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ABSTRACT

This paper presents an efficient observation con-
cerning the enhancement of smart grid (SG) based on
the optimal placement of phasor measurement units
(OPP) using nonlinear programming (NLP). The proposed
algorithm tries to achieve two objectives: (i) to ascertain
the minimum number of phasor measurement units
(PMUs) and (ii) to increase the redundancy of the SG at all
the buses. Synchronized current and voltage phasors are
obtained to enhance the accuracy of the state estimation
results—a minimum number of PMUs results in a lack of
communication facilities at the substation. PMU losses
will lead to unobservable buses at the SG. Therefore,
PMU losses and communication constraints should be
considered during the design process. Limited channel
capacity, conventional measurement, and zero-injection
bus measurements are also included in the proposed PMU
formulation. The proposed algorithm is examined on
IEEE 14-, 30-, 57-, 118-, and 300-bus test systems in
MATLAB to verify its effectiveness. Furthermore, the
results are compared with the simplex linear program-
ming and mixed linear programming methods to prove
the efficacy of the presented algorithm. The output
thus obtained reveals that the NLP algorithm obtains
approximately the same PMUs as other methods.

Keywords: Nonlinear Programming, Mixed Linear
Programming, Simplex Linear Programming, Optimal
PMU Placement, Observability

1. INTRODUCTION

Observability is essential for the state estimation
of power systems. It provides a time-synchronized
measurement of all electrical network elements [1]. Syn-
chronized measurement is obtained with the reference
signal received from the global positioning system [2].
The output of phasor measurement units (PMUs) is
used for online monitoring and control. Power system
observability ascertains whether the present state of
measurement and its distribution is enough to solve
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the current state of the network. The weighted least
squares (WLS) technique is conventionally used for state
eliminators to solve system state problems. However,
it is a nonlinear iterative method that takes more time
in comparison to linear methods. Detailed data on
state variables must be obtained for accurate results in
controlled systems. However, due to the complexity of
the power system, it is not easy to find exact data on state
variables [3].

Traditionally, remote terminal units (RTUs) with su-
pervisory control and data acquisition (SCADA) provide
control and monitoring for different system networks
[4]. In the 1980s, with the introduction of digital signal
processing and the Global Positioning System (GPS),
PMUs were developed. Nowadays, GPS is synchronized
with the PMU signal to find the state of the power system.
GPS can bring microsecond data in real time [5, 6], which
it highly efficient for monitoring and rectifying the power
system during unstable conditions [7]. PMUs have an
advantage over conventional measurements since they
can provide more precise results. Hence, PMUs improve
the functionality of the power grid by introducing it at a
particular bus to obtain current and voltage phasors [8].

PMUs consist of a clock synchronization unit, data
transmission unit, and measurement unit. The clock
synchronization unit provides standard sampling to the
measurement unit. The control system generates an
output signal to compare the phase with an input signal.
An anti-aliasing filter, A/D converter, and processor are
elements of the measuring unit. The anti-aliasing filter
ensures that the signal phase difference and magnitudes
are not changed. PMU works on discrete Fourier trans-
form and is synchronized with a GPS signal. Therefore,
the calculated voltage and current phasor are accurate
with space-time coordination. PMUs measure the node
voltage and incident branch current phasor of the system,
making it possible to monitor the node where the PMU is
connected. The dependence of system observability lies
in the system, the change in number, and arrangement
of measuring elements. The complete power system is
observable by selecting PMUs with a subset of nodes [9].

PMUs enable observability of the whole grid. The
complete power network is obtained by placing PMUs at
optimal locations [10, 11]. PMUs cannot be put at all the
network buses to make them utterly observable because
such an arrangement would make the system expensive
and uneconomical [12]. Therefore, optimum PMUs are
used at specific buses to make the system observable
and cost-effective. Initially, PMUs were connected to the
nodes where most of the loads are connected. However,
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such an arrangement did not give any option during a
dynamic change in load. This is because PMUs are placed
to monitor load changes, but when loading at buses,
the position of PMUs has to be changed to monitor the
system.

The optimization technique makes the system com-
pletely observable using the least number of PMUs.
Many search methodologies have been suggested for
the optimal placement of PMUs (OPP). The strategy for
determining the OPP can be mainly classified into two
categories: heuristic and mathematical programming
[13]. The former approach is based on the continuous
search for an optimal solution to a problem. Several
heuristic methods have been studied in the literature. To
determine the minimum number of PMUs and achieve
complete system observability, a bisecting search method
is proposed in [1].

A graph theory approach and simulated annealing
are implemented in [14], reducing the number of PMUs
from one-fifth to one-third of their present values. Other
heuristic algorithms like tabu search [15], genetic algo-
rithm [16], particle swarm optimization [17], spanning
tree [18], binary particle swarm optimization [19,20],
non-dominated sorting genetic [21], immunity genetic
algorithm [22], recursive tabu search [23], and tabu
search genetic [24] have been proposed to address the
OPP problem. A heuristic approach for finding the
optimal solution does not provide the global best [25].
Therefore, the linear programming (LP) approach to find
the best global solution is developed in the literature.
Mixed linear programming (MLP) and nonlinear pro-
gramming (NLP) provide the best global solution, but the
algorithm requires more time. This paper presents an
NLP algorithm to find a solution to the optimal placement
problem. The NLP method is discrete, so prior to
implementing the proposed algorithm, simplex LP (SLP)
and MLP methods are executed in a MATLAB/Simulink
environment to assess the comparative efficiency of the
proposed method and provide an accurate analysis.

In this paper, the enhancement of observability in the
SG is based on three different methods and examined
on IEEE 14-, 30-, 57-, 118-, and 300-bus test systems in
MATLAB. The steps involved in determining the optimal
solution are as follows. First, a linear objective is selected,
for minimization, and the chosen objective then deter-
mined by nonlinear equality bus constraints. Second,
these nonlinear bus constraints make the whole system
observable. Third, the objective function minimizes the
overall cost and is modified to obtain the PMU losses,
limited communication facilities, channel capacity, and
zero-injection measurement.

The remainder of this paper is divided into four
sections. Section 2 elaborates on the design of the PMU
placement problem. Section 3 presents the development
of the optimized algorithm. Section 4 includes the simu-
lation results and a discussion, followed by a conclusion
in Section 5.

2. DESIGN OF THE OPP PROBLEM

PMU placement at a bus finds both the voltage and
current phasor data for that bus. As a result, all the
bus incidents on the PMU bus are observable. The
observability of the whole system with the least number
of PMUs is the primary function of the OPP. The PMU
is initially considered to have enough channels for
measuring the current phasor of all the bus incidents on
a particular bus and the voltage phasor of that bus for the
OPP solution [6]. As a result, using the observed current
phasor with the known line characteristics, lines coming
to that bus and the voltages of all nearby buses will be
solved [26].

2.1 Design of OPP Measurement Problem

Firstly, the LP algorithm is designed to find the
solution for the OPP. Next, the OPP is redesigned to
minimize the cost function, and after that, the NLP
algorithm solves this OPP problem. The constraint
minimization objective function for the n-bus system is
as follows [27]

n
min 2 C;X; (1)
X
i=1

subjected to Ax > Band x; € [0,1], i = 1,...,n, where
the binary decision variable (x;) indicates whether a PMU
is installed at the i™ bus (x; = 1) or not (x; = 0), and ¢;
is the placement cost of PMU at bus i. In most cases, the
cost of installing a PMU on each bus is the same. As a
result, reducing the total number of PMUs is the same
as minimizing c;x; in the system. A and B matrices are
given as

—_—

., bus m and bus n are connected
A, j) =191,
0, otherwise

i is equal to j (2)

B=[111 .. 1" (3)

The linear observability constraint for the i bus is
represented by the i'™ entry of f(x), which is defined as
follows

fi=x+ ) x;>1 (4)

Jj€Eadj;

where f; (x) is the observability function for the i™ bus
X; is the decision variable (binary) for installing PMU at
the it bus, where x ; is the decision variable adjacent to
bus i.

The sequential quadratic programming (SQP)-based
NLP may be used to construct and solve the OPP
issue. The NLP technique can yield several solutions
to the OPP, but the LP approach can only give a single
solution. Therefore, x; maybe 0 or 1 by the constraints
X; (x ;= 1) = 0. The nonlinear constraint to enhance the
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observability of the i™ bus is represented by the it entry
of f(x), which is defined as

n

mxinJ (x)=x"Cx = z ;x> (5)

[
i=1

g@=(1-x) [[ (1-x)=0

Jj€adj;

< 1, foralli € S. The OPP
objective function is represented by J(x), adj; indicates
the adjacent buses of bus i, C is the weighted diagonal
matrix, x! is transpose vector, and S is the system bus
set.

The observability criterion defined in Eq. (5) requires
at least one PMU to be placed on bus i or j to determine
the optimal solution and make the bus observable. On
adding nonlinear observability constraints, the decision
variables of LP [6] are turned into continuous variables.
In this method, the equations of a consistent system
are defined, with each equality constraint allowing for
a solution in Eq. (6).

Since all f(x) components are continuous variables,
the mathematical equations (Egs. (1)-(4)) have no prob-
lem converging into a locally optimal solution. The
feasible set comprising nonlinear equality constraints in
Eq. (4) is non-convex. As a result, the suggested model
is non-convex and can produce several solutions to the
OPP problem. Hence, there are various local minima
for the optimization problem (Egs. (1)—(4)). Therefore,
the NLP algorithm is an efficient way to enhance the
observability of the SG and find an optimum solution
to the placement problem. To design the proposed
algorithm, an IEEE 14-bus test system, illustrated in
Fig. 1, is used and formulated by the following sets of
equations

where 0 < x; <

minJ (x) = Z X; (7)
g ()= (1-x5)(l=-x)(1—x;)=0 (8)
g (x)= (1 —x5) (1 —x4) (1 —x3) (1 —x2)

(1-x;)=0 ©)
g3(x)=(1—x4) (1—x3) (1—x2)=0 (10)
84 () = (1 =) (1=x7) (1=x5) (1 -x4)

(1-x3)(1-x,)=0 (11)
g5 () = (1=xg) (1= xs5) (1 =x4) (1 -x3)

(1-x,)=0 (12)
g6 () = (1= x13) (1 =xp5) (1= x17) (1 —x4)

(1-x5)=0 (13)
g7(x)=(l—x9) (1—x8) (1—x7) (1—x4)= (14)

B12 B13

?- B14

Bé B11 B10 BY

B8 U- B7

B1 B5 B4
[ [

L e
Fig. 1: IEEE 14-bus system.
gg(x)=(1—xg) (1—x7) =0 (15)
8o (x) = (1 =x14) (1 =x10) (1 =x9) (1 =x7)
(1-x4)=0 (16)
g0 () = (1=xp1) (I=x10) (1 =x9) =0 (17)
g ()= (1-x;)(1-x50) (1-x)=0 (18)
g ()= (1-x53) (I =x12) (1 -x5) =0 (19)
813(0) = (1 =x14) (1 =x53) (1 =xp5) (1 =x5) =
(20)
gia ()= (1=x14) (1=x13) (1 =x9) =0 (21)

2.2 Design of the OPP Measurement Problem Con-
sidering the Power Flow Measurement

Here, to examine the OPP measurement problem, the
power flow measurement on lines i — j is considered.
If one of the voltages is known in the power flow
measurement, the other can be estimated according to
changes in the observability constraints. The observabil-
ity constraints for the above-mentioned two buses are
gi(x) = 0 and g;(x) = 0, with both constraints combined
to form a new constraint represented as

8fiowi = 8& =0 (22)

where g0, ;(x) is obtained by a combination of two
functions g, ;(x) and gy, ;(x) associated with observ-
ability constraints. The proposed algorithm uses the
existing power flow measurements on lines 4-5 and 5-6.
Thus, the new simplified joint constraint gg,,,,, obtained
by the existence of the two power flow measurements is
given by
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Banew () = 84(x) g5 (x) g6 (x) = 0 (23)

8anew () = (1 =x13) (1 =x15) (1 =xyp) (1= xo)
(1 —x7) (1 —x6) (l —x5) (l —x4)

(1-=x3)(1=x3) (1=x;)=0 (24)
2.3 Design of the OPP Measurement Problem Con-
sidering a Zero-Injection Bus

The most general situation of the power system is a
zero-injection bus (ZIB). During power system planning,
Z1IB refers to a bus with no load or injection. To control
the voltage drop at the receiving end of the transmission
line, the voltage profile needs to be regulated, and thus,
voltage improvement devices are installed. A ZIB does
not inject any current into the system. This method
decreases the required number of PMUs and enhances
system observability. Assuming that bus i is a ZIB, the
joint observability constraint is given by

iy ) =g,x) [] g =0 (25)

J€E€adj;

where g;,;;(x) is the combination of two functions
8inj.pus(X) and g;,,(x). It is advantageous to combine the
two ZIB constraints with the observability constraints of
all associated buses into one constraint equation. Fig. 1
shows a standard 14-bus system, which locates a ZIB
at bus 7 and its augmented buses are 4, 6, and 8. The
simplified observability constraints of the augmented bus
8inj,7(x) are given as

8inj,7 (X) = 87 (x) 84 (x) 83 (X) 8o (x) =0 (26)

8inj,7 x) = (1 —x14) (1 —xlo) (1 —x9) (1 _x8>

(1 —x7) (1 —x5) (1 —x4) (1 —x3)

(1-x,)=0 (27)

2.4 Limited Communication Facilities at a Substa-
tion

PMUs must connect with the control center to syn-
chronize voltage and current phasor readings via data
links at the substations to provide the PMU data to the
SCADA system. However, the limited communication
capabilities act as a major impediment to synchronizing
the data for wider implementation and real-time moni-
toring. As a result, the cost of PMU placement for SLP,
MLP, and NLP will increase for each bus with a lack of
communication capability [15]. The optimum solution
may eliminate the restricted communication buses due
to the high installation cost. For example, assuming that
buses 2 and 9 in the IEEE 14-bus system have limited
communication capability (Fig. 1), the placement cost for
these two buses will increase to ¢; = 10°.

2.5 Limited Channel Capacity

PMUs have an unlimited number of channels, ac-
cording to most of the studies in the literature. How-
ever, the manufacturer often gives PMUs a predefined
channel capacity, so that an efficient algorithm must
be implemented to obtain the best solution for PMU
placement. Let C be the channel capacity; if the number
of buses adjacent to i™ bus (m;) is more than C, then the
combination of buses (A;) out of m; lines is given by [28]

.|
m;.

el (m; = C)! =)

1
First, the observability constraint corresponding to
the i™ bus is fixed to ensure that only three buses cor-
respond to each constraint. The channel capacity must
be equal to or less than the number of buses neighboring
to the i™ bus. The observability requirements are then
modified to accommodate the various line combinations.
Taking buses {1, 3, 4, 5} of an IEEE 14-bus system adjacent
to bus 2 with a channel capacity of A; = 2, as illustrated
in Fig. 1, corresponding to the channel capacity, the
combination of buses (4,) is given as

N

214 -2)!

In particular, the line combinations are {2-4, 2-5}, {2-3,

2-5}, {2-3, 2-4}, {21, 2-5}, {2-1, 2-4}, and {2-1, 2-3}. The

observability constraint for bus 2 is then changed as
follows

(29)

g1 ()= (1=x) (I=x;)(1=x3)=0 (30)
g =(1-x)(1-x)(1-x)=0 (1)
g =(1=-x) (I=x;)(l=x5)=0 (32
g4 =(1=-x) (I=x3) (1—x4) =0 (33)
g5 () =(1-x;) (1=x3) (1-x5) =0 (34)
g6(X)=(1=x;) (I=x4) (1=x5)=0  (35)

The process is then repeated for the remaining buses to
make sure that each constraint has only three adjacent
buses.

2.6 PMU Failure

Despite the excellent dependability and reliability of
PMUs, a single-PMU failure is a possibility. Therefore,
primary and backup sets are collected to ensure total
observability of the system. In the primary set, the
optimal solution is obtained without considering the
PMU failure, whereas in the backup set, the optimal
solution is obtained considering the case of PMU failure.
For example, to allow the monitoring of each bus by two
PMUs, one side of the LP restrictions might be changed
to two. Instead, the main set terms X; and x; of LP
restrictions can be deleted to produce a new set. In
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addition, the backup set, provided by the terms (1 — x;)
and (1 — x;) of the NLP restrictions, is also eliminated.
As a result, the primary set buses will not be picked
again, and the backup set will ensure that the system is
completely observable even if one of the PMUs fails.

3. DESIGN OF THE OPTIMIZATION ALGORITHM

The minimization algorithm proposed in Section 2 is
utilized to solve the OPP in this section. In addition, the
LP model [26] is utilized as a comparison tool to show
the proposed model’s accuracy in terms of the number
of PMUs necessary for complete system observability. In
the simulation part, the two algorithms are tested on the
IEEE test bus system. Determining the number of PMUs
is critical because maintaining system observability is not
economical for addressing the OPP problem.

3.1 Design of the Proposed Minimization Algo-
rithm

The proposed minimization algorithm contains the
following elements:

1. Dataset comprising A sets of buses with n buses, cost
of the buses (c;), and sets of buses adjacent to bus i
(ad j;).

2. Binary decision variable x is bounded by the lower x;
and upper limit x,, as:

x; <x<x, (36)

wherex; =[0 0 ... 0]Tandx, =11 ... 1]
3. The observability constraints are

g=(-x) [] 1-x)=0 @7
Jj€adj;
4. The cost function to be minimized is
n
J(x)= 2 C;X; (38)

i=1

In NLP, the sequential programming approach is the
most successful problem-solving tool. In similarity to
Newton’s method and unconstrained optimization, the
proposed NLP method simulates the algorithm to opti-
mize the problem. First, a quasi-Newton iteration method
is used to approximate the Hessian of the Lagrangian
function at each major iteration. It is then utilized to
construct a quadratic programming sub problem, which
is used to form the direction of the line search procedure.
The main concept involves the formulation of a solution
to the quadratic programming problem of the Lagrangian
function, with the description given as

min f (x) (39)
X

g(x)=0,i=1,2,....,m (40)
g(x)<0,i=m+1,....m (41)

m
H(x, A) = f () + ) g (x) (42)

i=l

The NLP algorithm is given by

X1 = X+ agdy (43)

A suitable line search approach is used to calculate the
step length parameter a,, resulting in a satisfactory drop
in the merit function. H, is a positive approximation
of the Lagrangian function. A quasi-Newton algorithm
can be used to update H;. Two m-files are written to
implement MATLAB’s NLP-based on SQP. The first m-file
after successive iteration returns the function’s current
value, which can be used to call the objective function
using fmincon. Another m-file provides the solution
for vector x by the present value of the observability
constraints. The decision variable x is bounded within
the specific limit by supplying simple restrictions to the
constrained optimizer procedure. After that, fmincon is
run with a particular starting point.

3.2 Design of the Proposed SLP Minimization Algo-
rithm

The elements of the SLP minimization algorithm are
as follows:

1. Dataset comprising A sets of buses with n buses, cost
of the buses (c;), and sets of buses adjacent to bus i
(ad j;).

2. Binary decision variable x is bounded by the lower x;
and upper limit x,, as:

1, bus m and bus n are connected

x; =141, iisequalto (44)
0, otherwise
3. The observability constraints are
n
Yx>1 (45)
ad j;
4. The cost function to be minimized is
n
J(x)= Z C;X; (46)

i=1

The branch-and-bound (BB) approach can solve the
SLP algorithm (Egs. (45), (46)). The BB approach is highly
efficient and more commonly used to solve LP problems
by the bintprog solver.
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Table 1: Results using MLP, SLP, and NLP.

IEEE Test PMU NLP
System MLP [ SLP [ NLP | Solution
14-bus 4 4 4 5
30-bus 10 10 10 7
57-bus 17 17 17 19
118-bus 32 32 32 10
300-bus 87 87 87 8

Table 2: Location of PMUs using MLP, SLP, and NLP.

IEEE Test PMU PMU
System | MLP | SLP | NLP | Position
14-bus 4 4 4 2,6,7,9
30-bus 10 10 10 | 1,7,9,10,12,18, 24, 25,27, 28
17 17 17 | 1,4,6,13,19,22,25,27, 29,32,
57-bus
36,39, 41, 45,47, 51,54
32 32 32 1 3,7,9,11,12,17, 21, 25, 28, 34,
37,41, 45,49, 53, 56, 62, 63, 68,
118-bus
70,71,76,79, 85, 86, 89, 92, 96,
100, 105,110, 114

4. RESULTS AND DISCUSSION

Different IEEE test systems are used to compare LP
(MLP and SLP) with NLP. These methods are employed
to study five different cases: power flow measurement,
ZIB measurement, PMU failure, lack of communication
facilities, and limited channel capacity. A zero-injection
formulation based on NLP is introduced and tested.
LP is solved with MATLAB’s intlinprog function, while
fmincon is used to solve the NLP. The data for the power
system may be found in [23]. MATLAB optimization
solvers were used to carry out the calculations. The
suggested algorithm’s performance is evaluated in terms
of network size and the CPU time required to obtain the
desired optimum.

The NLP approach achieves two goals: (i) the en-
hancement of observability by minimizing the number
of PMUs; and (ii) increasing measurement redundancy.
A dependable power network necessitates a high level
of measurement redundancy. As a result, the best
outcome will be chosen based on the highest SORIL The
fmincon NLP method is used to optimize the provided
model to obtain the OPP solution. The upper and lower
limits of the decision variables are also provided in the
solver solution. The objective function and observability
restrictions are referred to as m-files by the optimizer
solver. Any point within the bounds [0,1] can be used as
the starting point. bintprog, on the other hand, demands
a realistic starting point to optimize the SLP model.
Therefore, the optimizer solver utilizes the initial default
point if the predefined initial point is not an integer
variable.

To find the optimum of number of PMUs and pace
of convergence, the NLP results are compared to those

Table 3: OPP Solution using the power flow results.

IEEE Test | Branch PMU NLP
System MLP | SLP | NLP | Solution
14-bus 5 3 3 3 11
30-bus 20 5 5 5 6
57-bus 40 6 6 6 5
118-bus 31 24 24 24 5
300-bus 43 81 81 81 4

achieved by the MLP and SLP methods. For each
minimization model, the PMU cost is set at ¢; = 1.

Table 1 compares the proposed approach to MLP
and SLP algorithms employed for typical operating
conditions without considering any contingencies. As
can be observed, all the optimization algorithms provide
the same minimum number of PMUs to enhance the
system’s observability, validating the correctness and
effectiveness of the proposed algorithm. However, the
NLP method can produce more than one solution to the
OPP problem, while the MLP and SLP formulations can
only provide a single solution. Thus, NLP is another
effective algorithm for solving the OPP problem by
obtaining various optimal solutions for selection.

Table 2 illustrates a comparison of the OPP problem
using three algorithms without considering ZIB.

In addition to the above analysis, five cases are
simulated. In the first case, power flow measurement was
analyzed, whereas in the second case, ZIB measurements
were examined. Furthermore, the effect of PMU failure
is considered in the third cases. Finally, the fourth case
addresses the lack of communication facilities, whereas
the fifth case considers the limited channel capacity.

A. Case 1: OPP solution using power flow measure-
ments

The placement problem is resolved with additional
constraints such as power flow measurements. The
IEEE 14-, 30-, 57-, 118-, and 300-bus systems are used
in the simulations. Table 3 presents a comparison of the
power flow case results using three different algorithms.

B. Case 2: OPP solution by considering ZIB

ZIB is used as an additional constraint. The simulation
is performed on the standard 14-, 30-, 57, 118-, and 300-
bus systems with ZIB. Table 4 illustrates the location of
ZIB, while the case results are presented in Table 5.

C. Case 3: PMU failure

An OPP technique can be adjusted to be resilient
enough to maintain or enhance the system’s observabil-
ity in the event of PMU failure. In addition, an appro-
priate backup set for the PMUs is used to improve the
accuracy of measurements in the event of a breakdown.
The NLP results are comparable to the MLP and SLP
model’s single-PMU outage situation, as illustrated in
Table 6.
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Table 4: Location of ZIB.

IEEE Test | Location of ZIB

System

14-bus 7

30-bus 11,28,6,25,9

57-bus 4,21,11,7,22, 26, 24,39, 36, 34,
37,48, 45, 40,46

118-bus 64,9,5,38,30,81,37,63,71, 68

300-bus 58,17,294, 233,256

Table 5: ZIB results.

IEEE Test | ZIB PMU NLP
System MLP [ SLP | NLP | Solution
14-bus 1 3 3 3 1
30-bus 6 7 7 7 3
57-bus 15 11 11 11 6
118-bus 10 28 28 28 4
300-bus 5 82 82 82 2
Table 6: PMU failure results.
IEEE Test PMU NLP
System MLP [ SLP | NLP | Solution
14-bus 9 9 9 4
30-bus 21 21 21 4
57-bus 35 35 35 3
118-bus 75 75 75 2
300-bus 221 221 221 2

Table 7: Location under a lack of communication facilities.

IEEE Test | Branch PMU NLP
System MLP [ SLP | NLP | Solution
14-bus 5 3 3 3 11
30-bus 20 5 5 5 6
57-bus 40 6 6 6 5
118-bus 31 24 24 24 5
300-bus 43 81 81 81 4

D. Case 4: Lack of communication facilities

The placement site of PMUs is also affected by the
lack of communication facilities and their cost [28]. This
example extends the modeling to account for limited
communication facilities being available in power net-
work substations. The NLP algorithm is used in this
study to calculate the restricted communication problems
of PMU placement. The results of the simulation
on different IEEE test bus systems are summarized in
Table 7.

E. Case 5: Limited channel capacity

The required number of PMUs and their effect on
channel capacity in suitable locations are studied here.

Table 8: Location under limited channel capacity.

IEEE Test | Channels PMU NLP
System MLP | SLP | NLP | Solution
14-bus 3 4 4 4 1
30-bus 4 10 10 10 2
57-bus 5 17 17 17 4
118-bus 6 32 32 32 3
300-bus 7 87 87 87 3

Table 9: Comparison of the time required by the CPU.

Case Type IEEE Test CPU Time (s)
System MLP | SLP | NLP
14-bus 0.0313 0.0571 0.1563
30-bus 0.0386 0.0632 0.7535
None 57-bus 0.0469 0.0824 0.9375
118-bus 0.0781 0.0954 9.9063
300-bus 0.0821 0.0988 42.7654
14-bus 0.0313 0.0451 0.0781
Power flow 30-bus 0.0386 | 0.1725 0.2871
measurement 57-bus 0.0469 0.2387 0.4844
118-bus 0.0625 0.8764 6.7500
300-bus 0.0824 | 0.9541 41.2354
14-bus 0.0313 0.0571 0.0781
Limited 30-bus 0.0386 0.0632 0.2871
communication 57-bus 0.0469 | 0.0824 0.6406
118-bus 0.0625 0.0954 6.3906
300-bus 0.0824 | 0.0954 | 41.2466
14-bus 0.0313 0.0571 0.0938
Limited 30-bus 0.0386 0.0722 3.2589
channel capacity | 57-bus 0.0469 | 0.0823 | 13.2188
118-bus 0.0781 0.1254 | 25.6875
300-bus 0.0854 | 0.0571 43.2276
14-bus 0.0313 0.0571 0.0781
30-bus 0.0386 0.0632 0.4573
PMU failure 57-bus 0.0479 | 0.0824 0.8438
118-bus 0.0635 0.2931 6.7969
300-bus 0.0854 0.4256 44.2876
14-bus 0.0313 0.0571 0.0938
30-bus 0.0386 0.0632 0.4573
ZIB 57-bus 0.0479 0.0824 0.8423
118-bus 0.0743 0.0954 6.7969
300-bus 0.1824 0.9541 58.2466

For example, let us assume that the channel capacity
for the installation of PMUs is equal to 3. The results
are presented in Table 8, and the CPU time required to
compute the OPP problem for different IEEE bus test
systems in Table 9.

The nonlinear constraint tolerance can be varied from
107 to 107'? to get the least number of PMUs. From
Table 1, it is evident that NLP obtains the least number
of PMUs, which is the same as MLP and SLP. NLP can
also provide several solutions to the OPP problem. One
of the NLP optimal sets matches the MLP solution. On
the other hand, the computational time of the MLP is less
than the NLP. Table 9 presents the average CPU time for
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Table 10: Comparison of ZIB results with the proposed MLP, SLP, and NLP.

IEEE Test | SA | IPL | PSO | GA ILP TS | NLP | MLP | SLP | NLP
System [11 | 6] | [15] | [16] | [22],[30] | [24] | [29]

14-bus 3 3 3 3 3 3 3 3 3 3
30-bus 8 - 7 7 7 10 7 7 7 7
57-bus 1| 12 | 1 12 11 13 11 11 13 11
118-bus 29 | 29 | 28 29 28 - 28 28 29 | 28

MLP, SLP, and NLP on different IEEE systems.

From Tables 3 and 5, it can be observed that the
number of PMUs in these methods is reduced to less
than the general case due to the measurement of power
flow and zero-injection, respectively. On the contrary,
the restricted communication and PMU failure cases
result in more PMUs, as shown in Tables 6 and 7. A
backup set is generated for the single-PMU failure case,
which would increase the PMU installation cost. It
should be noted that the number of PMUs would be
reduced if power flow and zero injections are considered.
To validate the effectiveness of the NLP zero-injection
formulation, a comparison of several algorithms’ results
for zero-injection case is presented in Table 10.

5. CONCLUSION

The OPP problem is addressed using various algo-
rithms to improve the observability of the SG model.
To address the placement problem, the observability
of MLP, SLP, and NLP formulations is proven. In
contrast to the LP method, NLP has the advantage of
presenting numerous optimal solutions. Furthermore,
NLP, MLP, and SLP require less CPU time to execute the
designed algorithm than NLP. To solve the redundancy
and optimal difficulties, the NLP is considered with
the ZIB measurement. Furthermore, NLP is examined
using five different cases: power flow measurement,
ZIB measurement, PMU failure, lack of communication
facilities, and limited channel capacity.
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