
energies

Article

Multi-Area Distribution System State Estimation Using
Decentralized Physics-Aware Neural Networks

Minh-Quan Tran 1,* , Ahmed S. Zamzam 2 , Phuong H. Nguyen 1 and Guus Pemen 1

����������
�������

Citation: Tran, M.-Q.; Zamzam, A.S.;

Nguyen, P.H.; Pemen, G. Multi-Area

Distribution System State Estimation

Using Decentralized Physics-Aware

Neural Networks. Energies 2021, 14,

3025. https://doi.org/10.3390/

en14113025

Academic Editor: Marco Pau

Received: 5 May 2021

Accepted: 21 May 2021

Published: 24 May 2021

Publisher’s Note: MDPI stays neutral

with regard to jurisdictional claims in

published maps and institutional affil-

iations.

Copyright: © 2021 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

1 Department of Electrical Engineering, Eindhoven University of Technology, 5600 MB Eindhoven,
The Netherlands; p.nguyen.hong@tue.nl (P.H.N.); a.j.m.pemen@tue.nl (G.P.)

2 National Renewable Energy Laboratory, Golden, CO 80401, USA; Ahmed.Zamzam@nrel.gov
* Correspondence: m.q.tran@tue.nl

Abstract: The development of active distribution grids requires more accurate and lower compu-
tational cost state estimation. In this paper, the authors investigate a decentralized learning-based
distribution system state estimation (DSSE) approach for large distribution grids. The proposed
approach decomposes the feeder-level DSSE into subarea-level estimation problems that can be
solved independently. The proposed method is decentralized pruned physics-aware neural network
(D-P2N2). The physical grid topology is used to parsimoniously design the connections between dif-
ferent hidden layers of the D-P2N2. Monte Carlo simulations based on one-year of load consumption
data collected from smart meters for a three-phase distribution system power flow are developed to
generate the measurement and voltage state data. The IEEE 123-node system is selected as the test
network to benchmark the proposed algorithm against the classic weighted least squares and state-
of-the-art learning-based DSSE approaches. Numerical results show that the D-P2N2 outperforms
the state-of-the-art methods in terms of estimation accuracy and computational efficiency.

Keywords: distribution system state estimation (DSSE); pruned physics-aware neural network
(P2N2); phasor measurement unit (PMU); data-driven modeling

1. Introduction

State estimation (SE) is an essential function for active distribution grids. The estimated
voltage from SE is used for different applications such as: voltage control [1], energy
management [2,3], or scheduling electric vehicle charging [4]. The massive integration of
renewable energy into distribution systems, however, renders the systems unpredictable
and volatile; therefore, there is a critical need for SE in modern distribution systems. Several
major differentiating issues between the distribution system and the transmission system
were discussed in [5], including the observability, unbalanced operation, low x/r value,
network configuration, renewable energy integration, cyber-security, and communications
issues. Many studies have primarily focused on analyzing the observability in SE for
distribution systems. Traditionally, weighted least square (WLS) estimators have been used
to estimate the system state (e.g., voltage magnitude, voltage angle) in transmission systems,
where grids have redundant measurements. On the other hand, distribution systems often
have a limited number of measurements, and, hence distribution systems are inherently
unobservable [5,6]. This renders the WLS formulation not applicable to a more extensive
distribution system because the singularity of the the gain matrix hinders the solvability for
the state variables [7].

A practical solution of the unobservable grid is to use pseudo measurements [8],
which are often forecasted from historical data or calculated by interpolating observed
measurement data. In [9], an algebraic-based method is used to determine the observability
of the electric grid. Then, in [10] an improved measurement placement algorithm is devel-
oped that prevents the iterative addition of measurements. In [11], a game theoretic-based,
data-driven technique is studied with the purpose of generating pseudo measurements
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in distribution system state estimation (DSSE). In addition, a machine learning model is
developed to learn load patterns and to then generate active power pseudo measurements.
For the same purpose, in [12], a frequency-based clustering algorithm is proposed that
determines the load patterns and estimates the daily energy consumption. On the other
hand, in [13] a probabilistic data-driven method is used to generate time-series pseudo
measurements for an unmeasured photovoltaic systems.

In addition to the unobservability issue, a particularly important issue for DSSE is
the significant computational complexity arising from the large number of nodes and
the unbalanced three-phase structure. Further, data sharing among different distribution
system operators is not always available because of information privacy concerns [14].
To tackle these issues, the concept of decentralized state estimation (DSS) has been pro-
posed [15–17], where as most approaches have focused on multi-area state estimation.
In [15], the authors proposed a complete DSS based on a multi-agent system that can
obtain an accurate solution compared to WLS; however, the method was tested for a highly
meshed network with significant redundancy in measurements. In addition, reliable com-
munications were required for the computations of the multi-agent estimation problem. A
hybrid DSS framework combining a two-level model-based and a data-driven approach
was presented in [16], with a decentralized model based at the lower level to provide the
necessary data for a the data-driven model at the upper level. The method offers a DSS
model without requiring communications infrastructure. In [17], the authors proposed DSS
based on phasor measurement units (PMUs). This DSS framework for active distribution
grids was designed based on a sparse l1 relaxation models and can operate independently
and handle bad data. Recently, a multi-timescale data-driven approach was proposed
in [14] where daily consumption patterns of customers were determined based on three
machine learning models to enhance distribution system observability.

Overall, data-driven techniques present a very promising solution to improve grid
distribution system monitoring and control. Motivated by these approaches, the authors
of [18] proposed a physics-aware neural network model. The idea is to embed the physical
connection of the distribution system into the neural network model; however, the method
used fixed embedding of the network graph at all neural network layers, which adds
significant unnecessary connections and weight to the neural network. Thus, our recent
work in [19] proposed the pruned physics-aware neural network (P2N2) model to prune
unnecessary connections; however, for large distribution systems, the model still requires a
high computational cost. To this end, this paper proposes a decentralized pruned physics-
aware neural network (D-P2N2) to provide a novel, decentralized, data-driven DSSE
solution that uses knowledge about the physical network model.

A graphic summary of the proposed approach is shown in Figure 1. First, Monte Carlo
simulations are set up with 35,040 data points from smart meters (one-year of collected
data). Then, the load consumption data are fed into the power flow simulation. The voltage
magnitude and measurement data are then segregated into different data packages corre-
sponding to subareas; then, the data will be used for the DSSE and will be fed to different
D-P2N2 models. Three different simulation cases are carried out with the modified IEEE-123
node test system. The simulation result demonstrates the efficacy of the D-P2N2 approach.
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Figure 1. The methodology of the proposed approach.

2. Distribution System State Estimation

In this section, the three-phase estimator is presented in the first subsection, which
is in the rectangular voltage-based DSSE. In the second subsection, different types of
measurements in the distribution system are discussed in detail.

2.1. Three-Phase Estimator

SE is a well-known problem that aims to estimate the system’s state variables from
measurements, using the physical expressions relating the measurements to the system
state. The synthesizing function can be written as follows:

z = h(x) + e (1)

where z a is measurement vector obtained from grid-measuring devices and pseudo
measurements; h(x) is a vector function from state variables x to measurements z; and e is a
measurement noise vector with elements assumed to be independent zero-mean Gaussian
random variables. In general, the WLS formulation minimizes the sum of squares of the
residuals where the matrix R denotes the covariance matrix:

J(x) = [z− h(x)]T R−1[z− h(x)]. (2)

The Gauss–Newton method is often used to obtain the solution. The iterative process
stops when the number of iterations is higher than the limited value or when the changes
in residuals are below a prespecified threshold:

xk = xk−1 + G
(

xk
)−1

H
(

xk
)T

R−1[z− h(x)] (3)

where H(x) and G(x) are:

H(x) =
∂h(x)

∂x
(4)

G
(

xk
)
= H

(
xk
)T

R−1H
(

xk
)

(5)

Different from transmission systems, distribution networks are highly unbalanced
systems. This leads to singularity of the gain matrix G

(
xk
)

, and, hence the single-phase
SE model used for transmission SE is often not applicable for DSSE. This work uses, the
three-phase state estimator from [20], which is based on the rectangular voltage. The state
variables of the network are represented by three-phase rectangular form (i.e., the real part
and the imaginary part) at every phase.
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2.2. The Used Measurements

Because distribution systems are highly unobservable, the application of the WLS
algorithm needs additional pseudo measurements to remedy the low-observability issue.
The measurements used in this work are:

• PMUs: three-phase synchronized measurements. Normally, they are located near the
step-down transformer, which is used to measure the voltage phasor at the node and
the current phasor of the connected branches. With PMUs, the maximum error is 1%
for the magnitude and 10−2 rad for the phase angle.

• Smart meters: these measurements are installed at the household (customer measure-
ments). The power consumption of customers is obtained normally every 15 min.
With smart meters, the maximum error is 2% for power measurements.

• Pseudo measurements: historical data are used at the buses where no measurement
device is installed as pseudo measurements. These data include three-phase active
and reactive power injections, and the maximum error of a pseudo measurement can
be up to 50% for active and reactive power absorbed from loads.

• Zero injection buses: at the buses without any loads or generators connected, these
buses are considered zero injection buses. The active and reactive power injection
measured at these buses is zero with a maximum error equal to 0.001% (to be able to
invert the covariance matrix).

3. Decentralized Pruned Physics-Aware Neural Network

In this section, the concept of P2N2 and the proposed method of D-P2N2 are dis-
cussed in detail. The background of the decentralized DSSE based on the PMU location is
explained. To this aim, we present an example of a 6-bus system. We show the way we
design the D-P2N2 based on the physical distribution grid and the PMU location. Then, in
Section 3.3, we present the implementation details.

3.1. Pruned Physics-Aware Neural Network

As mentioned, our earlier papers [18,19] study the use of PMU measurements to
design a physics-aware neural network model. The PMU is a three-phase synchronized
measurement of the real-time measured value with very high accuracy. Taking advantage
of the high accuracy of the PMU measurements, the estimated voltage at a specified bus
does not require the information of all available measurements in the network. Specifically,
estimating the voltage at a specific node does not require measurements at the buses where
any path between these buses and the specific node has a bus equipped with a PMU. This
means that, with an accurate measurement at a the PMU-equipped buses, other measured
quantities behind this bus can be neglected. As an example, Figure 2 shows a simple 6-bus
system with a PMU installed at Bus 4. Applying the concept of vertex-cut, the system can
be divided into three different partitions, which are shown in Figure 3:

• Partition 1 in Figure 3a: consists of buses 1, 2, 3 and 4
• Partition 2 in Figure 3b: consists of buses 4 and 5
• Partition 3 in Figure 3c: consists of buses 4 and 6.

Figure 2. Example of a 6-bus system with PMU located at Bus 4.
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Figure 3. Vertex-cut partitioning example with PMU located at Bus 4. (a) partition 1 with buses 1, 2,
3, and 4; (b) partition 2 with buses 4 and 5; (c) partition 3 with with buses 4 and 6.

The P2N2 model [19] is designed with multiple layers, which are built based on the
physical connections of the distribution network. The required number of layers is the
maximum diameter of each partition. In this example, the number of hidden layers in this
case is three because the maximum diameter of all partitions is three. Then, the connections
between layers are designed based on the physical connection of the network. This is
the idea behind the physics-aware technique, which prunes the connections that are not
present in the physical network. Figure 4 shows the results of the designed connections
between the layers of P2N2 for the 6-bus system. Figure 4a shows exactly the structure of
the network admittance matrix of the 6-bus network.

Figure 4. The designed connection between layers for the 6-bus system. (a) The connection between the input layer and
Layer 2; (b) The connection between layers 2 and 3; (c) The connection between Layer 3 and the output layer.
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Let the input layer of the P2N2 model be denoted by x, and y is the output layer of
P2N2. The output vector y represents the voltage at all the phases in the network. Let k(i)
denote the intermediate output at i-th layer. Then, we have:

ki+1 = σi(Wi ki) (6)

where σi is a point-wise nonlinearity, w, which has a size of N × N, is weight matrix,
where N is the number of output y. The matrix W is designed the same as the connection
shown in Figure 4a. The (i, j) element in the matrix W is pruned if the nodes i and j are not
connected. Partitions 2 and 3 have the same diameter of 2, meaning that we can get the
voltage value of buses 5 and 6 after the second layer. To this end, the P2N2 is designed to
reduce unnecessary connections between layers. As shown from Figure 4b, which shows
the connection between Layer 2 and Layer 3, and the four unnecessary connections of (4,5),
(4,6), (5,4), and (6,4) are zeroed out. Similarly, the new structure of the connection between
Layer 3 and the output layer is shown in Figure 4c. Then, three different weight matrices
are used for the P2N2 model, which is shown in Figure 5. Therefore, the output of the P2N2
can be written as:

yi =

{
σ3(W3σ2(W2σ1(W1x + b1) + b2) + b3) if i = 1, 2, 3, 4
σ2(W2σ1(W1x + b1) + b2) if i = 5, 6

(7)

where b1, b2, b3 are the bias vectors of the P2N2 model.

Figure 5. The graph-pruned structure of the P2N2 model.

3.2. Decentralized Pruned Physics-Aware Neural Network Design Considerations

The main goal of decentralized state estimation is to reduce the computational com-
plexity and to reduce the communications requirements in distribution grids. In particular,
in large distribution networks, different DSOs can independently monitor their feeders.
To this aim, the distribution network is decoupled into different subareas depending on
the PMU location, where local state estimators based on P2N2 are designed, which we call
D-P2N2. A summary of the D-P2N2 design is schematically shown in Figure 6. Again, we
consider the 6-bus system with the PMU installed at Bus 4. In the first step, the network
configuration and the measurement data of the whole system are collected. Then, the
network is divided into different subareas. All the measurement data are also segregated
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into different data packages corresponding with subareas. Finally, the neural network
model based on the P2N2 method in Section 3.1 are designed locally for each subarea.
Therefore, the output of the D-P2N2 for the 6-bus system can be rewritten as two different
models for subarea 1 as:

yi = σ3(W3σ2(W2σ1(W1x + b1) + b2) + b3) if i= 1, 2, 3, 4, (8)

subarea 2 as:
yi = σ1(W1x + b1) if i= 4, 5, (9)

and for subarea 3 as:
yi = σ1(W1x + b1) if i= 4, 6. (10)

This way, the state estimation problem of the whole system can be solved locally
at each partition. Because the number of buses in each subarea is less than the number
of buses of the network, the designed D-P2N2 has fewer layers and fewer neurons in
each layer. In addition, fewer biases and weights are needed, which effectively reduce
the computational cost in the training phase and estimation time in the execution phase.
Moreover, the model needs minimal data exchange between different subareas.

Figure 6. Decentralized training and execution of D-P2N2 estimators.
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3.3. Model Implementation and Validation

In this work, TensorFlow [21] was used to train the model. The data of the whole network
were divided into data packages for subareas, where each data package was divided into
90% training and 10% testing. The models were trained in parallel for different subareas
based on the ADAM optimizer [22], and the optimization function is formulated as follows:

min
{bt ,Wt}T

t=1

∑
j
‖vj − gT(zj; {bt, Wt}T

t=1)‖
2
2 (11)

where vj and zj are the true state and the measurement in the j-th training sample, respec-
tively. gT is the j-th mapping realized by the T-th layer of the model parameterized by
{bt, Wt}T

t=1. The network structure is imposed on the D-P2N2 model; hence, the number of
neurons in each layer is proportional to the number of buses. Finally, we used the average
estimation to calculate the accuracy of each algorithm as follows:

ν =
1
N

N

∑
i=1
‖v̂i − vi

true‖2
2 (12)

where v̂i is the estimated voltage.

4. Simulation and Results

This section presents the test case and the simulation results. First, the IEEE 123-node
test system is described. Then, the methodologies explained in Sections 2 and 3 are applied.
Three different scenarios were carried out to assess the performance of the proposed model.

4.1. Test Network

This work uses the IEEE 123-node test system; the grid topology is shown in Figure 7.
The IEEE 123-node system is a radial distribution grid with single-phase and two-phase
loads; thus, the grid is a highly unbalanced network. The feeder has four different voltage
regulators and different voltage levels. The detailed grid parameters are available in [23].
There are four switches (13–152, 60–160, 97–197, and 18–135) that have been modified
as connection buses. Further, voltage regulators are excluded in this work. Generally,
these modifications are common for this kind of study [16,18,24] without affecting the
generality of the study. The DSSE algorithm is built in the MATLAB environment, and
OpenDSS is used for the power flow calculation. In addition, we assumed that the system
has two PMUs installed, one each at Bus 149 and Bus 60. Then, the whole system can be
split into two subareas (This PMU placement partitions the network into three subareas;
however, one partition is very small, and, hence, we decided to combine it with a larger
partition). The first subarea in the dashed line has one PMU at Bus 149. By exporting the
maximum diameter of the possible partitions in this area, the diameter is thus 14. Similarly,
in the second subarea, the diameter is 11. Then, we have two D-P2N2 models with 14 and
11 layers for Subarea 1 and Subarea 2, respectively.

4.2. Simulation Scenarios

To assess the performance of the data-driven estimator, one-year time series data
collected from smart meters are used with 35,040 data points. Then, M = 35,040 possible
operation conditions (normally, a set of 10,000 data points is sufficient to ensure the quality
of the results) is fed into the power flow model as the load consumption. By extracting
from each power flow simulation, the measurements and the true voltage magnitude value
at the buses are collected. Hence, we have the set of 35,040 measurements (z) for the WLS
and the sets of 35,040 measurements (z) and system state (voltage magnitude, vtrue) for
the P2N2. In addition, 90% of the 35,040 data points are used for the training, and the rest
are used for the testing. The process of the simulation and model evaluation is shown in
Figure 8. Then, the performance of each algorithm is calculated using Equation (12).
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Figure 7. The IEEE 123-node test system.

Figure 8. The simulation and model evaluation process.

This whole process is tested with three different scenarios:

• Scenario 1: the algorithms are tested with a large number of measurements.
• Scenario 2: we kept the same amount of measurements and we increased the error of

the pseudo measurements from 30% to 50%.
• Scenario 3: limited measurements are used for this scenario, i.e., 14 pseudo measure-

ments are removed.

In the first scenario, the network has two voltage measurements and two current
injection measurements at Bus 149 and Bus 60. Further, 118 pseudo measurements are used,
which consist of 85 load power measurements and 33 zero injection measurements. As an
example, we present only the voltage magnitudes at Phase A of all buses. Figure 9 depicts
the estimated voltage magnitudes in the first scenario. The results show the robustness of
the WLS in case of redundant measurements; however, the P2N2 and D-P2N2 also show
the high accuracy of the estimated voltage magnitudes. To show the performance of the
proposed method, we increased the error of the pseudo measurements from 30% to 50%
while keeping the same number of measurements. As shown in Figure 10, the P2N2 and
D-P2N2 show a better result compared to the WLS. This means that the neural network
model with a large set of training data can provide reliable estimation performance in case
of measurement noise.
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Figure 9. Estimated voltage magnitude at Phase A in Scenario 1.

Figure 10. Estimated voltage magnitude at Phase A in Scenario 2.

The third scenario is carried out with a limited number of measurements; 14 load
power measurements are neglected (compared with the first scenario). In this case, the
network is unobservable because of the limited number of measurements. Thus, the
WLS cannot obtain estimates for the voltage magnitudes; however, Figure 11 shows the
effectiveness of the P2N2- and D-P2N2-based neural network even with the unobservable
distribution system.
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Figure 11. Estimated voltage magnitude at Phase A in Scenario 3.

Further, the average estimation errors of the different scenarios are shown in Table 1.
It shows the accuracy of the WLS in the case of the observable distribution network with
noiseless measurements; however, the better estimation result is achieved by the P2N2
and D-P2N2 in the case of higher noise from the measurement or when the network is
unobservable. Table 2 summarizes the estimation time of each time step; it shows the
robustness of the proposed D-P2N2 with approximately 600, and it is four times faster
than the WLS and P2N2, respectively. Therefore, the D-P2N2 can significantly reduce the
computational cost for large distribution grids.

Table 1. The average estimation accuracy.

Scenario WLS P2N2 D-P2N2

1 0.0019 0.0346 0.0346
2 0.1188 0.0346 0.0348
3 - 0.0347 0.0346

Table 2. The estimation time of each time step.

Scenario WLS P2N2 D-P2N2

1 2.7299 s 0.0173 s 0.0042 s
2 2.8212 s 0.0171 s 0.0042 s
3 - 0.0156 s 0.0041 s

5. Conclusions

This paper introduced a new decentralized, data-driven state estimations based on
the physical connections of the distribution network for large distribution grids. The
model was designed based on the physical connections of the distribution network and the
position of the PMU, which pruned the unnecessary connections between layers. One-year
of smart meter data were used to generate training data sets by performing the power flow
analysis. Then, the set of 35,040 data points was collected for the training and testing phase.
The simulation results in the IEEE 123-node test network verify that our algorithm has the
same estimation accuracy as the centralized algorithms in WLS and P2N2. Compared with
the classic WLS algorithm, our algorithm shows higher estimation performance in the case
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of measurement noise and low-observability scenarios. Moreover, our D-P2N2 is a fully
decentralized algorithm that significantly reduces the computational cost for the training
and execution phases and limits the required communication between subareas.

Author Contributions: M.-Q.T.: conceptualization, methodology, modeling, coding, and writing;
A.S.Z. and P.H.N.: conceptualization, review, editing, and supervision; G.P.: review and supervision.
All authors have read and agreed to the published version of the manuscript.

Funding: This research was funded by enabling flexibility for the future distribution grid project
FlexiGrid, EC funding number 864048, https://flexigrid.org/, accessed on 22 May 2021.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: Data is contained within the article.

Acknowledgments: The authors would like to acknowledge the financial support for this work from
the enabling flexibility for future distribution grid project FlexiGrid. This work was authored in
part by the National Renewable Energy Laboratory (NREL), operated by Alliance for Sustainable
Energy, LLC, for the U.S. Department of Energy (DOE) under Contract No. DE-AC36-08GO28308.
The work of A.S. Zamzam was supported by the Laboratory Directed Research and Development
(LDRD) Program at NREL. The views expressed in the article do not necessarily represent the views
of the DOE or the U.S. Government. The U.S. Government retains and the publisher, by accepting
the article for publication, acknowledges that the U.S. Government retains a non-exclusive, paid-up,
irrevocable, and worldwide license to publish or reproduce the published form of this work, or allow
others to do so, for U.S. Government purposes.

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Grilo, A.; Casaca, A.; Nunes, M.; Bernardo, A.; Rodrigues, P.; Almeida, J.P. A management system for low voltage grids.

In Proceedings of the 2017 IEEE Manchester PowerTech, Manchester, UK, 18–22 June 2017.
2. Boglou, V.; Karavas, C.S.; Arvanitis, K.; Karlis, A. A fuzzy energy management strategy for the coordination of electric vehicle

charging in low voltage distribution grids. Energies 2020, 13, 3709. [CrossRef]
3. Marzband, M.; Sumper, A.; Ruiz-álvarez, A.; Domínguez-García, J.L.; Tomoiagâ, B. Experimental evaluation of a real time energy

management system for stand-alone microgrids in day-ahead markets. Appl. Energy 2013, 106, 365–376. [CrossRef]
4. Jiang, W.; Zhen, Y. A Real-Time EV Charging Scheduling for Parking Lots with PV System and Energy Store System. IEEE Access

2019, 7, 86184–86193. [CrossRef]
5. Dehghanpour, K.; Wang, Z.; Wang, J.; Yuan, Y.; Bu, F. A survey on state estimation techniques and challenges in smart distribution

systems. IEEE Trans. Smart Grid 2019, 10, 2312–2322. [CrossRef]
6. Tran, M.Q.; Nguyen, P.H.; Mansour, O.; Bijwaard, D. Utilizing Measurement Data from Low-voltage Grid Sensor in State

Estimation to Improve Grid Monitoring. In Proceedings of the 2020 55th International Universities Power Engineering Conference
(UPEC), Turin, Italy, 1–4 September 2020; pp. 1–5.

7. Primadianto, A.; Lu, C.N. A Review on Distribution System State Estimation. IEEE Trans. Power Syst. 2017, 32, 3875–3883.
[CrossRef]

8. Majdoub, M.; Belfqih, A.; Boukherouaa, J.; Sabri, O.; Cheddadi, B.; Haidi, T. A review on distribution system state estimation
techniques. In Proceedings of the 2018 6th International Renewable and Sustainable Energy Conference, Rabat, Morocco, 5–8
December 2018; pp. 1–6.

9. Gou, B.; Abur, A.H. A direct numerical method for observability analysis. IEEE Trans. Power Syst. 2000, 15, 625–630. [CrossRef]
10. Gou, B.; Abur, A. An improved measurement placement algorithm for network observability. IEEE Trans. Power Syst. 2001, 16,

819–824. [CrossRef]
11. Dehghanpour, K.; Yuan, Y.; Wang, Z.; Bu, F. A Game-Theoretic Data-Driven Approach for Pseudo-Measurement Generation in

Distribution System State Estimation. IEEE Trans. Smart Grid 2019, 10, 5942–5951. [CrossRef]
12. Gahrooei, Y.R.; Khodabakhshian, A. A New Pseudo Load Profile Determination Approach in Low Voltage Distribution Networks.

IEEE Trans. Power Syst. 2018, 33, 463–472. [CrossRef]
13. Yuan, Y.; Dehghanpour, K.; Bu, F.; Wang, Z. A Probabilistic Data-Driven Method for Photovoltaic Pseudo-Measurement

Generation in Distribution Systems. In Proceedings of the IEEE Power and Energy Society General Meeting, Atlanta, GA, USA,
4–8 August 2019.

14. Yuan, Y.; Dehghanpour, K.; Bu, F.; Wang, Z. A Multi-Timescale Data-Driven Approach to Enhance Distribution System Observability.
IEEE Trans. Power Syst. 2019, 34, 3168–3177. [CrossRef]

https://flexigrid.org/
http://doi.org/10.3390/en13143709
http://dx.doi.org/10.1016/j.apenergy.2013.02.018
http://dx.doi.org/10.1109/ACCESS.2019.2925559
http://dx.doi.org/10.1109/TSG.2018.2870600
http://dx.doi.org/10.1109/TPWRS.2016.2632156
http://dx.doi.org/10.1109/59.867151
http://dx.doi.org/10.1109/MPER.2001.4311094
http://dx.doi.org/10.1109/TSG.2019.2893818
http://dx.doi.org/10.1109/TPWRS.2017.2696050
http://dx.doi.org/10.1109/TPWRS.2019.2893821


Energies 2021, 14, 3025 13 of 13

15. Nguyen, P.H.; Kling, W.L.; Myrzik, J.M. Completely decentralized state estimation for active distribution network. In Proceedings of
the 9th IASTED European Conference on Power and Energy Systems, Palma de Mallorca, Spain, 7–9 September 2009; pp. 245–250.

16. Netto, M.; Krishnan, V.; Mili, L.; Susuki, Y.; Zhang, Y. A Hybrid Framework Combining Model-Based and Data-Driven Methods
for Hierarchical Decentralized Robust Dynamic State Estimation. In Proceedings of the IEEE Power and Energy Society General
Meeting, Atlanta, GA, USA, 4–8 August 2019.

17. Lin, C.; Wu, W.; Guo, Y. Decentralized Robust State Estimation of Active Distribution Grids Incorporating Microgrids Based on
PMU Measurements. IEEE Trans. Smart Grid 2020, 11, 810–820. [CrossRef]

18. Zamzam, A.S.; Sidiropoulos, N.D. Physics-Aware Neural Networks for Distribution System State Estimation. IEEE Trans. Power
Syst. 2020, 35. [CrossRef]

19. Tran, M.Q.; Zamzam, A.S.; Nguyen, P.H. Enhancement of Distribution System State Estimation Using Pruned Physics-Aware
Neural Networks. arXiv 2021, arXiv:2102.03893.

20. Muscas, C.; Sulis, S.; Angioni, A.; Ponci, F.; Monti, A. Impact of different uncertainty sources on a three-phase state estimator for
distribution networks. IEEE Trans. Instrum. Meas. 2014, 63, 2200–2209. [CrossRef]

21. Abadi, M.; Agarwal, A.; Barham, P.; Brevdo, E.; Chen, Z.; Citro, C.; Corrado, G.S.; Davis, A.; Dean, J.; Devin, M.; et al. TensorFlow:
Large-Scale Machine Learning on Heterogeneous Distributed Systems. arXiv 2016, arXiv:1603.04467.

22. Kingma, D.P.; Ba, J.L. Adam: A method for stochastic optimization. In Proceedings of the 3rd International Conference on Learning
Representations, ICLR 2015—Conference Track Proceedings, San Diego, CA, USA, 7–9 May 2015; pp. 1–15.

23. Schneider, K.P.; Mather, B.A.; Pal, B.C.; Ten, C.W.; Shirek, G.J.; Zhu, H.; Fuller, J.C.; Pereira, J.L.; Ochoa, L.F.; De Araujo, L.R.; et al.
Analytic Considerations and Design Basis for the IEEE Distribution Test Feeders. IEEE Trans. Power Syst. 2018, 33, 3181–3188.
[CrossRef]

24. Zhang, L.; Wang, G.; Giannakis, G.B. Real-Time Power System State Estimation and Forecasting via Deep Unrolled Neural
Networks. IEEE Trans. Signal Process. 2019, 67, 4069–4077. [CrossRef]

http://dx.doi.org/10.1109/TSG.2019.2937162
http://dx.doi.org/10.1109/TPWRS.2020.2988352
http://dx.doi.org/10.1109/TIM.2014.2308352
http://dx.doi.org/10.1109/TPWRS.2017.2760011
http://dx.doi.org/10.1109/TSP.2019.2926023

	Introduction
	Distribution System State Estimation
	Three-Phase Estimator
	The Used Measurements

	Decentralized Pruned Physics-Aware Neural Network
	Pruned Physics-Aware Neural Network
	Decentralized Pruned Physics-Aware Neural Network Design Considerations
	Model Implementation and Validation

	Simulation and Results
	Test Network
	Simulation Scenarios

	Conclusions
	References

