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Abstract—State estimation (SE) as a data processing algorithm
is an integral part of the control and security analysis of a
power system. SE filters redundant measurement data and other
available information, thus providing high accuracy for system
states. With a significant increase of distributed renewable energy
in distribution networks, distribution system state estimation
(DSSE) becomes essential. However, a lack of real-time measurements can cause an unobservable system that highly affects the
accuracy of the DSSE. In this paper, we investigate the impact of
a new measurement device, named LV-sensor, on the accuracy of
the DSSE. The change point detection technique (CPD) is used
to calculate the measurement variance from the collected data.
The weighted least square (WLS) method is implemented for
estimating the voltage magnitude and angle of a real distribution
grid of a university campus. The results of the DSSE with the
input variance using these LV-sensor can significantly increase
the accuracy of the DSSE.
Index Terms—distribution networks, LV-sensor, state estimation, weighted least square

I. I NTRODUCTION
A lack of real-time measurements cause a limited grid monitoring in the distribution networks, leading limited application
of state estimation (SE) in distribution grids [1]. Moreover,
a massive integration of distributed energy resources into the
distribution grid makes the distribution system state estimation
(DSSE) more important than ever. To enable the DSSE, the
grid must be observable.
Observability is an ability of the state estimator for solving
the SE problem, providing accuracy state variables. Moreover,
observability highly depends on the number of measurements
in the network. The network becomes observable when there
are sufficient measurements to perform the system states [2],
[3]. An unobservable system consists of observable areas and
unobservable areas. In this case, historical data (or pseudo
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measurements) is used to solve the SE problem with unobservable areas. In [4], a statistical approach is used for
generation pseudo measurements, which extracted from standard load profiles. It has been shown that generating pseudo
measurements can improve the performance of SE. Another
method is the Gaussian Mixture Models (GMM) [5], where
the objective is to represent all the load probability function
through GMM, as pseudo measurements. Recently, many
works consider the application of machine learning algorithms.
The Artificial Neural Networks (ANN) based approach is
used in [6] for generating pseudo measurements, active and
reactive power injection. A new estimation method based on
clustering algorithm is implemented to estimate pseudo load
profiles [7]. In [8], a novel data-driven method is developed
to determines the daily consumption of customers (pseudo
load consumptions), which consists of three different machine
learning models as the clustering algorithm, multi-time scale
learning model and recursive Bayesian learning method.
In this paper, we focus on analyzing the applicability
of devices for the DSSE. A low-voltage sensor (LV-sensor)
device developed by Smart State Technology (SST) is used
to provide advanced real-time measurements in the LV grid,
thus improving accuracy and observability of the DSSE [9].
The LV-sensor is capable of high-frequency sampling (typically 4kHz) and synchronizes each measurement sample with
microsecond accuracy. In order to carry out the measurement’s
variance i.e. the quality of real-time measurement data, a novel
approach for calculating the covariance matrix based on online
measurement without laboratory equipment is developed. The
change point detection (CPD) method is implemented with the
collected data from Strijp-S substation, the Netherlands. Based
on time-series data with the timestamp at the level of onesecond resolution, the CPD detects any significant change of
mean value, and the time-series data is divided into difference
stable sub-sections. Consequently, the variance is calculated
for each time window. The well-known SE method [10],
weighted least square (WLS) is used to perform the DSSE

performance associated with the LV-sensor’s variance. The real
distribution gird of Chalmers University campus is used as a
test case. The power flow results performed by MATPOWER
[11] is compared with DSSE results.
II. M ETHODOLOGY
In this section, the CPD method is presented in part A,
which is used as an online approach for calculating the
variance from collected data; and in part B, the WLS is
discussed in details.
A. Change Point Detection Method
The LV-sensors were used to measure the states of the
real-life measurement data in the Netherlands, which were
developed by UNITED-GRID project [12]. Considering only
noise from measurement (the system is assumed to be static),
the measurement function is as follows:
z(t) = x(t) + ε(t)

N
1 X
zi
N i=1

N
1 X
2
var (µ) =
(z − µ)
N i=1 i

z1 = x1 + ε1
z2 = x1 + ∆x2 + ε2
z3 = x1 + ∆x3 + ε3

(2)

(3)

However, the power systems always vary due to changing of operation conditions. Figure 1 shows time-series data
of voltage magnitude collected by LV-sensor from Strijp-S
substation. The changing of voltage magnitude is caused by

(4)

···

(1)

where z is a LV-sensor measurement, x is the system state, and
ε is the LV-sensor noise. The noise is assumed as Gaussian
random variable with zero mean and standard deviation σ. In
theory, a set of measurements at time t from many “exactly
same” LV-sensors installed at the Strijp-S substation is needed
to estimate the system state. However, this is not the case in the
real system. Thus, using the maximum likelihood estimator of
N measurements is a straightforward statistical method [13].
In this case, the mean and variance of the random variable Z
considering N measurements is as follows:
µ=

Fig. 2. Time-series data and change points.

the load changing, or the uncertainty from the unpredictable
renewable energy resources. Thus, the equations (2), and (3)
will no longer applicable directly for a real-time stream data.
Considering a sub-section from the whole collected data. It
consists of k samples as:

zk = x1 + ∆xk + εk
where z = [z1 , z2 , z3 . . . zk ] is measurement series, x1 is
system state at time t, vector ∆x = [∆x2 , ∆x3 . . . ∆xk ]
is the change of the system state compared with x1 . The
vector ∆x shows the changing system operation conditions. As
aforementioned, it is unpredictable. One approach for solving
this problem is the CPD method [14], a well-known method
for analyzing the time-series data. The idea behind the CPD
method is to find abrupt changes in the signal, and different
sub-sections are distinguished by change points. Thus, each
sub-section consists a set of k samples where the vector ∆x is
close to zero. This means in the time window of k samples, the
system is static. Hence, the equations (2) and (3) are applied
to calculate the mean and measurement variance for each subsection. Figure 2 shows an example of the time-series data
and change points. It consists of j change points, thus (j + 1)
sub-sections are determined. Vector K = [k1 , k2 , k3 . . . kj+1 ]
and, µ = [µ1 , µ2 , µ3 . . . µj+1 ] are the number of samples
and mean value of each sub-section, respectively. The CPD
method considers the total sum of square of sub-sections as
cost function, the cost function J is as:
J=

ki1
j+1 X
X

2

(xi2 − µi 1 )

(5)

i1 =1 i2 =1

The objective is finding the j value for which the cost
function return as small as possible. However, this process
is straightforward if the number of change points is known.
Otherwise, adding change points always give a smaller value
of cost function J. In an extreme case, every sample data
becomes a change point, results in sum of square is zero.
Generally, this is overfitting problem. A factor β, named
threshold is added to equation (5) to solving the overfitting
problem. Finally, the cost function is:
0

J =
Fig. 1. Time-series data of voltage magnitude collected by LV-sensor.

ki1
j+1 X
X
i1 =1 i2 =1

2

(xi2 − µi 1 ) + β j

(6)

B. Weighted Least Square
The SE algorithm is a data processing given by a set of
measurement which is used for estimating the system state.
The measurement function is as follows:
z = h(x) + e

(7)

where, z is measurement vector, h(x) is vector of function
measurement of state vector x, and e is measurement error
vector. The measurement errors are assumed to be independent
zero mean Gaussian variables, and vector R is covariance
matrix of e. To solve the equation (7), the widely used WLS
is implemented, and the objective is minimized the sum of the
square of the residuals.
T

J (x) = [z − h(x)] R−1 [z − h(x)]

(8)

Solving the first-order optimality condition of equation (8)
equal zero will give the x value, which satisfied the minimum
value of objective function J(x). It given by:
g (x) =

∂J(x)
= −H T (x)R−1 [z − h (x)] = 0
∂x

(9)

∂h(x)
∂x

(10)

where:
H (x) =

However, the function g(x) is nonlinear. Thus, GaussNewton method is used to linearize the function, giving the
result at the kth iterative is as follows equation (11). The
iterative continues until given convergence criteria is satisfied.
xk = xk−1 + G xk

−1

H xk

T

R−1 [z − h (x)]

(11)

where G(x) is gain matrix.

T
G xk = H(xk ) R−1 H(xk )

Fig. 3. The distribution network of Chalmers University campus.
TABLE I
P HYSICAL DATA OF C HALMERS U NIVERSITY C AMPUS N ETWORK
No.
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22

From bus
1
2
3
4
5
1
2
10
2
13
13
13
2
20
21
20
25
20
3
31
32
31

To bus
2
3
4
5
6
8
10
11
13
14
16
18
20
21
22
25
26
29
31
32
33
35

R (pu)
1.45E-05
2.81E-05
2.55E-04
3.40E-04
1.87E-04
4.76E-04
1.72E-05
2.81E-05
2.27E-05
1.25E-04
3.75E-04
9.07E-05
3.12E-04
1.31E-04
1.87E-04
7.98E-05
8.53E-05
6.35E-05
4.54E-04
1.18E-05
3.63E-05
4.65E-04

X (pu)
1.00E-06
1.90E-05
1.73E-04
2.30E-04
1.27E-04
3.23E-04
1.18E-05
1.90E-05
1.54E-05
8.44E-05
2.54E-04
6.17E-05
2.11E-04
5.80E-05
8.25E-05
5.35E-05
5.80E-05
3.08E-05
3.08E-04
8.20E-06
1.09E-05
3.16E-04

B (pu)
1.70E-04
3.50E-04
3.10E-03
4.20E-03
2.30E-03
5.80E-03
2.10E-04
3.50E-04
2.80E-04
1.50E-03
4.60E-03
1.10E-03
3.80E-03
8.50E-04
1.20E-03
9.70E-04
1.00E-03
4.80E-04
5.50E-03
1.40E-04
1.20E-04
5.70E-03

III. R ESULTS AND D ISCUSSION
(12)

The algorithm below summarize the WLS algorithm used
in this study.
Algorithm 1: Weighted Least Square Algorithm
Input: network parameters, measurement sets;
Initialization: Vm = 1, Vθ = 0, Iter. = 1, T ol. = 0;
while Iter. < 10 and T ol. > 1e − 4 do
calculate measurement function h(x);
calculate Jacobian matrix H(x);
calculate gain matrix G(xk );
−1
T
calculate ∆V = G xk
H xk R−1 [z − h (x)];
update V = V + ∆V ;
update Iter. = Iter. + 1, T ol. = max(abs(∆V ));
end
Result: Vm , Vθ

In this section, the test case and simulation results are
presented in detail. First, the Chalmers University campus
network is described. This is a typical university campus test
bed which is investigated by Fossil Free Energy Districts
(FED) project [15], and widely used as demonstration in
different project such as m2M-GRID, UNITED-GRID, and
FLEXI-GRID. Second, the methodologies explained in section
II are applied. The measurement variance of LV-sensor is
carried out by CPD method. Thus, the DSSE is performed.
A. Chalmers University Campus Network
The Chalmers University campus network in Sweden is used
as the test case to perform the DSSE. The modified electrical
distribution system was presented in [16]. Figure 3 shows the
single-line diagram of the system which is a radial system
with 40 buses of medium and low voltage, 22 branches, and
17 transformers. The network data is shown in Table I. The
total electrical load demand varies from 3.5 MW to 5.5 MW,

Fig. 4. The 50 Hz RMS voltage magnitude averaged per second.

Fig. 5. Calculated length of each sub-section over 1 hour.

which is supplied by national grid or as islanded microgrid
through solar panels, and a combined heat-power (CHP). The
photovoltaic (PV) system is a combination of roof-tops and
wall-mounted PV with 800 kW installed capacity by spring
2019. Moreover, the maximum generation of PVs system have
been estimated to be between 9 MW and 10 MW, within the
scope of the FED project.

Fig. 6. Variance of LV-sensor collected data over 1 hour.

The calculated lengths for each sub-section are shown in
Fig. 5. There are the number of samples in each sub-section.
There are two sub-sections where the lengths are higher than
500 samples, which means that the voltage magnitude is longer
stable. Thus, the given variances belong to those sub-sections
are more accurate than the other. The variance of the process
LV-sensor collected data is shown in Fig. 6. It is calculated
by equation (3) for each sub-section. As aforementioned, the
higher number of samples in Fig. 5 will give accurate variance
in Fig. 6.
It is important to note that the selection of different
threshold values will affect to the length of each sub-section.
Therefore, it also affects to the calculated variance. Table II
shows the length of longest sub-section and corresponding
variance with four different threshold values. As can be seen,
the number of samples are reduced when decreasing threshold
values, thus giving smaller variances. However, the calculated
variance is less reliable if the number of samples is small.
There is a tradeoff between the threshold value and reliability
of variance. Similarly, the variance of active power measurements is shown in Table III. As a reference, the variances used
for phasor measurement unit (PMU) are normally selected as
1E-8 pu and 4E-4 pu for voltage magnitude and active power,
respectively [17]. Thus, the result show the accuracy of LV-

B. Variance of the LV-sensor
LV-sensors were installed at Strijp-S substation, the Netherlands for the testing and research purpose. One week collected
data with one second resolution is used for this study. The
data contain both magnitude and phase information. However,
only collected data of voltage magnitude and active power
are used in this paper. The objective is to calculate the
variance. Figure 4 shows one hour of 50 Hz RMS voltage
magnitude measurements reported by the LV-Sensor averaged
per second. The reporting rate is one second, so there are 3600
measurements in total. The calculated variances based on CPD
method are conducted with the threshold value equal to one.
As the results, there are 17 significant change points over one
hour. The blue lines are the mean value of each sub-section
where the system is near a stable.

TABLE II
VARIANCE OF VOLTAGE M AGNITUDE WITH D IFFERENT T HRESHOLD
VALUES
Threshold
0.5
0.2
0.1
0.05

Length of longest sub-section
708 samples
360 samples
211 samples
122 samples

Variance (pu)
8.74E-10
5.72E-10
2.45E-10
1.48E-10

TABLE III
VARIANCE OF ACTIVE P OWER WITH D IFFERENT T HRESHOLD VALUES
Threshold
1500
1000
500
200

Length of longest sub-section
78 samples
86 samples
87 samples
55 samples

Variance (pu)
4.57E-4
4.57E-4
4.57E-4
1.54E-4

sensor compared with the existing PMU measurement device.

IV. C ONCLUSIONS

C. Distributed State Estimation
The calculated variances are implemented with the real distributed system, Chalmers campus network. First, the network
power flow based on MATPOWER is processed to obtain the
true values of voltage magnitude, power injection, and power
flow of the network. Then a Gaussian noise is added to the true
values. Thus, there are considered as measurement values. The
selected variance values for voltage magnitude and power (as
the same for injection and flow) are 1.48E-10 pu and 1.54E4 pu, respectively. These values used to build the covariance
matrix. The network is assumed to be a balanced system. Thus,
the network can be solved as a single phase estimator using
WLS method mentioned above. There are 95 measurements
consist of one voltage magnitude at the slack bus, 23 power
injection measurement points, and 24 power flow measurement
points (the power measurement is a pair of active and reactive
measurements).

In this paper, we analyzed the performance of distributed
state estimation using a new LV-sensor. The variance of realtime measurement was calculated by using the CDP method.
These are 1.48E-10 pu and 1.54E-4 pu for voltage and power
measurement, respectively. The WLS was applied to estimate
the voltage magnitude and angle of the Chalmers University
campus. It is found that the estimated values is similar with
the true values.
The simulation results have shown the accuracy of DSSE
by using the new sensor device. Moreover, we expect that this
LV-sensor can be further applied as a phasor measurement unit
in the distribution network.

Fig. 7. Estimated values and true values of voltage magnitude.

Fig. 8. Estimated values and true values of voltage angle.

The simulation results of voltage magnitude and angle are
shown in Fig.7 and Fig. 8, respectively. The estimated values
in red are compared to the true values (blue), which based on
power flow equation. The results show accuracy of estimation
using the LV-sensors.
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