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ABSTRACT

Real-time topology monitoring brings in high
communication investments and operating costs. This
paper proposes a real-time topology monitoring method
using only voltage magnitude measurements from
partial critical buses for real-time communication, which
reduces communication requirement and network traffic
greatly. A three-step angle-free optimization algorithm
framework is designed to estimate current topology.
Firstly, we perform load forecasting and power flow
calculation to generate enough pseudo measurements,
which makes up the lack of real-time measurements.
Secondly, weighted least square method and improved
extended Kalman filter are used to eliminate static and
dynamic noises. These state estimation methods help
provide more accurate measurements for topology
tracking, especially with plenty of pseudo-measurements
and“accumulated error caused by load forecasting.
Finally, we design an angle-free topology tracking
algorithm based on voltage magnitude measurements of
critical buses to estimate and correct current topology.
Numerical results on IEEE 33-bus case show that our
framework with only 10 critical buses reaches a high real-
time topology monitoring accuracy F1 of 91.59% and
thus can greatly reduce communication requirement.

Keywords: Topology tracking, limited real-time
measurements, communication costs, angle-free
topology tracking algorithm, state estimation

NONMENCLATURE
Abbreviations
AMI Advanced Metering Infrastructure
EKF Extended Kalman Filter
MDMS Meter Data Management System
PMU Phasor Measurement Unit
WLSM Weighted Least Square Method
Symbols
Vi The it" critical bus
Vs, The j®* non-critical bus
l Branch number
m Critical bus number
n Bus number (except reference bus)
t Time point
D Active power of the it" bus
q; Reactive power of the it" bus
v; Voltage magnitude of the it"* bus
0; Voltage angle of the i*" bus
C Communication network traffic
T, Real-time communication interval
T, System communication interval
€t System topology in t time point

1. INTRODUCTION

Accurate topology in power distribution networks is
the prerequisite of system operation. In actual
distribution networks, system topology may frequently
change because of unexpected line cut off or power line
overload [1], sometimes up to five to ten times a day [2].
Hence, real-time topology monitoring is essential in
smart distribution grid.

However, in most distribution networks, the
terminal measurements are not accurate and real-time
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communication capacity is insufficient. The solution is to
deploy advanced metering infrastructure (AMI)
improving full-scale measurement precision and the
communication capacity, which is shown in Fig. 1.
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Fig 1 AMI structure in distribution systems

Although AMI can collect data at terminal buses and
transmit them to meter data management system
(MDMS) instantly, the communication costs are
extremely high because of its high capacity. In 2015,
communication related costs make up nearly 50% of all
American AMI investments when pilot deployed [3]. The
whole communication costs are composed of equipment
investments and operating costs. As wireless
communication gradually replaces traditional power line
communication in distribution systems, system
operators sometimes invest private networks to
instantly transmit important measurements, which
causes large equipment investments. However, if
eperators rent public networks, they must pay for their
huge network traffic. In lllinois' projects, these two costs
makel up 15.5% and 58% of whole equipment
investments and operating costs separately [4]. Thus, it
is in needs of reducing real-time communication capacity
torcut the costs.

Some researches aim at identifying system topology
based on limited measurements to save both
communication deployment costs and measurement
devices costs. Bariyac chooses a few buses to install
phasor measurement unit (PMU) and utilizes time series
voltages to monitor system topology [5]. However, it
utilizes a few PMU, which incurs high costs. Besides, as
this method must receive series voltage measurements
(typically in the order of seconds), it also increases
network traffic. Cavraro proposes a meter placement
strategy based on smart meter measurements to
recovery partial topology [6]. This work assumes only
several branches can switch and places meters around
them. Apparently, it cannot monitor other branches'
states once they switch. Therefore, if using this method,

there would be more communication deployment costs
to monitor whole system topology accurately.

Different from the above studies, we address the
problem of saving both communication deployment
costs and operating costs when monitoring whole
topology with a higher accuracy. We propose a
framework that utilizes “critical” buses instead of all
buses to transmit real-time measurements and then
monitors current topology in MDMS, while other “non-
critical” buses keep a longer communication interval. [7]
has stated the feasibility using sparse smart meters to
observe distribution system As MDMS is able to
communicate with smart meters bi-directionally to
control each meter's communication interval, we can
select whether one meter is critical [8]. The contribution
of our work is summarized as follows:

1) We address the problem of real-time
distribution system topology monitoring with
limited communications. Our approach can
largely save the communication costs and still
maintain a high topology monitoring frequency.

2) We propose a bi-level optimization algorithm
framework using limited communication. The
upper optimization algorithm estimates current
topology with the least loss iteratively. The lower
one generates pseudo measurements and
performs state estimation to improve topology
estimation accuracy.

2. REAL-TIME TOPOLOGY MONITORING FRAMEWORK

The framework shown in Fig. 2 is designed in the
requirement of accurately estimating system states with
limited noisy measurements. Since line parameters
remain unchanged during a long time, we assume they
are already known or identified by algorithms like [9]-
[11]. Further, the topology €;_, of previous states in
time point t — 1 is also known. We firstly perform load
forecasting to generate enough pseudo measurements.
Then state estimation methods are implemented to
reduce measurement noises, which includes weighted
least square method (WLSM) and improved extended
Kalman filter (EKF). After that, we check whether
topology has changed during T; by calculating voltage
loss. If changed, we perform the above processes to
estimate the optimal topology &; iteratively.

2.1 Generating pseudo measurements

We utilize day-ahead load forecasting method to
generate pseudo measurements of forecasted active
power I~’t and reactive power Qt, which are given by
linear regression models:
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Fig 2 Real-time topology monitoring framework

Dit = Qit-1Pit-1 + i1, (1a)
it = Cit—19it-1 + dit-1, _ (1!2)
where p;. and "qG;, are the elements of P; and Q;
separately in i*" bus at time point t. While Air—1,
bit=1, cit—1 and d;,_, are elements of A,_4, B;_1,
Ct—l and Dt—l'
Then, we utilize the decoupled linearized power flow
method in [12] to calculate the pseudo measurements of
voltage magnitude ¥, and angle 0,:

~ Pt
[§]=n a | @
¢ 1

where Y is linearized power flow coefficient matrix
calculated based on current topology with 2n rows and
2n+ 1 columns.

2.2 Measurement noise reduction

When critical buses transmit their real-time
measurements to MDMS, all measurements must be
filtered to reduce noises. We use WLSM to estimate
voltage magnitudes ¥ and angle 0. However, the rolling
forecasting brings accumulated error in pseudo
measurements, which disturbs WLSM. Therefore, we use
improved EKF to track the dynamic error. We perform
WLSM method when real-time communication happens
while improved EKF method is iterated during a system
communication interval to get the estimated results X;.

There are many state estimation methods used in
distribution system, where WLSM is one of the most

widely used methods [13]. The measurement equation
model is:

z=hx)+v, 3)
where z denotes all measurements, including v, p,
g, 0. h(x) is the measurement function and v is the
measurement noise. The goal of WLSM is to minimize the
weighted residual sum of squares of v:

minj(0) = 5 [z~ Wz~ RG], (8)

where x denotes the state variables including voltage
magnitudes and angles. W represents the weighted
matrix which is the inverse of measurement noise
covariance. We use Newton method to get the solution
and denote the Jacobian matrix of h(x) as H(x).
Therefore, we can iteratively solve the problem:

Xps1 = X+ Gt Hx) "Wz — h(x)],  (5)
where Gy, is the gain matrix in the k" iteration:

Gr = H(x,)"WH(xy) . (6)

After several iterations, we can get the estimated state
variables X;.
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Fig 3 Transition matrix linearization process

However, WLSM cannot maintain a good
performance dealing with accumulated error, especially
after a long time period of rolling forecasting. So, we
introduce improved EKF method. As Kalman filter
methods are designed for linear time-invariant system,
we need to linearize the transition matrix. Here we
analyze the transition matrix based on load forecast to
get a more explainable result, which is shown in Fig. 3.
Besides, both transition noise and measurement noise
must have a Gaussian distribution with a mean u =0
and variance ¢? [14]. The covariance matrices of
transition noise and measurement noise are denoted as
R and Q separately. However, the actual transition
noise is non-Gaussian and should be approximated to
Gaussian. Traditional EKF method firstly utilizes
transition matrix to get updated state variables from
time point t —1 to t:

%t|t—1 = Ft—1fxvt—1|t—1 ) (7)
where X,,_1 represents the forecasted state variables
at t. To get the linearized F;_; matrix from load
forecasting, we need to calculate P,_; and Q,_;
from V,_; and ©,_4, so we linearize the power flow as:
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where Y, is the linearized admittance matrix with 2n
rows and 2n + 2 columns (including the reference
bus). Then we utilize equation (1) and equation (2) to get
V, and ©,. As Y; and Y, have different dimensions,
we need to divide Y, into two submatrices ¥Y;; and
Y12 in juxtaposition, which are the first 2n columns
and the last columns in Yy separately:

Yi=[ Y11 Y12 | )
Therefore, the linearized transition matrix is:
A, 0
F,=Yq [ Bl Cos ]Yz. (10)

So, the transition equation (7) can be written as:

Xeje-1 = Fe1 X qpe1 + (Y11 [ gz_i ] + Y12>- 1D
After that, we forecast the transition noise covariance
matrixin t + 1 by:

Ptlt—l = Ft—lpt—1|t—1FtT—1 +R;. (12)
Equation (12) updates the covariance matrix utilizing
transition matrix. Then, we need to calculate Kalman
gain K,
K, = Pt|t—1H(xt—1)T[Qt + H(xt—l)Ptlt—lH(xt—l)T]- (13)
Equation (13) shows that Kalman gain K; is related to
Pg¢-q and larger Py,_q means K, focuses more on
feedback. Finally, we correct state variables and get the
estimated results dynamically:

Xye = Xye-1 + Kt[zt - h(%ﬂt—l)] ) (14)

Pye = I — KH(x-1)]Pyje-1 - (15)

Equation (15) reduces noises from state variables and
corrects P in t.

We then formulate the improved EKF method with
two steps: substitute forecasted state variables with
WLSM results and introduce transition noise mean as
input variables. The substitution relies on the fact that
WLSM filters noises from forecasted results. To cope
with non-Gaussian noise distribution, we use an
approximate Gaussian distribution of transition noise
with a mean u, which is correlated with time. Hence, we
can take the noise mean u; as an input variable and
rewrite equation (7) as:

%t|t—1 =X+, (16)

2.3, Topology tracking algorithm

In this section, we choose the topology that best fits
the voltage measurements. To compare the critical bus
real-time measurements V41 with the estimated values,
we use non-critical bus voltage magnitudes VZ and
angles ®, with critical bus load measurements Py, Q4
to calculate the estimated critical bus voltage
magnitudes ?1. In details, we use the following function

to evaluate how well the topology fits the
measurements:

m
Y
J(&x) = Z(vfi - 05)" a7
i=1
where €, represents the k" topology in the possible

topology set & and ﬁfi represents the estimated

voltage magnitude in the V;; bus using topology €. We
assume that during real-time communication interval,
only one branch is switched on or off. Thus, the topology
set includes current topology €, and other
topologies with each branch's state switched. The goal is
to find the most suitable topology €é; and the algorithm
is shown below:
Algorithm 1 Topology tracking algorithm
Input: &, Vi, Orz, Pr1, Q1 Viers
Output: &;;
1: Initialize i =0;
2:for i do

3: € = €,; and calculate V, in €
4: Calculate and store J(€;);

5: end for

6: Find the minimum J(eg) in J;
7:if k = 0 then

8: € =é€ro;

9: else

10: €& = €, and form new topology set &;
11: Perform subsection 2.1and 2.2in &, ;
12: Repeat 1-7 and get J;

13: if J(€,0) < J(€ro) then

14: € = €ro;
15: else

16: €r = €0
17: endif

18: end if

From algorithm 1, at time point t, we first calculate
the loss J of the topology set &;. If the topology of the
minimum loss J(e;) is the original topology €., the
estimated topology é; is €,, which means topology
does not change. Otherwise, we assume topology has
changed to €. Then, repeat subsection 2.1 and 2.2
with the new topology. Calculate the new loss J and
compare ]_(E_t,o) with ](Et,o) and choose the topology
of the smaller one as ;.
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3. CASE STUDYINTRODUCTION
3.1 Data Preparation

The Commission for Energy Regulation in Ireland are
used to generate our load data [15]. We select meters
with 536 days' data from the first 1000 meters and divide
these meters into 32 groups. In each group, we sum the
meter readings and perform cubic interpolation to get
load with a T; of 15 minutes. And 0.1% Gaussian white
noises are added to it. We divide the whole data into a
training set with 486 days, a validation set with 25 days
and a test set with 25 days. We perform load forecasting
on the training set and get parameters of improved EKF
using both training and validation set.

3.2 Simulation Results

We perform the test on IEEE 33-bus case in
MATPOWER 7.0 [16]. We test the performance of our
algorithm under different experiment settings, i.e.
system communication interval T, and critical bus
nlimbers m as they determine communication costs.
Tomis chosen as 1 hour or 4 hoursand m is chosen as {5,
10, 16} separately. We select critical bus set O;
corresponding to different m as{11, 13, 16, 18, 32}, {11,
13; 14, 15, 16,17, 18,31, 32,33}and {8, 9, 10, 11, 12, 13,
14, 15, 16, 17, 18, 29, 30, 31, 32, 33}. We randomly
choose 10 days from test set and arrange 5 topology
switching events one day. The test results are recorded
in/a confusion matrix. We take the result when m = 10,
T, = 1h and 0O, as an example. There are 49 correct
switching detections, 1 wrong switching detections and
8 false switching detections in total. Thus, the confusion
matrix is shown in Table 1:

TABLE 1
THE CONFUSION MATRIX

Test Results

Switching Test

True False
True 49 1
Actual Results False 3 902

The evaluation metrics used are precision P, recall
R and F1 score. They are defined as:
TP TP 2XPXR
P = R = ,F1=——_ (18)
TP + FP TP+ FN P+R
Therefore, we can calculate P, R and F1 score
corresponding to this test:
P =85.96%,R = 98.00%, F1 = 91.59%.
In this scenario, the network traffic C; is much less
than original C, in real-time communication:

C—mC—SC 19

which is approximately reduced by two third.

Then we analyze other results, Fjresult is shown in
Fig 4. From this result, we find that our framework has a
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Fig4 F1 score comparison results with different T, and m

good performance with limited communication. When
m is one third of whole bus number, our framework has
a good performance of F1 =91.59% with T, = 1h.
Besides, if there are abundant real-time measurements
such as m equals half of the whole bus number, our
framework still accurately monitors system topology
when T, = 4h with F1 =97%. This shows that we
can greatly reduce communication capacity by increasing
system communication interval using our framework.

Another finding is that shortening T, to improve
accuracy is valid only when the critical buses are not too
few. However, when there are only 5 critical buses
chosen from 32, the F1 score declines greatly than that
when there are more critical buses. Even if we shorten
T, from 4h to 1h, F1 score just increases from
19.4% to 58.1%. It can be concluded that pseudo
measurements cannot fully substitute real-time
measurements to observe system states.

From Fig 5 and Fig 6, we find that R is higher than
90% at T, = 1h and higher than 60% in all tests,
which means our framework well tracks true changes.
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However, our framework seems too sensitive to
noises because P declines greatly as the number of
critical buses decreases. We examine topology detection
results when m=5 and find that false detection happens
continuously during some time (e.g., 2 hours) and often
detects the same branch switching wrongly.

4. CONCLUSIONS

Our research addresses the importance of reducing
communication capacity in power distribution networks
to cut off communication costs. We propose a real-time
topology  monitoring  framework  with  limited
communication. To increase measurements redundancy,
the framework utilizes historical data to perform load
forecasting, which generates lots of pseudo
measurements. Then, most noises of pseudo and real-
time measurements are filtered out by WLSM and
improved EKF. Finally, a topology tracking algorithm
based on critical bus voltage measurements determines
the most feasible topology at this time point. We test our
framework on IEEE 33-bus case and figure out two
conclusions based on the results: 1) The framework
monitors system topology with a high accuracy and thus
greatly reduces system communication costs. Only one
third whole buses chosen as critical buses can accurately
track the true topology switching with few false
detections. 2) The pseudo measurements cannot fully
substitute real-time measurements, which leads to more
false detections with few critical buses. In this scenario,
shortening system communication interval cannot make
up'the lack of observation.

Future works will focus on exploring the theoretical
lower bound of critical buses with different system
communication interval. We will try to balance the
network traffic and communication capacity by adjusting
system communication interval and critical buses
number to reduce more communication costs.
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