are available on the transformer side of
the LV feeder, the measured total active power (pM (k)) can be
obtained using power calculations. The measured total active
power consists of unknown PV and demand parts, as follows:

pM (k) = ptD(k)− ptPV(k). (6)

Then, (7) and (8) are obtained, which take into account two
known vectors (PM and PRPV) and one unknown aggregated
demand vector (PD):

PM = PD − βPV × PRPV +W (7)

PM =

⎛
⎜⎜⎜⎝

pM (1)
pM (2)

...
pM (k)

⎞
⎟⎟⎟⎠ , PD =

⎛
⎜⎜⎜⎝

ptD(1)
ptD(2)

...
ptD(k)

⎞
⎟⎟⎟⎠ ,

PRPV =

⎛
⎜⎜⎜⎝

pRPV(1)
pRPV(2)

...
pRPV(k)

⎞
⎟⎟⎟⎠ , W =

⎛
⎜⎜⎜⎝

w(1)
w(2)

...
w(k)

⎞
⎟⎟⎟⎠ . (8)

Because there are correlations between PD and PRPV data
streams, estimating the PV scaling factor just from the measured
PM vector would be a difficult process. In this article, signal
processing analyses are used to find βPV. According to [12],
the first-order difference of the aggregated customer demand
vector (PD) acts like white noise, which will aid to remove the
unmeasured part from the formulation. Therefore, the derivative
operator is utilized and (7) is updated to

D
(
PM

)
= D

(
PD

)−D
(
βPV × PRPV

)
+D(W ). (9)

Here, D(..) represents the first-order derivative operator. PM

and PRPV are the historical measurement vectors. Since D(PD)
acts like white noise, the least squares solution provides the
optimal βPV using the following [31]:

β̂PV =
(
[PM ′

]
T
[PRPV′

]
)−1

[PRPV′
]
T
[PM ′

]. (10)

Using the estimated scaling factor (10) and the new measure-
ment of the active power on the transformer side, the online
estimated demand and PV portions on the transformer side are

obtained using (11). These estimated values are utilized in the
next stage to generate the real-time pseudo measurement to be
used in the SE formulation

p̂tPV(k) = β̂PV × pRPV(k)

p̂tD(k) = pM (k)− β̂PV × pRPV(k). (11)

B. Pseudo Measurements

Since the measurements in an LV feeder are mostly limited
to the transformer side, pseudo measurements are needed to use
in the SE formulation. Accuracy of the pseudo measurements
plays an important role in improving the accuracy of the DSSE
in networks with limited measurements. However, historical
measurements cannot be efficient to generate real-time pseudo
measurements in the SE. Here, pseudo measurements are gen-
erated and updated using the measurements on the transformer
side. Like [12], pseudo measurements are generated using the
customer’s average daily usage (kWh) (available in the electric-
ity bill) as historical data to find each bus’s load contribution
factor. The load contribution factor for bus j is obtained as

lfj =
hp
j∑n

j=1 hp
j

(12)

where hp
j is the total customer daily usage at bus j using the

billing information. The load factor for each bus j is constant
for different time steps since the geographical aggregation of
individual customer consumption has a smoothing effect [12].
The real-time pseudo bus active power corresponding to demand
is obtained using the calculated load contribution factor vector
LF and the estimated demand part of the measured active power
on the transformer side (13)

PD
pseudo(k) = LF × p̂tD(k) (13)

where PD
pseudo(k) ∈ Rn×1 and LF = [lf1, lf2, . . ., lfn]

T . Hav-
ing PV generations in the LV feeder would violate the assump-
tion of white noise in the ACKF formulation, whereby generated
pseudo measurements could not be accurate. Consequently, the
conventional ACKF is biased in networks with high PV pene-
tration levels. To mitigate this issue, it is imperative to design a
new formulation to generate pseudo measurements.

In the conventional ACKF, pseudo measurements are gener-
ated using the load contribution factors. In this article, the PV
contribution factor is proposed to improve the accuracy of the
generated pseudo measurements in areas with unmonitored PV.
In general, the DN operator has access to the registered PV sizes
of each customer. The contribution of bus j to the estimated total
PV active power on the transformer side is calculated as follows:

sfj =
spj∑n

j=1 spj
. (14)

Using the total installed PV size at each bus (spj ) divided by
the total PV size in the feeder, the PV contribution factor is
calculated. Using the obtained PV contribution factor (sf j), the
real-time pseudo bus active power corresponding to the PV is
obtained as

P PV
pseudo(k) = SF × p̂tPV(k) (15)
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where P PV
pseudo(k) ∈ Rn×1 and SF = [sf1, sf2, . . ., sfn]

T . Fur-
thermore, the pseudo reactive power in each bus is also obtained
using the load contribution factor and the total reactive power
(QM ) in (16). The measured total reactive power is calculated
using the measured current and voltage on the transformer side.
PV inverters are assumed not to inject reactive power into the
network. In scenarios that solar inverters are injecting reactive
power, network operators need to define their power factor or
install monitoring devices

QD
pseudo(k) = LF ×QM (k). (16)

Using the direct power flow approach (see [11]), the pseudo
current injection vector corresponding to PV (IiPV

pseudo(k)) and
demand (IiDpseudo(k)) portions can be obtained. Furthermore,
pseudo branch currents (Ibpseudo(k)) and bus voltage (Vpseudo(k))
are found to be used in the estimator.

C. PV-Scaling-Aided ACKF

In the SE procedure, state and measurement noises are re-
quired to have a white noise characteristic. Existing PV gen-
eration would violate this basic assumption since there are
correlations between the PV outputs in successive time steps and
measurements in different buses due to the similar characteristic
between solar outputs of customers in one feeder. On the other
hand, the uncertainty of the cloud movements can also make the
estimation process challenging. The bus current injection can be
disaggregated to the corresponding demand and PV portions in
each bus using the following:

Ii(k) = IiD(k)− IiPV(k) (17)

IiD(k) =

⎛
⎜⎜⎜⎝

iiD1 (k)
iiD2 (k)

...
iiDn (k)

⎞
⎟⎟⎟⎠ , IiPV(k) =

⎛
⎜⎜⎜⎝

iiPV
1 (k)

iiPV
2 (k)

...
iiPV
n (k)

⎞
⎟⎟⎟⎠ . (18)

Here, IiD(k) ∈ Cn×1 and IiPV(k) ∈ Rn×1. In this article, the
system model needs to be redesigned to meet the white noise
assumption. In the updated system model, the system state is
considered to be the demand portion of the bus current injection
(IiD(k)). Here, the A matrix is considered to be identified since
the difference between bus current injections corresponding to
demand for successive time steps follows white noise character-
istics [33].

The proposed flowchart for the PV-ACKF is presented in
Fig. 3 where the measurement model is updated as⎡

⎣ IiD(k)
Ib(k)

V (k)− V0

⎤
⎦

︸ ︷︷ ︸
Y (k)

=

⎡
⎣ I 0 0
0 BIBC 0
0 0 −DLF

⎤
⎦

︸ ︷︷ ︸
C

×
⎡
⎣ IiD(k)
IiD(k)− IiPV

Pseudo(k)
IiD(k)− IiPV

Pseudo(k)

⎤
⎦

︸ ︷︷ ︸
X(k)

. (19)

Fig. 3. Proposed PV-ACKF flowchart.

In the first step, the PV scaling factor is estimated using the
aggregated total active power on the transformer side and the
RPV active power generation offline. Besides, PV and demand
contribution factors are also found offline using the customer’s
billing information and registered PV sizes. Real-time pseudo
measurements are generated at each time step k using the
estimated values on the transformer side and the calculated
contribution factors. Then, pseudo bus current injections cor-
responding to demand and PV portions are obtained using the
direct power flow analysis. Finally, the PV-ACKF SE stage is
providing the optimal estimate. The SE procedure is formulated
using the following steps:

1) initializing the estimator using the augmented state
(X̂a(0)) and the augmented error estimate covariance
(P a(0)) calculated as

X̂a(0) = E (Xa(0))

P a(0) = E

[(
Xa − X̂a(0)

)(
Xa − X̂a(0)

)T
]

(20)

2) predicting the new state and error covariance using

X̂a−(k) = X̂a(k − 1)

P a−(k) = Aa(k)P a(k − 1)AaT (k) +Qa(k − 1)
(21)

3) Kalman gain (K(k)) calculation using

K(k) = P a−(k)CaT (k)Σ−1(k)

Σ(k) = Ca(k)P a−(k)CaT (k) +Ra(k) (22)

4) state and error covariance update using

X̂a+(k) = X̂a−(k) +K(k)(Y a(k)− Ca(k)X̂a−(k))

P a+(k) = (I −K(k)Ca(k))P a−(k). (23)
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In the prediction step, the previous time estimated augmented
state (X̂a(k − 1)) and the previous time augmented error covari-
ance (P a(k − 1)) are replaced by the initial values calculated
in (20). Then, an optimal Kalman gain needs to be calculated to
put weight to the received measurements and predicted states to
update the new state. The last step is the updating stage, where
new states and error covariance are calculated using Kalman gain
and measurement function. The obtained new state and error
covariance are assumed as the previous state and be replaced in
the prediction step to find the new state.

D. Outlier Detection

Outliers can appear in a variety of ways throughout the mea-
surement process, causing system measurements to be contam-
inated. To have a robust estimation, outliers need to be detected
and a new estimation mechanism should be developed. A typ-
ical practice across various approaches is to identify sufficient
statistics that have information on outliers and then design a
statistical hypothesis test to determine whether or not the present
data sample contains an outlier. To detect outliers, the innovation
quantity needs to be obtained from the update stage of the
estimation. The innovation r(k) can be written as

r(k) = Y a(k)− Ca(k)X̂a−(k). (24)

In an ideal situation, the innovation needs to follow a normal
distribution with zero mean and a covariance, which equalsΣ(k)
in (22) [5]. Using

d(k) =
√
rT (k)Σ−1(k)r(k) (25)

the Mahalanobis distance (d(k)) is calculated to compare with
a threshold value to verify outlier presence. Random variables
need to be within the 3d(k) band, and the measured data out
of this range can be considered as a bad data measurement.
According to [12], to prevent omitting important information
from the measured data due to the presence of PV and pseudo
measurements, 5d(k) is considered as a threshold value to detect
outliers. When the outlier is detected, the measurement needs
to be discarded, and only the prediction step of the estimation
procedure [see (21)] is used.

E. Evaluation Metrics

In this article, mean absolute error (MAE) and mean error
variance (MEV) metrics are used to evaluate the performance
of the proposed method. The MAE is computed for voltage
magnitude and angle across all tests as follows [31]:

MAE =
1

s

s∑
k=1

|vn(k)− v̂n(k)|. (26)

Besides, the MEV is used to determine the state estimator’s
actual error variance using the following equations [8]:

MEV =
1

s

s∑
k=1

(en(k)− ēn)
2 (27)

cen(k) = vn(k)− v̂n(k) (28)

Fig. 4. Six-bus DN [12].

where en(k) and ēn are the estimation error of bus n at time
step k and the total average error of bus n, respectively.

IV. SIMULATION RESULTS

In this section, simulation results using the proposed method
are presented. The accuracy of the estimates using the proposed
PV-ACKF is compared with the results of the conventional
techniques. The real-world dataset is far more advantageous
than the synthetic one. A synthetic dataset is highly dependent
on the generating model, which needs to be perfect to mimic the
authentic data. Modeling cloud movements and residential PV
generations is difficult in areas with limited information.

In this article, the real dataset provided by Energex and Ergon
Energy Network (the local DN service provider in Southeast
Queensland) is used for validation purposes. The data were
gathered by Redback measurement devices along the LV feeder
and on the transformer side. This 1-min-resolution dataset is for
residential customers located in one LV feeder for a two-month
period from November 2020 to December 2020. Data explo-
ration, cleaning, integration, and transformation were done to
prepare the data for doing analysis.

The proposed PV-ACKF method is tested on three different
case studies to show the effectiveness of the algorithm in dif-
ferent networks. Here, a real six-bus radial DN [12], an unbal-
anced 23-bus Australian DN [16], and a modified IEEE-116
LV test feeder [35], [36] are used. For all of the case studies,
the measuring point is considered on the secondary side of the
medium-voltage/LV transformer (available for most of the LV
feeders).

The simulations are run on a computer with a 3.4-GHz Intel
Core i7-4770 CPU and 16 GB of RAM. MATLAB R2018a
software is used to estimate the PV generation, and Spyder
(Python 3.8) software is utilized to do data preparation and run
the SE techniques using MATLAB outputs.

A. Six-Bus DN

The six-bus DN presented in Fig. 4 is used in this study. This
LV feeder incorporates 67 domestic homes, where 33 customers
have rooftop PV systems. Here, customer groups are connected
to each bus, and all the installed load and PV information are
presented in Table I. The total installed PV capacity is 120.2
kWp (kilowatt peak), and the maximum total demand on the
transformer side is 122.49 kW (kilowatt). The total PV penetra-
tion level for this network is 98% obtained using the total original
installed PV capacity over the maximum demand. Here, installed
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TABLE I
SIX-BUS-TEST-SYSTEM-CONNECTED LOAD AND PV INFORMATION

TABLE II
LOAD AND PV CONTRIBUTION FACTORS IN PERCENT FOR

DIFFERENT SCENARIOS

measurement units are limited to substation levels. Only bus
voltage and branch current measurements are available on the
transformer side. Moreover, one of the customers’ PV output is
measured to be used in PV-ACKF formulation.

1) Generating Pseudo Measurements Using PV Separation
Strategy: In the conventional ACKF, pseudo measurements are
generated using the load contribution factors without consider-
ing the impact of PV generations. In this article, a new approach
to generating accurate pseudo measurements using PV contribu-
tion factors is proposed. Here, different scenarios are considered
to represent the impact of PV feeder distribution on the accuracy
of the pseudo measurements. In the first scenario, the installed
PV units are evenly distributed along the LV feeder. According to
the second and third scenarios, most of the PV units are located
at the beginning and the end of the LV feeder. Obtained load and
PV contribution factors are shown in Table II. PV penetration
level for all of the scenarios is 98%. The total installed PV size
equals 120.2 kWp, which is the same for all three scenarios. In
the next stage, total unmonitored PV generation is required to
be estimated using the unsupervised methodology. Using one
of the customers’ PV output as a solar irradiance proxy located
in bus 3, the PV scaling factor is estimated. The gathered data
of November 2020 with the resolution of 1 min are utilized to
estimate the PV scaling factor, offline. Using the estimated PV
scaling factor and RPV output, real-time total PV output can be
estimated for December 2020.

2) Real-Time Results: Table III presents the estimation error
for one-day period using different methods. According to the
results, the proposed PV-ACKF could increase the accuracy
of the estimator in areas with PV generation. In scenario 2,
most of the PV units are located at the beginning of the feeder,
which could decrease the impact of the PV on the conventional
ACKF. Since all the PV units are near to reference bus 1, the
total network is not affected by the PV, which can improve the
accuracy of the estimator. In scenarios 1 and 3, all the buses
and branches are affected by the impact of the PV generation;
therefore, the results of the ACKF are worse compared with
scenario 2. Scenario 3 has the worst results compared with

Fig. 5. Australian 23-bus DN [16].

Fig. 6. Comparative results of the estimated total PV and total demand at bus
1 in the 23-bus test system. (a) Total PV. (b) Total demand.

other methods since the majority of the installed PV units are
located at the end of the feeder. Using the proposed PV-ACKF,
a significant improvement in all the scenarios can be seen. The
proposed method is not sensitive to different PV panel locations.
The proposed estimator has a superior performance compared
with the conventional method in different scenarios.

B. 23-Bus Australian DN

The proposed technique is also applied to an Australian
LV network with 23 buses, as illustrated in Fig. 5. Here, 179
loads are connected to the buses. All the information related
to the installed PV and load is provided in Table IV. The total
installed PV capacity is 543.32 kWp, and the maximum total
power consumption on the transformer side is 383.47 kW. The
number of measurement points is intentionally kept low in order
to reduce observability. Bus 1 voltage and branch 1 current
are only available measurements for the state estimator in this
network.

1) PV Estimation Results: Using the historical measurement
data at bus 1 and one of the customers’ PV output (load con-
nected to bus 9) as an irradiance proxy, (10) would calculate
the PV scaling factor to estimate the total PV generation on the
transformer side. Fig. 6 shows the estimated total demand and
PV portions compared with the actual values on the transformer
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TABLE III
ESTIMATED VOLTAGE ERROR COMPARING CONVENTIONAL ACKF AND PV-ACKF IN DIFFERENT SCENARIOS IN THE SIX-BUS DN

TABLE IV
23-BUS-TEST-SYSTEM-CONNECTED LOAD AND PV INFORMATION

Fig. 7. Real-time results comparing ACKF [12] and PV-ACKF in the 23-bus
test system. (a) Bus 6. (b) Bus 13. (c) Bus 22.

side on December 14, 2020. According to the results, the pro-
posed unsupervised PV estimation technique can estimate PV
and demand power with an acceptable error. Using (13) and (15),
demand and PV pseudo power measurements are generated to
be utilized in the state estimator.

2) Real-Time Results: Fig. 7 shows the performance of the
proposed PV-ACKF compared with the conventional ACKF and
the actual values for three selected buses on December 21, 2020.
According to the results, the conventional ACKF is biased during
the mid-day due to the presence of the PV generation, while the
proposed PV-ACKF methodology is robust against the generated
PV output.

Figs. 8 and 9 illustrate the estimation error for voltage mag-
nitude and angle in different buses over the period of seven days
from December 15, 2020 to December 21, 2020. Based on the
results, the accuracy of the conventional ACKF is improved if
the proposed pseudo generations are used. On the other hand,
the proposed PV-ACKF would improve the accuracy of the
estimator since the demand portion of the bus current injection
is chosen as the system state to fulfill the white noise assumption
in the estimator. The results show that bus 14 experiences the

Fig. 8. Voltage magnitude estimation error comparing different methods in
the 23-bus test system. (a) MAE (%). (b) MEV (%).

Fig. 9. Voltage angle estimation error comparing different methods in the
23-bus test system. (a) MAE (in radian). (b) MEV (in radian).

highest amount of error. On the other hand, bus 8 has the
minimum error compared with other buses. Based on the results,
all buses that are far from the reference bus (bus 1) experience
higher errors compared with the nearest buses.

Over the entire simulation set, ACKF and PV-ACKF tech-
niques are calculated using identical initial conditions and set-
tings. The average computation time over the period of seven
days is about the same for both techniques and equals 7 ms
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TABLE V
DIFFERENT PV PENETRATION SCENARIOS

Fig. 10. Voltage estimation error in different PV penetration scenarios.
(a) MAE. (b) MEV.

since most of the procedures in the proposed PV-ACKF are im-
plemented offline. Therefore, the PV-ACKF can provide a more
accurate estimate with the same computation cost compared with
conventional ACKF in areas with high levels of PV penetration.

3) Sensitivity of the PV-ACKF to Different PV Penetration
Levels: Here, different PV penetration levels are tested to ex-
amine the effectiveness of the proposed PV-ACKF estimator.
Seven different PV penetration scenarios are considered to show
the impact of PV penetration on the accuracy of the estimator. To
generate these PV penetration scenarios, only the installed PV
size of each house is changed. PV penetration levels and sizes in
different scenarios are presented in Table V. Estimation errors
comparing different methods are presented in Fig. 10. According
to the results, the ACKF performance is getting worse when
the PV penetration level is increasing. The proposed PV-ACKF
has a consistent performance with a lower amount of error
compared with other methods since the PV separation strategy
is utilized in the state and measurement models to reduce the
impact of high levels of PV penetration. Based on the results,
scenario 1 experiences the lowest amount of error compared
with other scenarios since small amounts of PV are generated
in this scenario.

C. Modified IEEE-116 LV Test Feeder

In this section, the proposed method is tested on the bigger
network and compared with snapshot WLS [21] and recursive
EKF [22] estimators to show the effectiveness of the suggested
approach. Here, the modified IEEE LV European test feeder with
116 nodes and 55 load buses is used [35], [36]. The topology of
the network is shown in Fig. 11, where the voltage at the head
of the feeder is set to 416 V. In this case study, the actual data
provided by the Energex and Ergon Energy Network are used
to create a real case scenario. Here, 165 residential customers
are connected to the network, and each load bus consists of

Fig. 11. Modified IEEE-116 LV test feeder.

Fig. 12. Voltage MAE comparing different methods in the IEEE-116 LV test
feeder. (a) Voltage magnitude. (b) Voltage phase angle.

three individual loads (shown in Fig. 11). All the loads and PV
information are provided in Table VI. Like the previous case
studies, measurements are only available on the transformer side,
and pseudo measurements are generated to run the SE (using
customers’ billing information and registered PV sizes). One
of the customers’ PV output connected to bus 105 is randomly
chosen as an RPV measurement. The total PV penetration level
is 197% in this network.

Here, the SE results are compared with current DSSE meth-
ods. We have evaluated the effectiveness of the proposed tech-
nique against EKF as a dynamic estimator and WLS as a
snapshot estimator. The pseudo data were generated for all
these methods using the suggested technique to evaluate all
the methods at the same condition. The MAE in bus voltage
magnitude and angle across the full simulation set is shown
in Fig. 12. According to the results, traditional methods have
higher errors compared with the proposed PV-ACKF. Since
most of the PV installations are placed down the feeder, the
estimation error is larger for those buses at the end of the feeder.
On the other hand, the results show the same level of accuracy
for both WLS and EKF since both techniques are solving the
same set of nonlinear equations representing the link between
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TABLE VI
116-BUS-TEST-SYSTEM-CONNECTED LOAD AND PV INFORMATION IN THE LOAD BUSES

TABLE VII
COMPUTATIONAL EFFICIENCY AND ACCURACY COMPARISON

the network node voltage and measurements. Using different
system covariance matrix, the performance of the dynamic EKF
estimator can be worse compared with the traditional snapshot
WLS estimator in areas with high levels of PV penetration.

Table VII compares the computational efficiency and the ac-
curacy of the suggested method against conventional WLS- and
EKF-based DSSE techniques. The same initial conditions are
considered for all of the methods. Furthermore, the maximums
of the MAEs are also compared for different methods at all buses.
According to the results, the proposed PV-ACKF technique
could decrease the maximum voltage error from 2.1% (using
the EKF) to 0.3% (using the proposed PV-ACKF). On the other
hand, the average computation time is reduced from 1.53 s (using
WLS) to 0.93 s (using the proposed PV-ACKF) due to the linear
formulation of the PV-ACKF. According to the results, the EKF
is better in terms of speed, but it experiences a higher maximum
MAE compared with conventional WLS.

V. CONCLUSION

This article presents a new generalized formulation of the
ACKF-based DSSE approach that works in poorly monitored
LV feeders with high PV penetration levels. Existing unmoni-
tored residential PV installations are violating the accuracy of
the voltage estimation techniques in LV feeders by imposing
uncertainties and violating noise assumptions. First, the total
PV generation is estimated on the transformer side using the
differencing strategy. Second, the outputs are used to generate
pseudo measurements using the proposed load and PV contribu-
tion factors. Finally, the new PV-ACKF estimator is proposed to
estimate the bus voltage in the feeder. The proposed technique
has been compared with conventional snapshot and dynamic
estimators in different scenarios and case studies. According to
the results, the suggested approach has a better performance in
terms of accuracy and computational efficiency compared with
conventional methods.
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