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Abstract——This work presents a new topological observability 
algorithm to strengthen the performance of the hybrid power 
system static state estimation, assuming that the supervisory 
control and data acquisition (SCADA) and　phasor measurement 
unit (PMU) measurements are recorded at the same time inter‐
vals. The observability of each estimated state variable is as‐
sessed by the value assigned to its least local redundancy index. 
The algorithm has been specifically developed to enhance the 
observability of an existing wide-area monitored system and ex‐
empts its expansion from critical sets and critical measure‐
ments. These objectives are achieved by building the incidence 
matrices of the measurements for the nodes and branches. The 
performance of the proposed algorithm is evaluated using the 
IEEE test systems and the SIN test systems of Brazilian equiva‐
lent systems.

Index Terms——Power system, static state estimation, least lo‐
cal redundancy index, observability.

I. INTRODUCTION

LOCAL observability assessment is important in building 
a reliable database. It involves determining the observ‐

ability of individual buses in a power system, which is cru‐
cial to estimate the operating conditions of a power system 
accurately. As an open problem, many proposals on the ob‐
servability problem that aim at several goals can be found in 
recent research works [1] - [6], to name a few. Although the 
proposals in [4] and [7] consider the local observability re‐
dundancy index, the latter is conceptually different from the 
definition presented in this work.

A hybrid observability analysis can be addressed in two 
ways. The first way concerns the applied algorithms, that is, 
topological, numerical, algebraic, or hybrid algorithms [8] -
[11]. In contrast, the second way refers to its ability to deal 
with measurements provided by the supervisory control and 

data acquisition (SCADA) or information based on phasor 
measurement units (PMUs) fed by the wide-area measure‐
ment system (WAMS).

In this work, the proposed algorithm is hybrid in both 
ways, which is based on topological and algebraic algo‐
rithms. It also deals with measurements provided by SCA‐
DA and PMU, considering that both measurement channels 
are recorded at the same time intervals. Although the PMU 
placement is a critical issue demanded by several applica‐
tions [2], [5], [7] - [10], [12], [13], in this work, the PMUs 
throughout the system have been placed anywhere, because 
at the state variable level, it does not matter which telemetry 
channels the measurements come from. Moreover, the algo‐
rithm can be used online to identify the observability status 
of each bus after a contingency from failures in one or both 
telemetry channels. The computational time for doing this 
task is consistent with real-time requirements.

In the literature, one can find several studies for analysis 
and restoration of algebraic observability that are based on 
both the gain matrix [14] and the Gram matrix [15] - [17]. 
The algebraic observability analysis algorithm used in this 
work is based on that in [18], whose motivation is ease of 
implementation and low computational cost because the inci‐
dence matrices are all unimodular. Let us recall that a uni‐
modular matrix is a square integer matrix with determinant 1 
or -1; it is invertible. The method proposed in [18] allows 
us to analyze the algebraic observability of a power system 
using a set of measurements following the occurrence of con‐
tingencies in the communication network that causes chang‐
es in the topology of the monitored power system. Note that 
if a monitored system is algebraically observable, it ensures 
that the system is topologically observable [19]; but the con‐
verse is not generally true. However, the new topological ob‐
servability algorithm is based on the least local redundancy 
index, which mitigates the risk of algebraic observability 
loss. Thus, the necessary and sufficient condition for a moni‐
toring system to be algebraically observable is the existence 
of an observable spanning tree (OST).

The main contribution of this paper lies in developing a 
new topological observability algorithm to evaluate the moni‐
tored power system based on an assigned local redundancy 
index for each state variable as defined in [20]. The method‐
ology is to build a measurement digraph from the redundant 
measurement placement used to monitor the system. This 
task is performed using the complex number formulation of 
the state estimator because the sparsity pattern of the resul‐
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tant incidence matrix, which is constructed by mirroring (du‐
plicating) its columns, is equivalent to that of the Jacobian 
matrix in the complex domain [21].

Furthermore, the creation of the OST for power systems is 
built in two steps. The first step is to obtain a minimum 
spanning tree, considering the digraphs of measurements 
used for monitoring the systems. Two algorithms can be 
used: Prim [22] and Kruskal [23]. The standard method 
(dense) uses the Prim algorithm that starts from an initial 
vertex, traversing the adjacent vertices and choosing the ver‐
tex connected by the arc of the most negligible weight, thus 
generating a minimal spanning tree to the weights of each 
arc. On the other hand, the sparse method is based on the 
Kruskal algorithm, which performs an ascending sort of the 
weights of each arc, sequentially adding such arcs to the 
minimum spanning tree as long as they do not form a loop 
with the previous tree. In this way, a minimal spanning tree 
with N vertices and N - 1 arcs is guaranteed. To this end, the 
single measurements for spanning tree (SMST) algorithm is 
developed and applied to choose different measurements 
stemming from each arc of the spanning tree, avoiding the 
repetition of existing measurements in the critical set.

To ensure the local observability regarding each state vari‐
able to be estimated, an assigned number of measurements 
in the fundamental set (columns of Jacobian matrix) is guar‐
anteed through the assignment of weighted arcs concerning 
the following sequence of measurements: active power flow, 
active power injection, and voltage angle measurements for 
the P - δ spanning tree. Analogously, for the Q - V spanning 
tree, reactive power flow, reactive power injection, and volt‐
age magnitude measurements are assigned to each fundamen‐
tal set. In addition to being useful for evaluating local ob‐
servability, the proposed methodology is helpful to study the 
expansion of monitoring systems free of critical sets of mea‐
surements.

This paper is organized as follows. Section II describes 
the core of the contribution proposed in this work: the new 
topological observability algorithm. Section III presents the 
numerical applications of IEEE test systems and the SIN test 
systems of of Brazilian equivalent systems. Section IV sum‐
marizes the main results and conclusions and outlines future 
investigations.

II. NEW TOPOLOGICAL OBSERVABILITY ALGORITHM 

In the literature, two classes of algorithms are aimed at an‐
alyzing the system observability. The first class is based on 
algebraic observability analysis; and the second uses graph 
theory and is called topological observability analysis. In 
this work, we develop a new topological observability algo‐
rithm based on an assigned local redundancy index of mea‐
surements around each state variable. Regardless of which te‐
lemetry channel provides the set of measurements, i.e., SCA‐
DA or WAMS, the topological observability analysis is per‐
formed considering an assigned value for the least local re‐
dundancy index.

The developed algorithm can be used to achieve two ob‐
jectives. The first objective is to evaluate an existing set of 
measurements. All critical sets and measurements are found 
if they exist, including observable islands in the monitored 

system. The second objective is to obtain a new placement 
of measurements based on an assigned local redundancy in‐
dex around each state variable [20]. To this end, the mea‐
surements used to monitor the system are split into the P - δ 
and Q - V sub-problems. In the sequel, the incidence matrices 
[18] for each sub-problem are built using the topology of a 
network system and its power flow solution. The proposed 
algorithm builds the set of P - δ and Q - V measurements ex‐
empted from the critical sets and critical measurements 
based on the full incidence matrices and the assigned local 
redundancy index.

A. Local Redundancy Index

Identifying weaknesses in the monitored system is carried 
out for each estimated state variable. This task is performed 
by analyzing the columns of the incidence matrix W0 for the 
P - δ and Q - V sub-problems W0P - δ and W0Q - V, respectively. 
The framework of these matrices is the same as the Jacobian 
matrix presented in [21]. The columns of the incidence matri‐
ces are referred to as the “fundamental set of measure‐
ments”. These measurements play a crucial role in estimat‐
ing the corresponding state variable. It is important to note 
that any measurement may be shared among fundamental 
sets, such as active and reactive power injection and voltage 
phase angle measurements.

The “fundamental set” concept was introduced in power 
system static state estimation by [24]. It is based on defining 
a maximum fraction of measurements contaminated by gross 
error. This concept ensures that the number of measurements 
with gross errors in each fundamental set does not violate 
the constraint given by:

fjmax £
é

ê
êêêê

ù

ú
úúúú

mj - 1

2
(1)

where mj is the local redundancy index and is equal to the 
number of measurements of the j th fundamental set Zj; and 
the operator é ù×  denotes the integer part of its argument. 
Therefore, the state estimator can produce valid estimates if 
the constraint expressed in (1) is not violated. Consequently, 
let us consider that each state variable is estimated at least 
by an assigned minimum number of measurements, i.e., mj ³
ηtarget. For instance, if ηtarget = 3 or 4, only one gross error in 
the fundamental set is possible. Otherwise, the correspond‐
ing estimated state and neighbor state variables might be un‐
acceptable. Hence, ηtarget can now be defined as being the 
least local redundancy index, that is, the smallest number of 
measurements in any fundamental set that allows the state es‐
timator to produce valid estimates since the constraint estab‐
lished in (1) is satisfied. Indeed, assigning sufficient measure‐
ments to each node in incidence matrices of P - δ and Q - V 
sub-problems WP - δ and WQ - V, which are used to construct the 
Jacobian matrix, ensures that the local measurement redundan‐
cy for estimating each state variable is adequate to allow an al‐
gorithm to effectively perform bad data detection and identifi‐
cation, i. e., detecting, identifying, down-weighting its impact 
on estimates, or even recovering it as a pseudo measurement.

In the sequel, Fig. 1 displays the flowchart, and Algorithm 
1 shows the pseudo-code for new topological observability 
algorithm aimed at building a reliable database. 
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As an example of application, the performance of the pro‐
posed algorithm is used in the simulations carried out and 
presented in [21] to assess the performance of hybrid power 
system static state estimation.

B. Incidence Matrices for P - δ and Q - V Sub-problems

To show how the proposed algorithm works, let us first 
consider a small example system, as shown in Fig. 2, where  
t and u represent the active and reactive power flow mea‐
surements, respectively; P and Q are the active and reactive 
power injections, respectively; and V̇ is the voltage phasor 
measurement. Hence, the full incidence matrices of measure‐
ments to nodes regarding the P - δ and Q - V sub-problems can 
be known, as shown in the sequence [18]. Notice that in the P -
δ sub-problem (2), the voltage phase angle measurement fol‐
lows the same rule of active power injection, while in the Q - V 
sub-problem (3), the node 0 refers to the ground potential.
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where tij (ij = 123 and i ¹ j) denotes the active power flow 
measurement between nodes i and j; δi (i = 123) denotes 
the voltage phase angle of node i; and Pi (i = 123) denotes 
the active power of node i.

W0Q - V =
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Fig. 2.　Single-line diagram of 3-bus system.

Start

Inputting data reading: power flow report bus and branch data

Assembling the incidence matrices W0 for P-δ and Q-V 
sub-problems. Local redundancy must be assigned, e.g.,

 ηtarget=3

Checking for the existence of critical measurements and 
critical sets of measurements via W0 column analysis

Removing any column of W0 for the construction of 
WP-δ�and WQ-V

det (W0'W0)=0?

Obtaining 
selective 

relocation of
 measurements:
 restoration of

 algebraic 
observability

N
Building P-δ and Q-V measurement digraphs based on

 WP-δ�and WQ-V, respectively

Creating the minimum spanning trees based on Prim and
 Kruskal algorithms, which make use of the weights extracted
 from the incidence matrices for P-δ and Q-V sub-problems

Carrying out the single measurement spanning tree (SMST) 
algorithm to avoid the repetition of measurements, aiming

the OST for P-δ and Q-V sub-problems

Carrying out the hybrid measurement simulator 
(Hybrid-MeasureSim) by adding white noise in the values

 provided by the power flow solution. At this stage, bad data 
can be included in the simulations

Gathering all required information into the input file for
 carrying out the hybrid power system state estimation in

 the sequence [21]

End

Y

Fig. 1.　Flowchart for real-time algorithm execution.

Algorithm 1: new topological observability algorithm

Input power flow data
Construct W0P - δ and W0Q - V

Set ηtarget

for i = 12ncolumns of W0P - δ and W0Q - V do
    Choose ηtarget measurements for each column of W0P - δ and W0Q - V origi‐

nating WP - δ and WQ - V

end for
for i = 12ncolumns of WP - δ and WQ - V do
    W1P - δ¬ remove the ith column of WP - δ

    W1Q - V¬ remove the ith column of WQ - V

    if det(W1P - δ W
T

1P - δ )= 0 or det(W1Q - V W1Q - V )= 0 then
        System is not algebraically observable (relocation of measurements)
        Break
    else
        Continue
    end if
    For each ith column of WP - δ and WQ - V , the local redundancy index and 

the existence of critical sets and measurements are verified
end for
Construct measurement digraphs based on WP - δ and WQ - V

Generate a minimum spanning tree applying Prim or Kruskal algorithms 
to measurement digraphs considering the weights extracted from inci‐
dence matrices

for i = 12narcs of each minimum spanning tree do
    Choose one measurement to represent the arc based on the weights of   
        each possible measurement for that arc
    Exclude this measurement from all possible sets of measurements
end for
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where |Vi| (i = 123) denotes the magnitude of the voltage at 
node i; uij (ij = 123 and i ¹ j) denotes the reactive power 
flow measurement between nodes i and j; and Qi (i =1, 2, 3) 
denotes the reactive power of node i.

Additionally, in the above incidence matrices, i.e., (2) and 
(3), the positive values represent the emission degrees of the 
corresponding vertex in the P - δ and Q - V plans of measure‐
ments to be built hereafter.

Note that in (2), each fundamental set of measurements is 
of the same size, i.e., mj = 10. Whereas in (3), except for the 
node representative of the ground potential where mj = 3, 
which is equal to ηtarget, the size of the remaining fundamen‐
tal sets is mj = 8.

Note that the algebraic observability makes use of the prop‐
erty present in the Gram matrix, G(W )=det |W TW|, as follows.

{det |W TW| ¹ 0 network is observable
otherwise network is not observable

(4)

Note that the incidence matrix W of measurements to the  
nodes is also a function of two other incidence matrices given 
by (5). M and A for the foregoing sub-problems are defined 
as [18]:

W =MAT (5)

1)　M: Incidence Matrix of Measurements to Network 
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2)　A: Incidence Matrix of Nodes to Network Branches

A0P - δ =
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The primary motivation for using the above incidence ma‐
trices is that both of them are unimodular arrays. They are 
matrices made up of integers or multiples equal to 1, -1, 
and 0. In addition, they are sparse matrices that are easy to 
build and do not suffer from numerical instability.

Now, let us find the set of measurements for the P - δ and 
Q - V sub-problems exempt from critical sets and critical 
measurements, including an assigned local redundancy in‐
dex. The criterion for choosing the local redundancy index is 
explained next.

C. Building Full Measurement Plans for P - δ and Q - V

Obtaining the P - δ and Q - V sets of measurements is done 
independently. In this sense, the starting node (fundamental 
set) may be random, including choosing ηtarget measurements 
among mj = 10 measurements available in the P - δ incidence 
matrix. The same reasoning may be applied to the Q - V inci‐
dence matrix, where mj = 8.

After the first one has been analyzed, the processing of 
each fundamental set of measurements must obey the follow‐
ing necessary rule: whatever the ηtarget measurements are cho‐
sen in the first fundamental set, if any other fundamental set 
either totally or partially shares them, they have to be taken 
into account with respect to the assigned least local redun‐
dancy index, e.g., ηtarget = 3.

Before continuing, it is worth remembering that in graph 
theory, a graph is termed a digraph when the edges are di‐
rected, which in turn is termed as arc [25]. This representa‐
tion allows us to identify the emitter and receiver vertices, 
which are directly in line with the measurement placement 
of power flow, injected power, voltage phase angle, and volt‐
age magnitude. Based on that, the digraph generated for 
each measurement placement can be obtained from the analy‐
sis of the matrices defined in (2) and (3). For this, consider 
a graph Gr = [ -a  -b ], where -a and -b are the vectors with the 
emitter and receiver vertices that form the arcs of the di‐
graph, respectively. The logic elaborated for the creation of 
the digraphs from the incidence matrices W0 obeys the as‐
sembly rules of the vectors as follows.

1) Each bus in the electrical network corresponds to a ver‐
tex in the digraph of measurements.

2) For power flow measurements from buses k to m, the 
sender vertex is k and the receiver vertex is m. For the re‐
verse power flow measurements, the sender vertex is m, and 
the receiver vertex is k.
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3) For power injection measurements on the k th bus, the 
positive value of the row relative to that measurement indi‐
cates the number of repetitions of the emitter vertex k, and 
the columns of the other non-zero elements of that row indi‐
cate the respective receiver vertices.

4) For the angular state measurements, the rule is the 
same as applied for power injection measurements.

5) For voltage magnitude measurements on the k th bus, 
the emitter vertex is k, and the receiver vertex is 0.

Consequently, the full digraphs for P - δ and Q - V sub-
problems can be obtained, yielding:
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In the above equation, we recall the positive impact of 
measurements of the angular state in the P - δ sub-problem. 
In the Q - V sub-problem, the number of voltage magnitude 
measurements ensures the vertex representative of the 
ground potential observability. Figures 3 and 4 show the full 
measurement plans for the P - δ and Q - V sub-problems, re‐
spectively. However, the corresponding measurement di‐
graphs of P - δ and Q - V sub-problems, considering ηtarget = 3, 
are shown in Figs. 5 and 6, respectively. It can be observed 
that for each vertex in Figs. 5 and 6, there are at least ηtarget =
3 different measurements.

D. OST for P - δ and Q - V Sub-problems

The search for an OST for the P - δ and Q - V sub-prob‐
lems is done by making use of three algorithms, i. e., Prim 
[22], Kruskal [23], and SMST. The Prim and Kruskal algo‐
rithms search for the minimum spanning tree, whereas the 
SMST algorithm finds the OST for the P - δ and Q - V sub-
problems.

Prim algorithm (dense) starts from a random initial vertex 
connected by the arc of the most negligible weight, thus gen‐
erating a minimal spanning tree about the weights of each 
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Fig. 4.　Full measurement plan for Q - V sub-problem.
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Fig. 5.　Measurement digraphs of P - δ sub-problem considering ηtarget = 3.
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Fig. 3.　Full measurement plan for P - δ sub-problem.
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arc. Recall that the positive value at each row in the inci‐
dence matrices of the measurements for the network nodes 
in (2) and (3) represents the number of arcs emitted from 
the node (emission degree) due to the corresponding mea‐
surement, hence, each emission degree in (2) and (3) is used 
as the weight assigned to the arcs referred to each measure‐
ment in the spanning tree. For instance, the weight assigned 
to each power flow measurement is 1. In contrast, the 
weight is usually 2 or more for power injection, depending 
on the number of incident branches converging toward the 
node where the power injection is measured. Furthermore, 
since the measurement of the angular state follows the same 
rule as applied to power injection, a first consideration in 
the construction of the spanning tree, since it is a measure‐
ment of the variable state, is to take its weight as a fraction 
of the actual weight, e. g., 90%. This strategy reduces its 
weight to less than the weight of the power injection mea‐
surement.

On the other hand, the sparse method is based on Kruskal 
algorithm, which performs an ascending sort of weights for 
each arc, sequentially adding such arcs to the minimum span‐
ning tree as long as they do not form a loop with the previ‐
ous tree.

At this stage, the SMST is carried out to obtain the OST 
once it avoids the loop formation and ensures different mea‐
surements in the minimum spanning tree. For example, Ta‐
bles I and II present the OST obtained for the P - δ and Q - V 
sub-problems based on the Prim and Kruskal algorithms 
[22], [23] under the supervision of SMST algorithm, respec‐
tively. Note that the weight for each measurement is indicat‐
ed by appending (1) and (2) to the arc specification.

Recall that the chosen measurements for the composition 
of OST are selected following the ascending order of the 
weight assigned to each type of measurement under the su‐

pervision of SMST algorithm. For instance, for the P - δ sub-
problem, the order is power flow → angular state measure‐
ments →power injection measurements. In contrast, for the 
Q - V sub-problem, the order is voltage magnitude measure‐
ment → power flow → power injection measurements.

Note that in Figs. 7 and 8, all vertices are connected to 
each other. Otherwise, the corresponding measurement place‐
ment is not topologically observable.

III. NUMERICAL APPLICATIONS

This section presents the main network features and the 
monitored quantities for the larger-scale systems used in the 
simulations. The SMST algorithm was developed in MAT‐
LAB using sparsity techniques and performed on an Intel(R) 
Core(TM) i7-10510U CPU (@ 1.80 GHz, up to 2.30 GHz), 16 
GB RAM, and 64-bit operating system. Table III depicts the 
power flow parameters for IEEE and SIN test systems, 
where NPV is the number of P - V buses; NPQ is the number 
of P - Q buses; CVr is the complex-valued Jacobian matrix 
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3

0

u1-3

Q3

V3-0

Q3

u3-2 V2-0

u1-2
u2-1

V1-0

Fig. 6.　Measurement digraphs of Q - V sub-problem considering ηtarget = 3.
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  0 u1-2

u1-3

V2-0

Fig. 8.　OST for Q - V sub-problem.

TABLE II
OST OBTAINED FOR Q - V SUB-PROBLEM

Spanning tree arc

1-2

1-3

1-0

2-0

3-0

Set of measurement

u1 - 2 (1)

u2 - 1 (1)

u1 - 3 (1)

Q3 (2)

V1 - 0 (1)

V2 - 0 (1)

V3 - 0 (1)

Randomly chosen measurement

u1 - 2

u1 - 3

V2 - 0

TABLE I
OST OBTAINED FOR P - δ SUB-PROBLEM

Spanning tree arc

1-2

1-3

Set of measurement

t1 - 2 (1), t2 - 1 (1), P2 (2)

t1 - 3 (1), t3 - 1 (1)

Randomly chosen measurement

t1 - 2

t1 - 3

1

2

3

t1-3

t1-2

Fig. 7.　OST for P - δ sub-problem.
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in rectangular coordinates and its dimension 
n = 2(NPV +NPQ );  and  RVp is the real-valued Jacobian matrix 
in polar coordinates and its dimension n =NPV + 2NPQ. In con‐
trast, Table IV presents the SMST performance considering 
several scenarios of measurements provided by the SCADA 
and PMUs. 

When measurement noise is present in SCADA or PMUs, 
the impact of SMST performance is described in [21], in 
which results are obtained under various scenarios, assuming 
ηtarget = 3. Furthermore, Figs. 9-12 show the comparative per‐
formance of the SMST algorithm for the most representative 
test systems considering different least local redundancy indi‐
ces of measurements, e.g., ηtarget = 3 and ηtarget = 5, in P - δ and 

Q - V sub-problems. The least local redundancy index of the 
measurements has a low impact on SMST performance. 
Still, it positively impacts the robustness of a highly robust 
state estimator, as it can handle two bad data if ηtarget = 5 is 
assigned to each fundamental set.

On the other hand, the measurement digraphs and OSTs 
for the P - δ and Q - V sub-problems for larger-scale systems, 
considering ηtarget = 3, are shown in Supplementary Material 
A Figs. SA1 and SA2 and in Figs. 13 and 14, respectively. 
Note that in both digraphs of measurements, the vertices 
show up with at least three (ηtarget = 3) arcs converging to 
them, e.g., vertices #33 and #35, among others. Furthermore, 
for much larger-scale systems, the following functionality is 
useful to see the overall local redundancy for the P - δ and 
Q - V sub-problems, as shown in Figs. 15 and 16, respective‐
ly. Note that the IEEE 57-bus test system is chosen for illus‐
tration since much larger-scale systems cause visual pollu‐
tion in the pictures due to the density of digraph connections.
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Fig. 9.　P - δ sub-problem considering ηtarget = 3 under SIN test systems.
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0.0962
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Fig. 10.　P - δ sub-problem considering ηtarget = 5 under SIN test systems.

TABLE IV
SMST PERFORMANCE CONSIDERING ηtarget = 3

Test system

IEEE 
57-bus

SIN-340

SIN-730

SIN-1916

SCADA

Nm

239

185

120

59

-

1427

1067

710

367

-

3417

2559

1720

859

-

8453

6287

4220

2095

-

R (%)

100

75

50

25

0

100

75

50

25

0

100

75

50

25

0

100

75

50

25

0

PMU

Nm

-

27

60

91

121

-

180

359

531

715

-

429

849

1280

1710

-

1083

2117

3180

4228

R (%)

0

25

50

75

100

0

25

50

75

100

0

25

50

75

100

0

25

50

75

100

A (s)

0.0453

0.0484

0.0584

0.0559

0.0504

0.2822

0.3521

0.3355

0.3645

0.3955

0.6898

0.6822

0.7878

0.7727

0.7675

2.4401

1.8205

1.9887

1.9419

1.7991

B (s)

P - δ

0.0132

0.0136

0.0129

0.0122

0.0131

0.1052

0.1797

0.1048

0.1648

0.1664

0.6125

0.3612

0.6269

0.5036

0.4844

1.9982

1.7203

2.1164

2.0569

1.7334

Q - V

0.0126

0.0141

0.0114

0.0126

0.0121

0.1025

0.2564

0.0972

0.1877

0.1838

0.4253

0.3469

0.4538

0.4727

0.4517

1.8671

1.7626

1.9822

1.9009

1.7511

Note: A denotes the total time for searching the critical sets and critical mea‐
surements; B denotes the time for obtaining an OST; Nm denotes the num‐
ber of measurements; and R denotes the percentage of the number of mea‐
surements by the measurement devices in the total number of measurements.

TABLE III
POWER FLOW PARAMETERS FOR IEEE AND SIN TEST SYSTEMS

Test 
system

IEEE 57-
bus

SIN-340

SIN-730

SIN-1916

NPV

6

53

104

163

NPQ

50

287

626

1753

No. of 
transformer

15

82

234

835

No. of transmis‐
sion line and 
shunt device

83

550

1078

3197

n for 
RVp

106

627

1356

3669

n for 
CVr

112

680

1460

3832
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IV. CONCLUSION AND FUTURE INVESTIGATION

This paper presents an algorithm of low computational 
cost for analyzing topological observability based on an as‐
signed local redundancy index. Such features result from uni‐
modular matrices obtained by the topological analysis of the 
network and the established real-time monitoring plan. 
These, known as incidence matrices, are sparse and easy to 
build, and do not have the risk of numerical instability. Fur‐
thermore, these matrices can be easily converted to computa‐
tional applications based on graph theory, encouraging the 
elaboration of measurement digraphs for P - δ and Q - V sub-
problems. 
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Fig. 13.　OST for P - δ sub-problem applied to IEEE 57-bus test system.
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Fig. 14.　OST for Q - V sub-problem applied to IEEE 57-bus test system.
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Moreover, such applications are the basis for searching for 
OSTs, which is a necessary and sufficient condition to en‐
sure topological observability. The Prim and Kruskal algo‐
rithms create spanning trees based on a given measurement 
digraph. A new algorithm is developed to avoid duplicity of 
measurement and loop formation when constructing the span‐
ning tree. Therefore, this algorithm allows the creation of 
OSTs for the P - δ and Q - V sub-problems, avoiding a high 
computational effort since it belongs to a combinatorial prob‐
lem.

Future investigations could involve developing an algo‐
rithm to create a monitoring plan that considers local redun‐
dancy depending on operational requirements. This can be 
done by assigning larger weights to power injection mea‐
surements, e.g., zero injection buses, since this strategy pro‐
vides more arcs in the measurement digraph, ensuring alge‐
braic observability.
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