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Abstract: Present-day power systems are mostly equipped with conventional meters and intended
for the installation of highly accurate phasor measurement units (PMUs) to ensure better protection,
monitoring and control of the network. PMU is a deliberate choice due to its unique capacity in
providing accurate phasor readings of bus voltages and currents. However, due to the high expense
and a requirement for communication facilities, the installation of a limited number of PMUs in a
network is common practice. This paper presents an optimal approach to selecting the locations
of PMUs to be installed with the objective of ensuring maximum accuracy of the state estimation
(SE). The optimization technique ensures that the critical locations of the system will be covered by
PMU meters which lower the negative impact of bad data on state-estimation performance. One of
the well-known intelligent optimization techniques, the genetic algorithm (GA), is used to search
for the optimal set of PMUs. The proposed technique is compared with a heuristic approach of
PMU placement. The weighted least square (WLS), with a modified Jacobian to deal with the phasor
quantities, is used to compute the estimation accuracy. IEEE 30-bus and 118-bus systems are used to
demonstrate the suggested technique.

Keywords: phasor-measurement unit; optimal PMU placement; state estimation; weighted least
square; critical measurement; genetic algorithm; heuristic approach

1. Introduction

The classical state estimation of a power system is based upon measurements collected from
a supervisory control and data acquisition (SCADA) system. Such a system cannot capture
measurements of fast and dynamic phenomena. Another drawback of SCADA measurements is
that they do not include the phase angle of bus voltages or line currents. Alternatively, real-time
voltage as well as current phasors are supplied by phasor measurement units (PMUs). These are digital
devices with very high sampling rate and precision, synchronized by receiving a common timing
signal from a global positioning satellite (GPS) clock [1]. Compared with traditional SCADA data,
PMU measurements achieve a synchronization precision of one microsecond and magnitude accuracy
of 0.1% [2].

Over time, greater numbers of PMUs have become necessary to improve monitoring, control and
the protection of the power system. Due to the high price of PMUs and the cost of communication
services connected with them, it is not possible to place a unit at each bus of the network.
Rather, a certain number of PMUs are required to be placed at certain locations which make the
system fully observable. This is known as the optimal placement of PMUs problem and there are
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numerous publications in this field. References [3-7] give an extensive review of the problem in the
literature. The review papers present all the relevant work in the field of PMU optimization along with
further information on objective functions, constraints, and optimization tools tried by researchers.
Most of these papers, however, exclude conventional measurements from the formulation and only
PMU measurements are considered for finding the optimal locations and the smallest number of PMUs
that render the power system observable and, therefore, can be used for state estimation.

State estimation using only PMU measurements is not practical for most of the power systems
in the current period due to cost considerations and needs [6,8]. A more realistic approach is to
use conventional SCADA measurements with PMU measurements to enhance the performance and
accuracy of state estimation. Some of this work is presented in [9-12] introducing techniques for
combining these measurements with supporting theory and simulations. In [13], an incremental PMU
placement approach is applied to reduce the uncertainties of state estimation based on conventional
SCADA measurements. This incremental algorithm is adopted from [14] where the covariance of
the state-error vector—or the diagonal elements of the gain matrix inverse in the WLS method—is
used to assess the quality of the estimation. The voltage phasor of PMU is considered in [13] and the
current phasor is excluded. The authors of [15] established the PMU placement problem as an optimal
experiment design which has a class of renowned optimality criteria in statistics. Reference [16]
presents a comparative study between the approaches of PMU inclusion in the estimation process.
An approach to finding PMU locations for the least absolute value (LAV) algorithm is presented
in [17] which can detect bad data without finding out the critical sets. In this paper, the concept of
“branch PMU” is also introduced which provides a single voltage-phasor and a single current-phasor
measurement. Paper [18] proposes an optimal strategy of PMU placement for maximizing the average
detection performance when multiple line outages occur. The algorithm proposed in [19] can make
the system observable, detect bad-data and is capable of working with mixed measurement cases.
The optimization technique of [20] deals with the gain matrix and finds the rank of the Jacobian,
thereby reaching the optimal solution in only 3—4 iterations by shortening the constraint equations.
Here, algorithms for observability and bad-data detection are presented separately.

Paper [21] proposes a heuristic PMU placement technique to enhance the state-estimation
precision which is assessed by the performance indicator of average mean average percentage error
(MAPE,ye). But the approach has the limitation of falling in a local minimum solution of a PMU set as
it selects PMU locations one by one. None of the intelligent techniques has been used yet to search for
the limited numbers of optimal PMU locations to ensure the maximum estimation performance.

This paper presents an optimization strategy of selecting any limited number of PMU locations
in the power system. The objective of the method is to improve the estimation accuracy as well as
to cover the critical regions of the system with accurate PMU meters. The use of the well-known
evolutionary programming technique, binary genetic algorithm (BGA), for this purpose makes the
idea efficient. In addition, this paper compares the proposed strategy with the heuristic approach
presented in reference [21] to prove its superiority. A modified WLS estimator which is capable of
dealing with mixed measurements (SCADA + PMU) is used in this work for calculating the error
indicator of estimation, which is also the fitness value of the BGA. IEEE 30-bus and 118-bus systems
are used to present the proposed method of PMU placement.

If any power system which is installed with SCADA meters plans to install a restricted number
of PMUs to improve the state estimation performance, the proposed method of PMU deployment
would be an ideal option to follow. The proposed technique of PMU placement also takes care of
the issue of critical measurements. The presence of critical measurements hampers the estimation
performance badly if the bad data come from critical measurements or are associated with them.
Covering the critical zones during PMU placement will surely ensure the robustness of the estimation
performance of the power system. To the best of the authors” knowledge, this is a novel approach to a
PMU placement strategy, even though a significant amount of work has been done in the field of PMU
placement previously.



Energies 2018, 11, 570 3o0f15

To outline this paper, Section 2 explains the modified WLS algorithm which can estimate the
power-system states with the presence of both SCADA and PMU meter readings. Section 3 presents
the heuristic approach of PMU placement, which has been adopted for comparison purposes. Section 4
displays the problem formulation of the optimal PMU placement as well as the BGA approach of
solving that problem. Section 5 demonstrates the preparation of different test cases in detail. Elaborate
simulation results are presented in Section 6 along with the significance of covering the critical zones
in the optimization problem. Section 7 concludes the paper.

2. Modified Weighted Least Square with Phasor Measurements

The weighted least square is an estimation problem that searches for a solution from the
over-defined matrix equations when there are few states and many measurements in the power
system [22,23]. A conventional state estimator employs SCADA measurements whose relationship
with system states are as follows:

zi = hi(x) + e 1

z;: is SCADA measurement vector.

h;(x): corresponds to a non-linear function vector which relates measurements to states.

e;: is the error vector between measured and estimated value.

Power system state estimation is a system of overdetermined non-linear equations and should
be solved as an unconstrained problem. The weighted least square has the objective function which
minimizes the sum of the square of the residuals:

N 2
minf (x) = Y W7 |hi(x) — z; @
i=1

To minimize the function, an iterative procedure followed by Newton’s method is used. States
will be updated in each iteration until it satisfies the stopping criteria:

Z] *h1(x)
- —h
Xk+1 = Xk + Ax = Xk + {[H]T[R]fl[H}jl 1[H]T[R]7l Zn :2(.7(') (3)
Zm —hm(x)

By considering a partial derivative of &(x) with respect to state vector x, a Jacobian matrix [H]
will be acquired. Ax is the measurement mismatch and is used as a counter step for the next iteration.
[R] is the error covariance matrix of SCADA measurements. The iterative procedure stops when Ax
goes below a specific low threshold number.

When a PMU is installed, phasor measurements are present in the measurement series and,
hence, the estimator should be modified and updated accordingly. The Jacobian matrix should include
the elements containing the derivatives of voltage and current phasors with respect to the system
states. The formulation of WLS is modified in this paper to run the estimation properly with a mixed
measurement (SCADA and PMU) system. The modified Jacobian used for the paper is as follows:
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The H matrix of Equation (4) includes the partial derivatives of power-injections (P;,j, Qjj), power
flows (Pfow, Qpiow), voltage magnitudes (V) and current phasors (I, rear, IF,imag) With respect to two
state variables: voltage magnitude (V) and phase angle (9).

The PMUs are incorporated in the state-estimation algorithm with the following assumptions [11]:

e The phasor measurements and the traditional measurements are taken at the same
snapshot—there is no time skew between them.

e A PMU should be always available at the slack bus so that the reference angle of both
measurements is the same.

e  When a PMU is installed at a certain bus, it can read the bus voltage phasor in addition to all the
branch current phasors connected to that bus and flowing away from that bus.

MATPOWER [24], which is a package of MATLAB (R2017b, MathWorks, Natick, MA, USA) files
for solving power-system operations such as state estimation and power flow, is utilized in our work
since it is designed as a simulation tool for educators and researchers that is simple to use and modify.

3. Heuristic Approach to Optimization

For this approach, we will adopt the algorithm presented in reference [21] since this considers
enhancing the estimation accuracy as the principal purpose of deploying PMUs in a power system.

This assumes p PMUs have to be placed in a power system of n buses (p < n). After each installation
of a PMU, a state-estimation algorithm is executed, and the accuracy of the estimation is calculated by
the following normalized cumulative error (NCE) indicator:

2n
NCE = 2>1<n(i21ACtuali — Estimated,|) ®)
1 n
NCE = ——()_ [|Actualy,,, — Estimatedy, | + | Actualy,, — Estimatedy,,|]) ©)

2xn =

where Actual; represents all the load-flow actual values, and Estimated; are the corresponding estimated
values provided by the estimator. Minimum NCE values will ensure the maximum efficiency of state
estimation. The performance indicator NCE is the absolute summation of all the differences between
the actual values and estimated values of the power-system states (voltage magnitudes (Vm) and phase
angles (Va)) as shown in Equations (5) and (6).

This algorithm assumes that the system is already observable by traditional measurements and
PMUs are to be placed to improve the estimation accuracy. The slack bus, usually bus 1, in the network
is the reference bus where a PMU is installed to provide an accurate reference for other buses. Before
describing the algorithm procedure, the variables used are defined as follows [21]:

e z: the measurement vector with white noise;

(] R: the vector of measurement error variance;
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e p: number of PMUs required to be placed in the system;
e  AllBus: contains all the numbers of candidate buses;
e  BusWithPMU: includes the bus numbers which have been assigned a PMU;

e  BusToPlace: the vector which includes the bus numbers that will be equipped with PMUs. It is
acquired by eliminating BusWithPMU from AllBus;

e  Num: the length of BusToPlace vector;

e  BusNum: the parameter that includes the bus number that will be equipped with a PMU;
e  KnownPMUBus: composed by merging BusWithPMU vector and BusNum variable;
e  Ind_array: contains NCE values of state estimation.

This heuristic algorithm places PMUs incrementally bus by bus. For each placement, it tests all
the candidate buses comprehensively and the bus with lowest indicator value is chosen. The algorithm
is explained in reference [21] in detail with a different performance indicator of SE. The flowchart of

this algorithm is displayed in Figure 1 below.

This algorithm solves the placement problem by providing both the number and bus location
of PMUs needed to reach a desired estimation accuracy. It is suitable for any system configuration
without the need to adjust the code. It can also be applied to a certain area of the system rather than
the whole system. This can be simply achieved by selecting the required buses in vector AllBus.

start
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Figure 1. Flowchart of heuristic optimal PMU placement (OPP) algorithm.

4. Optimization with Genetic Algorithm

4.1. Problem Formulation of Optimal Phasor Measurement Unit (PMU) Placement:

The objective of the optimization problem is to get a set of PMU locations that will ensure the best
estimation performance. The number of PMU locations to optimize could be any number within the
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range of available bus locations. This is not a problem like minimizing or maximizing an objective
function but of finding out the appropriate locations for the intended number of PMUs to be placed in
a power system that ensures the minimum estimation error.

So, the problem formulation could be stated as follows:

Find X
( X1, X2, s Xn ) e X
where x denotes the bus locations to be installed with PMUSs and # represents the maximum number
of PMUs to install.

Subject to, min (NCE)
reX
seX
Andp <n<qg

r: is the reference bus which must be present in the optimal set X. s: represents the buses that cover the
critical measurements for a given measurement set. For example, if it is found that the SCADA-meter
measurement set has three critical measurements such as PF_i-j, QF _i-j and PGi, then bus i will be
considered as the member of s which must be chosen in the optimal solution set, X. p and g are the
minimum and maximum bus locations to be considered in optimization problem. For a 30-bus power
system, the values for p and g will be 1 and 30, respectively.

The concept of normalized residuals (NR) is used to identify the critical locations. Zero NR for
a measurement denotes a critical measurement [25,26].

So, the proposed approach of PMU placement calculates the residuals for each available
measurement, identifies the critical ones, selects the elitism strategy to cover the critical measurements
along with the slack bus and, finally, goes for the main optimization process by the genetic algorithm.
Figure 2 shows how the elitism strategy is set before going to the main process of optimization by BGA.

Load the available Identify critical

Calculate Normalized

SCADA . P measurements and [—
residuals for all
measurements slack bus
Go for Genetic S tf:tleed ti‘ © sg\t,lesg; Identify the bus which
Algorithm &Y by e e covers critical zones |4
o the slack and critical
optimization and slack bus

bus

Figure 2. Flow diagram of optimization process.

4.2. Basic Working Principle of the Binary Genetic Algorithm (BGA)

The binary version of the genetic algorithm (GA) is an intelligent exploitation search algorithm
based on the evolutionary concepts of natural selection and genetics. GA, as a part of evolutionary
computing, mimics the idea of Darwin’s “survival of the fittest” in reaching a global solution for
an optimization problem. In the working procedure of BGA, a set of population is selected randomly.
Different genetic operators act on the population to search for the global solution set. Genetic diversity
is maintained by the operators throughout the entire process as it is needed for the natural evolution.
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Three main operators of BGA are as follows [27,28]:

1. Selection or reproduction: this phase generates the chromosomes or parents based on their fitness
value. Error indicator of the state estimation is used as the fitness for this work. A lower indicator
represents better chromosome or a PMU location set.

2. Crossover: this creates the children or off-springs from the parents with the view that the child
could be fitter than the parents. Off-springs are formed by taking the best characteristics from
both parents based on a user-defined probability. Crossover could be done on a single or multiple
point based on the size of the chromosomes.

3.  Mutation: this works on the off-springs, checking each bit individually to search for a
better solution.

Some issues such as selection of initial population size, different probability values, selection
of elite chromosome, maximum number of iterations, stopping criteria etc. play important roles in
BGA [22].

Figure 3 describes the steps of BGA to reach the optimal solution set of PMUs to be installed.
The main three operations of BGA, selection, crossover and mutation, are performed after setting up
the appropriate initial conditions and elitism strategy presented in Figure 2. The binary version of each
candidate PMU set go through the process until the best solution with the lowest NCE is achieved.

’ Initialization and Elitism strategy

b

l Generation of initial population |

!

Evaluate fitness value of a random population and
save as ‘initial solution’

{

Selection of Parent-1 and Parent-2 from
reproduction phase

IChild selection through Crossover

!

I Child selection through Mutation |

Violation of any constraint?

No
Y

Evaluate fitness value for the new population

Yes

Yes

Keep the initial solution as
‘New solution’

Replace initial solution by
‘New solution’

l Save the ‘New solution' and print |

- .- - No
Stopping criteria fulfilled?

Figure 3. Flow diagram of binary genetic algorithm (BGA) steps.
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5. Test Case Preparation

To investigate the estimation performance for different PMU sets, two test cases with 30- and
118-buses are simulated. Before the inclusion of any PMU, the power system consists of SCADA meter
measurements so that the network is observable. These measurements are mixed with white noise
only and it is assumed that no bad-data is present in the system.

The details of the test cases with redundancy level, total number of measurements, and number
of each types of SCADA meter are listed in Table 1 below.

Table 1. Details of 30- and 118-bus test cases.

Measurement Description 30-Bus System 118-Bus System

Total measurements 126 440

Redundancy 2.13 1.87
Number of voltage-magnitudes (V1) 14 62
Number of real power-injections (PG) 16 55
Number of reactive power-injections (QG) 15 55
Number of real power-flows from a bus (PF) 25 68
Number of reactive power-flows from a bus (QF) 24 68
Number of real power-flows to a bus (PT) 16 66
Number of reactive power-flows to a bus (QT) 16 66

The 30-bus test case has two critical measurements: PF_12-13 and QF_12-13. The 118-bus system
has two critical measurements also: PF_39-40 and QF_39-40. So, bus-12 and bus-39 will be considered
as elite genes at the time of optimization with the genetic algorithm for 30- and 118-bus systems,
respectively, while covering the critical zones by PMUs.

SCADA measurement-based power systems described above are considered for finding out the
optimal PMU locations. When a PMU is installed in a bus, it provides the corresponding bus-voltage
magnitude and phase angle as well as the complex currents flowing from that bus [4,5]. This increases
the redundancy level. Due to the low standard deviation (high weight) of a PMU meter reading,
the estimator will always consider those readings in the estimation process. The additional PMU
measurements for a specific set of PMUs are also shown in Table 2 below.

Table 2. Additional phasor measurement unit (PMU) meters for optimal PMU sets 1, 6, 24 for 30-bus system.

Measurement Type Measurement Locations
Voltage-magnitude buses 1,6,24
Voltage-angle buses 1,6,24
Current flow branches (real and reactive) 1-2,1-3, 6-7, 6-8, 6-9, 6-10, 6-28, 24-25

Selection of standard deviation (¢) is an important task in the design of WLS. The presumed
values of o of various types of measurements are listed in Table 3. These values are kept fixed for all
test cases.

The performance of the estimators is evaluated based on the NCE indicator, which is the
accumulation of the absolute difference between all actual and estimated values of state variables as
shown in Equations (5) and (6). The fitness function value of the BGA is the NCE value.

The performance of the genetic algorithm depends significantly upon the proper selection
of population size, maximum iteration size, stopping criteria, probability of selection, mutation,
and crossover. Higher values of iteration number and population size increase the probability of
finding out the global solution. Besides, high crossover probability and low mutation probability
will ensure the searching process avoids becoming trapped in local minima [27,28]. The number of
crossover points could be higher for longer chromosomes to ensure quick saturation. A slack bus
has been chosen as an elite chromosome in the GA optimization so that the reference angle of the
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measurements is accurate and remains the same. Details of the GA initialization are listed below in
Table 4.

Table 3. Standard deviation for different measurement types [29].

Measurement Type Standard Deviation o (Per Unit)
SCADA voltage magnitude 0.01
Real power injection 0.02
Reactive power injection 0.04
Real power flow 0.02
Reactive power flow 0.04
PMU voltage magnitude 0.0001
PMU voltage angle 0.006
PMU current magnitude 0.0001
PMU current angle 0.006

Table 4. Details of genetic algorithm (GA) parameters.

Criteria Considered Parameter
Population size 100
Selection probability 1
Crossover probability 0.9
Mutation probability 0.25
Maximum number of iterations 250

Elite chromosome (PMU must be installed) Slack bus: Bus-1 for 30-bus and bus-69 for 118-bus system

Buses which cover the critical zones
30-bus: Double
118-bus: Triple

1. Reaching the maximum number of iterations

Crossover point

Stopping criteria
2. If the fitness value does not change for consecutive 100 iterations

6. Results

6.1. Comparison with Heuristic Approach

The two PMU-placement algorithms—heuristic and BGA—were tested on IEEE 30-bus and
118-bus systems. The results are arranged in Tables 5 and 6, respectively.

As can be observed from Table 5, placing two and five PMUs gave matched solutions for both
algorithms. Beyond that, however, the BGA outperforms the heuristic. This happens because the
heuristic technique places PMUs incrementally and cannot change the PMU locations selected in
previous steps when searching for new buses to be equipped with PMUs. BGA, on the other hand,
does not have such a restriction, and searches for the optimal solution as a set of PMUs and always
converges to the global solution.

Table 5. OPP results for 30-bus power system.

Heuristic BGA
Number of PMUs . . Normalized Cumulative . .
Optimal PMU Locations Error (NCE) Value Optimal PMU Locations NCE Value
2 1,6 2.89 x 10~* 1,6 2.89 x 10~*
3 1,6,25 1.81 x 1074 1,10,25 1.78 x 1074
4 1,6,22,25 128 x 1074 1,6,12,24 1.27 x 10*
5 1,6,12,22,25 7.69 x 107° 1,6,12,22,25 7.69 x 1075
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Table 6. OPP results for 118-bus power system.

Heuristic BGA
Number of PMUs

Optimal PMU Locations NCE Value Optimal PMU Locations NCE Value
2 69,100 6.35 x 1074 69, 100 6.35 x 1074
3 69,100, 30 541 x 107* 69, 38,26 5.397 x 1074
4 69, 100, 30, 25 463 x 1074 26, 38, 69, 100 4362 x 1074
5 69,100, 30, 25, 64 3.83 x 1074 69,100, 30, 25, 64 3.83 x 1074
6 69, 100, 30, 25, 64, 32 332 x10°% 69, 100, 30, 25, 64, 32 332x10°%
7 69, 100, 30, 25, 64, 32, 1 297 x 10~% 69,100, 30, 25, 64, 32, 1 297 x 10~*

Figure 4 shows how the proposed approach with GA reaches a global solution in searching for
the optimal PMU set. Optimization for 5 PMUs in the 30-bus system is shown in the figure and it
is seen that the NCE indicator keeps decreasing until it finds the best set of PMUs with the lowest
indicator (7.69 x 1075). Iteration stops before the maximum number of iterations (250) because the
stopping criteria resulting in the same NCE indicator for 100 iterations was fulfilled.

w10

=t
£
i

by

(]
T

i

NCE Indicator

DB Il Il L
0 20 40 60 80 100 120 140 160

Iteration Number

Figure 4. Convergence plot for IEEE 30-bus system with 5-PMU placement.

Results of 118-bus system in Table 6 confirms the superiority of the BGA over the heuristic in
locating global optimal PMU locations for any system regardless of its size. The results of optimizing 3
and 4 PMUs confirm that the heuristic approach often falls in local optima.

6.2. Optimal PMU Locations by Covering Critical Zones

The paper proposes to check the presence of critical measurements in the test case and thus place
PMUs in the critical zones. The optimal PMU locations for a 30-bus system are listed below in Table 7
where both cases for covering and non-covering critical zones are presented for a different number
of PMU placements. Figure 5 presents the results of Table 7 for better illustration of the simulation
results. Optimal solution sets by BGA with 2 to 5 PMUs are presented with corresponding NCE
indicator values.
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Table 7. OPP results for 30-bus power system.

NCC (Not Covering Critical) CC (Covering Critical)
Number of PMUs
Optimal PMU Locations NCE Value Optimal PMU Locations NCE Value

2 1,6 2.89 x 1074 1,12 45202 x 1074
3 1,10,25 1.7755 x 104 1,12,6 2.3653 x 1074
4 1,6,12,24 1.2792 x 10~ 1,6,12,24 1.2792 x 10~
5 1,6,25,22,12 7.69 x 107> 1,6,25,22,12 7.69 x 1075

5.00E-04

4.50E-04

4.00E-04

3.50E-04

3.00E-04

2.50E-04

2.00E-04

1.50E-04 .

1.00E-04 SHE

5.00E-05 .

0.00E+00 SRS

2 3 4 5

B NCE of CC GONCE of NCC

Figure 5. Comparison of normalized cumulative error (NCE) values of covering critical (CC) and not
covering critical (NCC) for different numbers of PMUs.

As seen from the above table and the graph, the indicator value keeps decreasing with the increase
of PMU number. For the sets with 2 and 3 PMUs, the indicator value for CC is higher than that of NCC.
This occurs because of the constraint of the optimization technique in covering the critical bus which is
not included in the global solution sets given by NCC. For example, while placing 3 PMUs, solution
set {1, 10, 25} is the global solution with lowest indicator 1.7755 x 10~% which is not achieved by the
CC solution set {1, 6, 12} because it forces one PMU to be installed at the critical bus-12. Optimization
for placing 4 and 5 PMUs results in the same solution for both NCC and CC cases. It reflects the global
solutions for both.

Optimal solution sets of PMUs for the 118-bus system are listed in Table 8 above. The 2-PMU set
to 7-PMU set solutions are shown for both NCC and CC conditions. All the CC solutions are different
from those of NCC. Even though the indicators for the CC cases are higher, it is recommended this
solution set is chosen to install the PMUs for higher robustness.

Table 8. OPP results for 118-bus power system.

NCC (Not Covering Critical) CC (Covering Critical)
Number of PMUs

Optimal PMU Locations NCE Value Optimal PMU Locations NCE Value
2 69, 100 6.35 x 1074 39, 69 7.095 x 1074
3 69, 38, 26 5.396 x 1074 39, 69,100 6.08 x 1074
4 26, 38, 69, 100 4.362 x 1074 39, 49, 69, 100 5226 x 107*
5 69, 100, 30, 25, 64 3.83 x 10~* 39, 69,31, 100, 116 4699 x 1074
6 69, 100, 30, 25, 64, 32 3.32 x 10~* 39, 69, 26, 29, 38, 100 412 x 10~*
7 69,100, 30, 25, 64, 32, 1 297 x 10~* 39, 69,12, 61, 19, 100, 32 3.59 x 104
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6.3. Optimization when the Critical Zones are Non-Interacting

The test cases used for this paper (Table 1) has the critical measurements in the same locations.
For example, the 30-bus system test case has two critical measurements: PF_12-13 and QF_12-13.
Now, a modified test case is prepared for 30-bus system with much lower redundancy (1.74) which
has the critical measurements in different zones of the system. The optimization results for such a case
is presented below in Table 9.

Table 9. OPP results for 30-bus system with non-interacting critical zones.

Critical Measurements Elite Chromosomes Optimization Results
No of PMUs Optimal PMU Locations NCE Indicator
g;;léllz 2 1,12 8.198 x 10~
QF—25:2 o 1 (slack bus), 12, 26 3 1,12,26 6.707 x 10~*
VoL 26 4 1,6,12,26 4.004 x 107*
- 5 1,6,12,24,26 2245 x 1074
6 1,6,12,24,26,4 1.011 x 1074

Two PMUs are needed now to cover the critical zones: 12 and 26. While placing 2 PMUs,
the solution will be the set with lowest NCE value among the possible combinations. It is noticeable
that the NCE values of this presented case are higher than the values of the CC case in Table 7. This is
because of the lower redundancy level.

6.4. Significance of Covering Critical Locations

The reason for imposing the constraint of placing PMUs in critical locations is to reduce the impact
of bad data on the estimation performance. Bad data could come from any location of the system. If it
occurs in a critical location or around it, the impact will be severe, and the estimation performance
will be significantly disturbed. Covering the critical location in PMU optimization will ensure that the
bad-data presence, even around the critical location, will not hamper the estimation performance of
the system. Table 10 presents the impact of bad-data presence on estimation performance for both CC
and NCC scenarios. Figure 6 depicts the results of Table 10 clearly in a bar chart.

Table 10. Bad-data investigation with 3-PMU case of 30-bus.

. NCC (Not Covering Critical) CC (Covering Critical)
Cases Bad-Data Location (PMUs in 1, 10, 25) (PMUs in 1, 6,12)
White noises only N/A 1.7755 x 104 2.3653 x 1074
Vm_12 1.155 x 1073 2370 x 10~4
QT_15-12 6.733 x 1074 2415 x 1074
Single bad-data around PF_12-14 6.294 x 10~* 2.358 x 10~*
critical locations PF_12-16 1.035 x 1073 2366 x 104
QF_12-14 2453 x 1074 2373 x 1074
QF_12-16 3.157 x 1074 2375 x 1074

The 30-bus test system had two critical measurements: PF_12-13 and QF_12-13. That is why
a PMU is placed in bus 12 to cover the critical zone. It can be seen from the table above that the
estimation performance for the NCC optimal set {1, 10, 25} is better than the CC optimal set {1, 6, 12}
with white noise only. But the presence of a single bad data around bus 12 has completely changed
the scenario. Because of the effect of bad data, the estimation performance for NCC deteriorates
significantly even after having 3 PMUs installed. The error indicator is raised because of bad data
in the NCC case. However, the other case of optimization shows robust behavior with bad data due
to the presence of a PMU at bus-12 where the NCE remains constant at around 2.3653 x 10~ for all
the cases.
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Figure 6. The impact of PMU placement in the critical zone under the bad-data constraint.

7. Conclusions

This paper presents a novel approach of PMU placement in power systems. The binary genetic
algorithm is used to solve the proposed optimization problem which aims to find the optimal set of
PMUs to be installed in a SCADA measurement-based power system. It is seen that the BGA performs
better than the heuristic approach in reaching the global solution. The objective of the optimization is to
guarantee the best performance of state estimation. It also ensures critical zones are covered by PMUs
and thus the least impact of the presence of bad data in the estimation performance. Optimal solution
sets for both covering and non-covering critical zones are presented. Some of the optimal solution
sets are found to be identical in both approaches, indicating that both techniques reached the global
solution. Covering the critical locations sometimes results in the non-global solution, but the solution
is robust and the least sensitive to the presence of bad data. Results of the optimal solution sets and
the corresponding NCE indicators for 30- and 118-bus power systems verify the effectiveness of the
proposed method irrespective of the power-system size. In practical scenarios where the modern-day
power systems are inclining towards installing PMU meters with an existing system, such a strategy of
getting the most optimal locations for any limited number of PMUs would be very useful and effective
for planning engineers.
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