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ABSTRACT Electrical measurements of smart grids form the backbone of various data driven applications.
Proper analysis of these measurements can result in improved system planning, operation, monitoring and
protection. However, the efficacy of smart grid data mining is highly influenced by the quality of the
data. Hence, quality assessment of smart grid data is essential prior to the usage of the data in various
applications. A fuzzy assessment method is proposed in this paper for assessing quality of multivariate
electrical measurements of smart grids. At first, relevant quality dimensions of smart grid data are identified.
Then, based on certain desirable characteristics, novel membership functions are proposed for assessing
the data quality with respect to each of the considered dimensions. The proposed membership functions
are evaluated on the current and real power measurements obtained from the power flow analysis of the
IEEE 14-bus system. In addition, the proposed method is also implemented on the voltage, current and the
real power measurements obtained from the power flow analysis of an actual 34 node feeder located in
Arizona. The impact of measurement noise is also investigated by polluting the original measurements with
Gaussian noise. It is found that the quality of the noisy measurements worsens with the increase in variance
of the added noise. The proposed method has also been validated on a database containing practical SCADA
and PMU measurements of the Southern Regional Grid of India. It is found that the PMU datasets are
relatively incomplete compared to the SCADA datasets. In addition, the obtained results indicate that PMU
data are suitable for use inmore number of applications compared to the SCADAdatasets. Unlike the existing
methods, the proposed method can be used for quantifying the quality of any smart grid dataset that contains
electrical measurements of multiple power system variables including boolean variables such as circuit
breaker status. Moreover, unlike the existing methods, the proposed method can measure the consistency
among the measurements. In addition, the proposed method is found to be sensitive to the distribution of the
bad measurements in a given database.

INDEX TERMS Data quality, multivariate data, smart grids.

I. INTRODUCTION
Smart grid data are increasingly being used in various data
driven power system applications ranging from power theft
detection [1], harmonic state estimation [2], forced oscillation
source location [3] to transmission line parameters’ estima-
tion [4] and high impedance fault detection in distribution
systems [5]. Electrical measurements of smart grids form the
backbone of a majority of data driven applications. These
measurements often contain important information about the
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state of the grid. As a result, proper analysis of these measure-
ments can lead to better planning, operation, monitoring and
protection of smart grids [6]. However, the outcome of smart
grid data analytics is often influenced by the quality of smart
grid data [7]–[9]. Quality of data can be affected by a number
of factors. Some of the factors that can adversely affect the
quality of electricity consumption data have been presented
in [10]. Poor data quality may limit the usability of the data
in various applications. For example, poor quality PMU data
may inhibit forced oscillation source location in smart grids.
Even distribution system state estimation can be hampered
by poor data quality [11]. Moreover, mining of poor quality
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smart grid data can result in erroneous inferences. Actions
taken based on incorrect inferences can adversely impact
the grid safety and reliability. For example, the value of the
transmission line parameters estimated using poor quality
SCADA data can be significantly different from their true
values. Usage of the erroneous estimates can adversely affect
contingency analysis, short circuit analysis and state estima-
tion. Hence, it is clear from the foregoing discussion that
poor quality of smart grid data can act as a major roadblock
in the path of advanced smart grid data analytics. Unless
smart grid measurements are of sufficiently good quality,
it may not be possible to extract useful information from such
measurements. Hence it is necessary to assess the quality of
the smart grid measurements. Moreover, data quality based
smart grid data analytics are increasingly getting attention
from the research community [12], [13]. Quality assessment
of smart grid data can help to determine the usability of the
data in various applications. Data quality assessment may
also help the utilities in assessing their data management
practices. For example, if the estimated quality of data is
poor, then the utilities can take steps to improve the existing
data management practices. Thus quality assessment of smart
grid data is essential prior to the usage of the data in various
applications.

In computer science and datamining literature, data quality
has been defined as a measure of fitness of data for use in
an application [14], [15]. While a particular dataset may be
useful for a particular application, the same dataset may not
be fit for use in another application. In other words, data
quality is relative and the outcome of data quality assess-
ment may depend on the context. Multiple dimensions have
been defined in [16], [17] for assessing data quality which
makes data quality estimation a multidimensional process.
In addition, [17] has also proposed various metrics for mea-
suring and improving data quality. However, majority of the
metrics proposed in [17] are based on questionnaires and
user surveys. In other words, [16], [17] do not provide any
mathematical approach for assessing data quality. Moreover,
the definition of the quality dimensions proposed in [17]
may not be directly applicable for smart grid data due to the
contextual nature of data quality. Literature [18] has proposed
quality assessment of data based on the subjective percep-
tions of the data users. Reference [19] has shown (by testing
several hypotheses on a set of users) that the characteristics
of the decision maker (or data user) plays a significant role
while assessing data quality in a context. In other words,
different users may rate the same dataset differently. Quality
assessment of linked data has been proposed in [20], [21].
In [20], a goal-question-metric driven approach has been
used where simple ratios have been proposed for measuring
the inherent quality characteristics of linked open datasets.
Quality of a linked dataset is often influenced by the quality
of the dataset to which it is linked. However, the quality
of the linking between datasets has not been considered
in [20]. In smart grids, the electrical measurements may be
linked with each other through system equations. As a result,

quality assessment of smart grid data may require estima-
tion of the consistency among measurements which makes
it difficult to apply the approach of [20] for smart grid data
quality estimation. In [21], several dimensions have been pro-
posed and defined for assessing quality of linked open data.
However, most of the dimensions proposed in [21] overlap
significantly with each other which makes it difficult to pre-
cisely quantify the individual dimensions. Big data quality
assessment has been proposed in [22]. In [22], three data
quality dimensions have been proposed and measured using
simple ratios. Big datasets often suffer from data duplication
and lack of interpretability of the data. However, [22] has not
assessed the duplication and interpretability aspects of big
data. In [23], seven data quality dimensions have been con-
sidered for assessing quality of big data. However, [23] has
not provided mathematical formulation of the considered
quality dimensions. Moreover, [23] has used only a subset of
the data for estimating the quality of the entire dataset which
may lead to flawed quality assessment in some situations.
Reference [24] has proposed quality assessment for IoT data
by considering the physical and the environmental character-
istics of the sensors in addition to the quality dimensions used
in [23]. However, [24] has not shed light on the evaluation of
the sensor characteristics required for assessing data quality.
In addition, [24] has not presented any mathematical formu-
lation for measuring the proposed quality dimensions. A six
step data quality assessment framework has been proposed
in [25] for assessing quality of electronic medical record
data of a group of patients. In [26], an automated framework
has been developed for medical data curation that can detect
outliers and missing values in a database containing records
of various patients. Basically, the framework proposed in [26]
essentially aims at controlling and improving the quality of a
medical database by detecting outliers and incomplete data.
However, the same framework may not be applicable to a
database containing smart grid data. The automated frame-
work in [26] detects outliers by using statistical techniques
like z-score estimate, Grubb’s test and interquartile range.
These techniques consider a datapoint as an outlier if the
datapoint is significantly different from majority of the data.
However, in power system, data that are significantly dif-
ferent may represent data during system disturbances like
faults and hence may not be outliers. Removal of such data
from the database may lead to loss of crucial information
about the system. Hence, the framework proposed in [26]
may not be directly applicable for improving quality of smart
grid data. Moreover, [25] and [26] do not provide any data
quality metrics required for benchmarking acceptable levels
of medical record data. Quality of building footprints data on
OpenStreetMap has been assessed in [27] by comparing the
data with the reference (or standard) building footprints data
in German Authority Topographic–Cartographic Information
System. Several quality indicators of volunteered geographic
information (VGI) data have been proposed in [28]. For accu-
racy assessment of VGI data, VGI data are often compared
against similar reference data (obtained from other sources).

VOLUME 9, 2021 97687



S. Gangopadhyay, S. Das: Fuzzy Theory Based Quality Assessment of Multivariate Electrical Measurements

However, in the area of power systems, such reference data
are usually unavailable which makes it difficult to apply
the quality assessment methods of [27], [28] for assessing
smart grid data quality. Moreover, majority of the VGI data
quality indicators (like population density, population age,
income, social deprivation, contributors’ behaviour and con-
tributors’ education) are not relevant for quality assessment
of smart grid data. Mathematical estimation of data quality
has been proposed in [29] for boolean datasets. However,
electrical measurements of smart grids are not always boolean
(for example, voltage or current measurements). As a result,
the method proposed in [29] may not be applicable for assess-
ing smart grid data quality. Literature [30] and [31] have
proposed quality assessment of sensing data submitted by the
participants participating in crowdsensing tasks. While [30]
proposes employing multiple verifiers for evaluation of a
single submitted task, the method proposed in [31] assesses
the quality of the submitted task by estimating the effort
spent by the participants in completing the assigned tasks.
Literature [30] and [31] have mostly focused on the cor-
rectness of the task submitted by the participants. However,
[30] and [31] have not considered the time taken by the
participants to complete the task. Time taken by the partic-
ipants may impact the quality of the submitted task. In other
words, quality of data may depend on the availability of the
data. Moreover, sensing data are completely different from
multivariate time series data such as electrical measurements
of smart grids. As a result, methods for quality assessment
of sensing data may not be directly applicable to smart grid
data. Thus, outside smart grid literature, there is a lack of data
quality assessment techniques that can be used for assessing
quality of smart grid data. Recently, quality assessment of
smart grid data has been proposed in [32]. In [32], data quality
has been assessed for a system variable (such as bus voltage or
line current) independent of the other variables in a dataset.
However, power system variables are usually correlated as
they are governed by system equations. So, quality of one
variable may also depend on quality of the other variables
in a dataset. In other words, it is essential to measure the
consistency among the measurements contained in a dataset.
However, literature [32] has not considered inter-variable
correlations while assessing data quality. Hence, the formu-
lations presented in [32] may not be directly applicable for
assessing quality of a time series of multivariate electrical
measurements. So there is a need for a data quality assessment
framework for assessing quality of a time series of multivari-
ate electrical measurements of smart grids.

Literature [32] has focused on the quantification of data
quality. Quantification of data quality may be necessary to
understand (or measure) how good or how bad the quality
of a dataset is. In [32], a number is generated to quantify a
dataset’s quality. However, it can be difficult to interpret the
number that characterizes a dataset’s quality. For example,
suppose a dataset is found to have a quality of 0.8. This
number (i.e. 0.8) may not be sufficiently comprehensible to
a system operator (or any other user of the dataset). In other

words, a single number (representing data quality) may not be
helpful to draw conclusions about the quality of the dataset in
hand. In order to have a better understanding of the quality of
a dataset, a fuzzy assessment methodology can be useful in
addressing the aforementioned problem. For example, usage
of linguistic (or fuzzy) labels for assessing data quality (such
as GOOD quality or BAD quality or VERY BAD quality)
may be more comprehensible to a system operator (or any
other user of the dataset). Hence, in this paper, a fuzzy assess-
ment method is proposed for assessing quality of multivariate
electrical measurements of smart grids. At first, relevant qual-
ity dimensions of smart grid data are identified. Then, novel
membership functions are proposed for each quality dimen-
sion based on certain desirable characteristics. The proposed
membership functions are used for measuring the degree of
membership of a smart grid dataset in various fuzzy sets
that represent various quality dimensions of smart grid data.
Based on the value of membership functions, appropriate
fuzzy labels are used for fuzzy assessment of each of the con-
sidered data quality dimensions. The proposed membership
functions can be calculated on any smart grid dataset that
contains electrical measurements of multiple power system
variables. The proposed membership functions are evaluated
on (i) the current and the real power measurements obtained
from power flow analysis of the standard IEEE 14 bus system
and (ii) on the voltage, current and the real power mea-
surements obtained from power flow analysis of an actual
34 node feeder located in Arizona. The impact of measure-
ment noise is also investigated by modifying the original
measurements with zero mean Gaussian noise. The obtained
results show that the quality of the original measurements
is better than that of the noisy measurements. Moreover,
quality of the noisy measurements worsens with the increase
in variance of the added noise. The proposed membership
functions are also used for assessing the quality of practical
SCADA and PMU measurements. The obtained results show
that the PMU datasets are relatively incomplete compared
to the SCADA datasets. The obtained results also show that
the PMU datasets have better usability (or suitability for use)
across a wide variety of applications compared to the SCADA
datasets. In summary, themain contributions of this paper are:
• This paper identifies and quantifies the dimensions that
are relevant for assessment of smart grid data quality.

• Novel membership functions are proposed (based on
certain desirable characteristics) for fuzzy assessment of
quality of multivariate electrical data of smart grids.

• The proposed approach is validated on (i) the measure-
ments obtained from the power flow analysis of the
standard IEEE 14 bus system, (ii) the measurements
obtained from the power flow analysis of an actual
34 node feeder located in Arizona and (iii) the practi-
cal PMU and SCADA measurements of the Southern
Regional Grid of India.

• The impact of measurement noise on the performance of
the proposedmembership functions is investigated using
various case studies.
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• The proposed method is compared with some of the
existing data quality assessment methods.

II. OVERVIEW OF FUZZY ASSESSMENT METHOD
Fuzzy assessment method has been used in a variety of power
system applications including transient stability assessment
of power systems [33]. In this method, linguistic labels
(such as GOOD, VERY GOOD, HIGH, PARTIALLY HIGH,
LOW etc.) are used for assessment of a variable. Usage of
linguistic labels makes the assessment fuzzy. For example,
linguistic labels (such as HOT, VERY HOT, COLD and
VERY COLD) can be used for fuzzy assessment of weather
at a particular place. Suppose an output (or dependent) vari-
able depends on certain input (or independent) variables. So,
assessment of the output variable cannot be made without
assessment of the input variables. As a result, the first step
in fuzzy assessment of an output variable is the fuzzy assess-
ment of the input variables. This step is called fuzzification.
In this step, a crisp input is assigned to various fuzzy sets
with different degree of membership [34], [35]. The degree
of membership of a crisp input in a particular fuzzy set is
measured by the membership function associated with the
set [34], [35]. In other words, every fuzzy set is character-
ized by a membership function that represents the degree
of membership of a crisp input in that particular set. The
output obtained from the fuzzification block basically repre-
sents fuzzy information about the input variables. Based on
the fuzzy information about the input variables, appropriate
linguistic labels can be used for fuzzy assessment of the
input variables. This fuzzy information is then passed through
a fuzzy rulebase. A fuzzy rulebase contains a set of fuzzy
rules. Fuzzy rules are essentially IF-THEN statements that
explicitly define the mapping between the input membership
functions and the output membership functions [34], [35].
In other words, fuzzy rules help to generate the fuzzy infor-
mation about the output variable from the fuzzy information
about the input variables. Once the fuzzy information about
the output variable is obtained, appropriate linguistic labels
can be used for fuzzy assessment of the output variable.
In some situations, a defuzzification block is also used after
the fuzzy information about the output variable is obtained.
The defuzzification block is used to generate a crisp value of
the output variable that best represents the fuzzy information
about the output variable [34], [35]. It is to be noted that
unless a crisp estimation of the output variable is needed,
the defuzzification block may not be required [34], [35].
Moreover, the fuzzy rules are useful only for generating fuzzy
information about the output variable based on the fuzzy
information about the input variables [34], [35]. Since fuzzy
rules explicitly define the mapping between the input and the
output variables, so fuzzy rules are required only for doing
fuzzy assessment of output (or dependent) variable. In other
words, fuzzy rules are not required for fuzzy assessment of
the input (or independent) variables. However, the fuzzifi-
cation block is necessary for fuzzy assessment of an input
variable.

In this paper, eight different data quality dimensions
(or indicators) are considered for assessing quality of a smart
grid dataset. Membership functions are proposed for mea-
suring the degree of membership of a smart grid dataset in
various fuzzy sets that represent various dimensions of data
quality. Based on the value of the membership functions,
appropriate fuzzy labels are used for fuzzy assessment of
each of the considered data quality dimensions. Thus, for a
given smart grid dataset, the membership functions proposed
in this paper essentially help in obtaining fuzzy information
regarding each of the considered data quality dimensions.
This fuzzy information is then used for fuzzy assessment of
quality of a smart grid dataset.

III. PROPOSED FUZZY ASSESSMENT OF DATA QUALITY
In this paper, it is assumed that a smart grid dataset D has
m rows where each row contains measurements of n power
system variables (or attributes) at a particular timestamp.
Hence, each row of D represents multivariate electrical data.
The power system variables (whose measurements are con-
tained inD) may include voltage or frequency measurements
of different buses of a network or current or power flow
measurements in various transmission lines. In this section,
quality of D is assessed by using a novel fuzzy assess-
ment method. At first, it is assumed that the Universe of
Discourse U consists of all possible multivariate electrical
datasets of smart grids. In other words, every smart grid
dataset is a member of U . Then, novel membership func-
tions are proposed and defined over the entire Universe of
Discourse U . For a given smart grid dataset D ∈ U ,
the proposed membership functions are used for measur-
ing the degree of membership of D in various fuzzy sets
that denote various dimensions of smart grid data quality.
Based on the degree of membership of D in the considered
fuzzy sets, appropriate linguistic labels are used for fuzzy
assessment of each of the considered data quality dimen-
sions. The following data quality dimensions are considered
in this paper for quality assessment of a given smart grid
dataset D.
• Completeness
• Accuracy
• Inter-variable Consistency
• Duplication
• Data Measurement Rate
• Amount of Data
• Interpretability
• Availability
Each of the aforementioned data quality dimensions is

considered as an input (or independent) variable in this
paper. It has been mentioned in section II that fuzzy assess-
ment of input variables does not require a fuzzy rulebase
or a defuzzification block. Hence neither fuzzy rules nor
defuzzification is required for fuzzy assessment of each of
the aforementioned data quality dimensions. In this paper,
fuzzy assessment of each of the aforementioned data qual-
ity dimensions is proposed based on the value of the
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membership functions. Detailed description and formulation
of the membership functions are provided in the following
subsections.

A. COMPLETENESS
A row ofD can be called complete if measurement of each of
the n attributes is contained in that row. As a result, D can be
called complete if each of the m rows ofD is complete. Now,
each of the m rows of a given dataset D may not contain the
measurement of all the n attributes. Measurements of some
of the attributes may be missing in a given row. In this paper,
the measurement of an attribute is considered missing if it is
found empty or if the value reported against that attribute is
NULL. Otherwise, the measurement of an attribute is consid-
ered available. Hence, a row having some missing attributes
cannot be called complete. However, such a row can neither
be called incomplete. This is because such a row may contain
measurement of some other attributes. As a result, such a row
is both partially complete and partially incomplete. Suppose
xk represents the number of attributes whose measurements
are contained (or available) in row k∀k ∈ {1, 2, . . . ,m}. Then
xk ∈ {0, 1, 2, . . . , n}. In this section, membership functions
are proposed to represent the degree of membership of a row
ofD in the set of complete and incomplete rows. Suppose the
degree of membership of row k in the set of complete rows is
denoted by C(k) ∀k ∈ {1, . . . ,m}. Then C(k) should satisfy
the following properties.

1) For row k , C(k) = 1 ⇐⇒ xk = n ∀k ∈ {1, 2, . . . ,m}
2) For row k , C(k) = 0 ⇐⇒ xk = 0 ∀k ∈ {1, 2, . . . ,m}
3) Between two rows i and j (where i 6= j), C(i) >

C(j) ⇐⇒ xi > xj

Accordingly, C(k) is given by (1) ∀k ∈ {1, 2, . . . ,m}.

C(k) =
(xk
n

)p
(1)

where p ∈ Z>0 and Z>0 is the set of positive integers. The
degree of membership of row k in the set of incomplete rows
is equal to 1−C(k). Thus the resulting fuzzy sets representing
the set of complete and incomplete rows are {(k,C(k)) ∀k ∈
{1, . . . ,m}} and {(k, 1 − C(k)) ∀k ∈ {1, . . . ,m}}
respectively.

The degree of membership of D in the set of complete
datasets should be influenced by the degree of membership
(in the set of complete rows) of each row of D. Suppose
rc represents the number of rows of D having atleast one
missing attribute each. Suppose there exist two datasets where
each of the datasets has m rows and the same total (or sum)
of the degree of membership of all the rows (in the set of
complete rows). Then, the dataset having a lower value of
rc should be assigned a higher degree of membership (in the
set of complete datasets) than the other. Suppose C(D) and
IC(D) represent the degree of membership of D in the set of
complete and incomplete datasets respectively. Then C(D)

and IC(D) are given by (2) and (3) respectively.

C(D) =
1
2

[{
1
m

m∑
k=1

C(k)

}
−
rc
m
+ 1

]
(2)

IC(D) =
1
2

[{
1
m

m∑
k=1

(1− C(k))

}
+
rc
m

]
(3)

The resulting fuzzy sets representing the set of complete
and incomplete datasets are {(D,C(D)) ∀D ∈ U} and
{(D, IC(D)) ∀D ∈ U} respectively. Both C(D) and IC(D)
can be nonzero for a given dataset D. In such situation,
an appropriate linguistic label can be used to describe the
completeness of D based on the values of C(D) and IC(D).
For example, if C(D) � IC(D), then it can be said that D
has HIGH completeness. Similarly, if C(D) is slightly higher
than IC(D), then it can be said that D has SLIGHTLY HIGH
completeness. On the other hand, if C(D) � IC(D), then it
can be said that D has LOW completeness.

B. ACCURACY
A row of D can be called accurate if measurement of each
of the available attributes (i.e. attributes for which measure-
ment is available) of that row is accurate. Bad data detection
algorithms can be used to determine whether the available
measurements are accurate or not. It is to be noted that a
row may not have the measurements of all the n attributes.
However, a partially incomplete row can also be accurate
if the measurement of each of the available attributes is
accurate. In other words, unavailability of some of the mea-
surements should not influence the degree of accuracy of a
row. Accordingly, D can be called accurate if each of the
m rows of D is accurate. It has been stated earlier that xk
represents the number of attributes whose measurements are
available in row k ∀k ∈ {1, . . . ,m}. Now, each of the xk
measurements available in row k may not be accurate. In such
a situation, row k can neither be called accurate nor be called
inaccurate. In other words, row k is both partially accurate
and partially inaccurate. Suppose yk represents the number of
accurate measurements of row k ∀k ∈ {1, 2, . . . ,m}. Then
yk ∈ {0, 1, 2, . . . , xk}. In this section, membership functions
are proposed to represent the degree of membership of a row
of D in the set of accurate and inaccurate rows. Suppose the
degree of membership of row k in the set of accurate rows is
denoted by A(k) ∀k ∈ {1, . . . ,m}. Then A(k) should satisfy
the following properties.

1) For row k , A(k) = 1 ⇐⇒ yk = xk ∀k ∈ {1, 2, . . . ,m}
2) For row k , A(k) = 0 ⇐⇒ yk = 0 ∀k ∈ {1, 2, . . . ,m}
3) Between two rows i and j (where i 6= j) having xi = xj,

A(i) > A(j) ⇐⇒ yi > yj
4) Between two rows i and j (where i 6= j) having yi = yj,

A(i) > A(j) ⇐⇒ xi < xj
Accordingly, A(k) is given by (4) ∀k ∈ {1, 2, . . . ,m}.

A(k) =
(
yk
xk

)q
(4)
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where q ∈ Z>0. The degree of membership of row k in the
set of inaccurate rows is equal to 1−A(k). Thus the resulting
fuzzy sets representing the set of accurate and inaccurate rows
are {(k,A(k)) ∀k ∈ {1, . . . ,m}} and {(k, 1 − A(k)) ∀k ∈
{1, . . . ,m}} respectively.
The degree of membership of D in the set of accurate

datasets should be influenced by the degree of membership
(in the set of accurate rows) of each row of D. Suppose
ra represents the number of rows of D having atleast one
inaccurate attribute each. Suppose there exist two datasets
where each of the datasets has m rows and the same total
(or sum) of the degree of membership of all the rows
(in the set of accurate rows). Then, the dataset having a
lower value of ra should be assigned a higher degree of
membership (in the set of accurate datasets) than the other.
Suppose A(D) and IA(D) represent the degree of member-
ship of D in the set of accurate and inaccurate datasets
respectively. Then A(D) and IA(D) are given by (5) and (6)
respectively.

A(D) =
1
2

[{
1
m

m∑
k=1

A(k)

}
−
ra
m
+ 1

]
(5)

IA(D) =
1
2

[{
1
m

m∑
k=1

(1− A(k))

}
+
ra
m

]
(6)

The resulting fuzzy sets representing the set of accurate
and inaccurate datasets are {(D,A(D)) ∀D ∈ U} and
{(D, IA(D)) ∀D ∈ U} respectively. Both A(D) and IA(D)
can be nonzero for a given dataset D. In such situation,
an appropriate linguistic label can be used to describe the
accuracy of D based on the values of A(D) and IA(D). For
example, if A(D) � IA(D), then it can be said that D has
HIGH accuracy. On the other hand, if A(D)� IA(D), then it
can be said that D has LOW accuracy.

C. INTER-VARIABLE CONSISTENCY
The measurements (recorded at a given timestamp) corre-
sponding to a set of power system variables (or attributes)
can be called inter-consistent if they satisfy the equations
governing the power system. For example, if a smart grid
dataset contains the line current measurement of various
transmission lines meeting at a node, then inter-variable
consistency among these measurements can be assessed by
using Kirchoff’s Current Law (KCL). It is to be noted that
checking consistency among the power system measure-
ments is different from assessing accuracy of the measure-
ments. Power system measurements can be inter-consistent
even in the presence of bad (or inaccurate) measurements.
Inter-variable consistency only captures whether the mea-
surements of the attributes reported in D satisfy the sys-
tem equations or not. Suppose v1, v2, . . . , vn represent the
n power system attributes whose measurements (at dif-
ferent timestamps) are contained in D. These measure-
ments can be called inter-consistent if they satisfy (7) at

every timestamp.

f1(v1, v2, . . . , vn) = 0

...

fh(v1, v2, . . . , vn) = 0 (7)

Depending on which power system attributes are contained
in D, the number of equations and the exact set of equations
that can be validated may vary. Moreover, for certain network
equations to be validated, the knowledge of the network
topology and the network parameters (like line resistance,
line inductance and shunt capacitance) may be necessary.
Hence, such equations can be a part of (7) if the network
topology or the network parameters are known beforehand.
Suppose the measurements of row k of D produce the values
ek1, . . . , ekh against the functions f1, . . . , fh. Thus the mea-
surements produce an absolute error |ek1| against f1, |ek2|
against f2 and so on. Suppose the degree of membership
of D in the set of datasets having inter-consistent variables
and non-interconsistent variables are denoted by ICo(D) and
NICo(D) respectively. Then ICo(D) should satisfy the fol-
lowing properties.
1) If the absolute error produced by measurements of

row k against the function fj increases, then ICo(D)
should decrease i.e. dICo(D)

d |ekj|
< 0 ∀|ekj| > 0,∀k ∈

{1, . . . ,m},∀j ∈ {1, . . . , h}.
2) For a given set of equations to be validated, a small

absolute error produced by the measurements of a row
against a particular function may be intolerable. How-
ever, a large absolute error against another function
may be tolerable. So, ICo(D) should be influenced by
the weighted sum of absolute errors produced by the
measurements of each row.

3) ICo(D) should asymptotically decrease to zero
with the increase in the weighted sum of abso-
lute errors produced by the measurements of a row.
So ICo(D) ∈ (0, 1].

Accordingly, ICo(D) and NICo(D) are given by (8) and (9)
respectively.

ICo(D) = exp

(
−

1
m

m∑
k=1

wT · ek

)
(8)

NICo(D) = 1− ICo(D) (9)

where

ek =
[
|ek1| |ek2| . . . |ekh|

]T w =
[
w1 w2 . . . wh

]T
In (8), exp is the exponential function, ek refers to the abso-

lute error vector consisting of the absolute errors produced
by measurements of row k against the functions f1, . . . , fh
and w refers to the positive real valued weight vector where
wj represents the weight per unit absolute error produced by
measurements of row k against the function fj ∀j ∈ {1, . . . , h}
and ∀k ∈ {1, . . . ,m}. The resulting fuzzy sets represent-
ing the set of datasets having inter-consistent variables and
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non-interconsistent variables are {(D, ICo(D)) ∀D ∈ U}
and {(D,NICo(D)) ∀D ∈ U} respectively. Both ICo(D) and
NICo(D) can be nonzero for a given dataset D. In such situa-
tion, an appropriate linguistic label can be used to describe the
inter-variable consistency ofD based on the values of ICo(D)
and NICo(D). For example, if ICo(D) � NICo(D), then it
can be said that D has HIGH level of consistency among the
measurements. On the other hand, if ICo(D) � NICo(D),
then it can be said thatD has LOW level of consistency among
the measurements.

D. DUPLICATION
Duplication occurs when same data are stored more than once
in a database. Duplication can occur in two ways.

1) Duplication among attributes: Occurs when one or
more attributes appear more than once in a dataset. This
implies that all the n attributes of D are not distinct.

2) Duplication among data: Occurs when one or more
rows appear more than once in a dataset. This implies
that measurements corresponding to a particular times-
tamp are reported more than once.

Presence of duplication may limit the usability of the data.
Hence data quality can be adversely affected with increasing
duplication. Suppose the degree of membership of D in the
set of datasets having duplicate attributes and non-duplicate
attributes are denoted by AD(D) and NAD(D) respectively.
Suppose the degree of membership ofD in the set of datasets
having duplicate data and non-duplicate data are denoted by
DD(D) and NDD(D) respectively. Then AD(D), NAD(D),
DD(D) and NDD(D) are given by (10), (11), (12) and (13)
respectively.

AD(D) =


0 if nr = 0(
nr
nd

)a (∑nr
k=1 vk
n

)b
if nr 6= 0

(10)

NAD(D) = 1− AD(D) (11)

DD(D) =


0 if mr = 0(
mr
md

)a (∑mr
k=1 wk
m

)b
if mr 6= 0

(12)

NDD(D) = 1− DD(D) (13)

In (10), nd is the number of distinct power system attributes
contained in D. Out of nd attributes, the number of attributes
appearing more than once is nr . The parameter vk is the
number of appearances of the k th repeating attribute and n is
the total number of attributes given by n = nd−nr+

∑nr
k=1 vk .

In (12), md is the number of distinct rows. Out of md rows,
the number of rows appearing more than once ismr . wk is the
number of appearances of the k th repeating row and m is the
total number of rows given by m = md − mr +

∑mr
k=1 wk .

The parameters a and b in (10) and (12) are positive real
numbers that can be adjusted to control the relative influence
of the ratios on the respective functions. The value of a and
b in (10) should neither be too high nor be too low. Since
0 ≤ nr

nd
≤ 1 and 0 ≤

∑nr
k=1 vk
n ≤ 1, so a high value

of a and b (i.e. a � 1 and b � 1) will cause AD(D) to
be negligibly small even when the amount of duplication in
D is appreciable. Similarly, a low value of a and b (i.e. a� 1
and b � 1) will cause AD(D) to be close to 1 (indicating a
high duplication) even when the amount of duplication in D
is small. Similar reasoning applies for (12). From (10), it can
be seen that AD(D) = 1 if there does not exist an attribute
that appears only once. Then, nr = nd and

∑nr
k=1 vk = n.

Similarly from (12), it can be seen that DD(D) = 1 if there
does not exist a single row that appears only once. Then,
mr = md and

∑mr
k=1 wk = m. Both AD(D) and NAD(D) can

be nonzero for a smart grid datasetD. Similarly, both DD(D)
and NDD(D) can be nonzero for a smart grid dataset D. In
such situation, an appropriate linguistic label can be used to
describe the duplication in D based on the values of AD(D),
NAD(D), DD(D) and NDD(D). For example, if AD(D) �
NAD(D), then it can be said that D has a HIGH level of
attribute duplication. Similarly, if DD(D) � NDD(D), then
it can be said that D has a LOW level of data duplication.

E. DATA MEASUREMENT RATE
Various data driven power system studies require data of
different frequencies. For example, transient studies usually
require high frequency data whereas a load flow study need
not require too much data. Thus, a smart grid dataset (con-
taining data sampled at a fixed rate (or frequency)) may not
be suitable for every data driven power system application.
The data sampling rates may also vary across measuring
devices and sensors. Most applications require a minimum
data sampling rate depending on the context. Suppose fd
be the threshold (or minimum) sampling frequency of data
required for an application and fa be the actual sampling
frequency of the data contained in D. Suppose the degree of
membership of D in the set of datasets that are suitable for
use in a given application (with respect to data measurement
rate) is denoted by DR(D). Then DR(D) should satisfy the
following properties.

1) DR(D) = 1 ⇐⇒ fa ≥ fd .
2) If fa is more, then the suitability of D (for use in an

application) cannot be less i.e. dDR(D)
dfa
≥ 0 ∀fa > 0.

3) For fa � fd , a small increase in fa cannot increase
the suitability of D significantly. Similarly, if fa < fd
but very close to fd , then the suitability of D cannot
be significantly less than the case when fa = fd . So,
both for i) fa � fd and ii) fa < fd but very close to fd ,
dDR(D)
dfa
� 1.

Accordingly, DR(D) is given by (14).

DR(D) =


σ

(
fa
fd
− 0.5

)
− σ (−0.5)

σ (0.5)− σ (−0.5)
if 0 ≤

fa
fd
< 1

1 if
fa
fd
≥ 1

(14)
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where σ (x) in (14) is the sigmoid function given by σ (x) =
1

1+ exp(−x)
∀x ∈ R where R is the set of real numbers.

Suppose the degree of membership ofD in the set of datasets
that are not suitable for use in an application (with respect to
data measurement rate) is given by NDR(D). Then NDR(D)
is given by (15).

NDR(D) = 1− DR(D) (15)

F. AMOUNT OF DATA
Amount of data usually represents the volume of data needed
for a given power system study. Amount of data recorded
over a time interval depends on the measurement rate of a
device. For example, suppose measurement rate is 40 mil-
liseconds for PMU data and 1 minute for SCADA data. Then
a PMU dataset containing 12000 seconds of data actually cor-
responds to 300, 000 rows of data whereas a SCADA dataset
containing 12000 seconds of data corresponds to 200 rows
of data only. Most power system studies require a minimum
amount of data depending on the context. Suppose the degree
of membership of D in the set of datasets that are suitable
for use in a given application (with respect to amount of
data) is denoted by AoD(D). Then AoD(D) should satisfy
properties similar to the properties satisfied byDR(D) with fa
replaced by da (the actual number of rows ofD excluding the
duplicate data samples) and fd replaced by dd (the threshold
(or minimum) number of rows required for using D in an
application). So, the function used in (14) can be used as
AoD(D) with fa

fd
replaced by da

dd
. Hence AoD(D) is given

by (16).

AoD(D) =


σ

(
da
dd
− 0.5

)
− σ (−0.5)

σ (0.5)− σ (−0.5)
if 0 ≤

da
dd
< 1

1 if
da
dd
≥ 1

(16)

Suppose the degree of membership of D in the set of
datasets that are not suitable for use in an application (with
respect to amount of data) is given by NAoD(D). Then
NAoD(D) is given by (17).

NAoD(D) = 1− AoD(D) (17)

G. INTERPRETABILITY
A row ofD can be called interpretable if measurement of each
of the available attributes (i.e. attributes for which measure-
ment is available) of that row is interpretable. Ameasurement
(or value) can be called interpretable if it does not contain
any illogical characters that prevent the measurement from
being comprehended. For example, a line current magnitude
of 23@d4 amperes is non-interpretable due to the presence of
the characters ’@’ and ’d’. It is to be noted that a rowmay not
have the measurements of all the n attributes. However, a par-
tially incomplete row can also be interpretable if the mea-
surement of each of the available attributes is interpretable.

In other words, unavailability of some of the measurements
should not influence the degree of interpretability of a row.
Moreover, a measurement that is interpretable may not be
accurate. On the other hand, an accurate measurement must
always be interpretable. Accordingly, D can be called inter-
pretable if each of them rows ofD is interpretable. Each of the
xk measurements available in row k may not be interpretable.
In such a situation, row k can neither be called interpretable
nor be called non-interpretable. In other words, row k is both
partially interpretable and partially non-interpretable. Sup-
pose zk represents the number of interpretable measurements
of row k ∀k ∈ {1, 2, . . . ,m}. Then yk ≤ zk ≤ xk . In this
section, membership functions are proposed to represent the
degree of membership of a row ofD in the set of interpretable
and non-interpretable rows. Suppose the degree of member-
ship of row k in the set of interpretable rows is denoted by
I (k) ∀k ∈ {1, . . . ,m}. Then I (k) should satisfy the following
properties.

1) For row k , I (k) = 1 ⇐⇒ zk = xk ∀k ∈ {1, 2, . . . ,m}
2) For row k , I (k) = 0 ⇐⇒ zk = 0 ∀k ∈ {1, 2, . . . ,m}
3) Between two rows i and j (where i 6= j) having xi = xj,

I (i) > I (j) ⇐⇒ zi > zj
4) Between two rows i and j (where i 6= j) having zi = zj,

I (i) > I (j) ⇐⇒ xi < xj
Accordingly, I (k) is given by (18) ∀k ∈ {1, 2, . . . ,m}.

I (k) =
(
zk
xk

)s
(18)

where s ∈ Z>0. The degree of membership of row k in the
set of non-interpretable rows is equal to 1 − I (k). Thus the
resulting fuzzy sets representing the set of interpretable and
non-interpretable rows are {(k, I (k)) ∀k ∈ {1, . . . ,m}} and
{(k, 1 − I (k)) ∀k ∈ {1, . . . ,m}} respectively. From (4)
and (18), it can be seen that if the value of q is chosen equal
to the value of s, then I (k) ≥ A(k) ∀k ∈ {1, . . . ,m}.
The degree of membership of D in the set of interpretable

datasets should be influenced by the degree of membership
(in the set of interpretable rows) of each row of D. Sup-
pose ri represents the number of rows of D having atleast
one non-interpretable attribute each. Suppose there exist two
datasets where each of the datasets has m rows and the same
total (or sum) of the degree of membership of all the rows
(in the set of interpretable rows). Then, the dataset having a
lower value of ri should be assigned a higher degree of mem-
bership (in the set of interpretable datasets) than the other.
Suppose I (D) andNI (D) represent the degree of membership
of D in the set of interpretable and non-interpretable datasets
respectively. Then I (D) and NI (D) are given by (19) and (20)
respectively.

I (D) =
1
2

[{
1
m

m∑
k=1

I (k)

}
−
ri
m
+ 1

]
(19)

NI (D) =
1
2

[{
1
m

m∑
k=1

(1− I (k))

}
+
ri
m

]
(20)
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The resulting fuzzy sets representing the set of inter-
pretable and non-interpretable datasets are {(D, I (D)) ∀D ∈
U} and {(D,NI (D)) ∀D ∈ U} respectively. Both I (D)
and NI (D) can be nonzero for a given dataset D. In such
situation, appropriate linguistic label can be used to describe
the interpretability ofD. For example, if I (D)� NI (D), then
it can be said that D has HIGH interpretability.

H. AVAILABILITY
Availability of a dataset usually represents the ease of access-
ing the dataset. Suppose a user wants to access dataset D for
using it in an application. The user requests forD at time t =
0 on an online data platform. Suppose tdl and tdel represent
the deadline (i.e. the time within which the user needs access
to D) and the time of delivery of D to the user respectively.
Suppose Av(D) represents the degree of membership of D in
the set of available datasets. Then Av(D) should satisfy the
following properties.

1) Av(D) = 1 ⇐⇒ tdel ≤ tdl
2) If tdel > tdl, then Av(D) < 1.
3) Suppose tdel1 and tdel2 be two delivery time instants

such that tdel2 ≥ tdel1 ≥ tdl. ThenAv(D) cannot bemore
when tdel = tdel2 compared to the case when tdel = tdel1
i.e. dAv(D)

dtdel
< 0 ∀tdel > tdl. Moreover, Av(D) → 0 as

(tdel − tdl)→∞.

Accordingly, Av(D) is proposed in (21).

Av(D) =

1 if tdel ≤ tdl

exp
(
−k

(
1−

tdl
tdel

))
if tdel > tdl

(21)

where k ∈ Z>0. Suppose the degree of membership of D
in the set of unavailable datasets is given by NAv(D). Then
NAv(D) is given by (22).

NAv(D) = 1− Av(D) (22)

Increasing k will significantly reduce the Av(D) even
if tdel is beyond tdl by a small margin. A high value of
k is recommended when even a small delay beyond the
deadline is undesirable. For example, the utility usually
uses consumption data of a block (typically consisting of
15 minutes) to estimate the consumption in the following
block. This information (i.e. the predicted consumption in
the next block) is then passed to the generating stations to
control the generation for the next block. All these activities
should be completed before the onset of the next block.
As a result, the utility should get the consumption data of a
block as quickly as possible so that all other activities can
be completed on time. In such situation, even a small delay
in receiving the consumption data of the current block is
undesirable and can cost the utility a lot. From the foregoing
discussion, it is seen that data availability is a very important
factor for determining the data usability and the data quality.
Unless data are available within the deadline, the usefulness
of the data may reduce significantly.

IV. SUMMARY OF THE PROPOSED METHOD
The working of the proposed data quality assessment method
is summarized in the form of a block diagram as shown
in Fig. 1. For quality assessment of a given smart grid
dataset D, the dataset D is first fuzzified with the help of the
membership functions proposed in section III. The proposed
membership functions represent the degree of membership
of D in various fuzzy sets where each fuzzy set essentially
captures (or represents) a particular data quality dimension.
Based on the value of the membership functions, appropriate
fuzzy labels are then used for fuzzy assessment of each
data quality dimension. In this paper, four fuzzy labels are
considered for quality assessment namelyHIGH, SLIGHTLY
HIGH, SLIGHTLY LOW and LOW. The label HIGH is used
when the value of a membership function (representing a par-
ticular data quality dimension) falls in the interval (0.75,1).
For example, if C(D) > 0.75, then it can be said that
the dataset D has HIGH completeness. Similarly, the label
SLIGHTLYHIGH is used for value of amembership function
belonging to the interval (0.5, 0.75). The labels SLIGHTLY
LOW and LOW are used for value of a membership function
belonging to the interval (0.25, 0.5) and (0, 0.25) respectively.
As shown in Fig. 1, a fuzzy assessment is made for each data
quality dimension by assigning a particular fuzzy label based
on the value of the membership functions associated with the
dimensions. Usage of fuzzy (or linguistic) labels results in
fuzzy assessment of each of the data quality dimensions.

V. RESULTS
In this section, the performance of the proposed membership
functions is demonstrated by evaluating them on (i) the line
current and the real power measurements obtained from the
power flow analysis of the standard IEEE 14 bus system
and (ii) the voltage, line current and the real power measure-
ments obtained from the power flow analysis of an actual
34 node feeder located in Arizona. In addition, the measure-
ments are also polluted with noise to test the sensitivity of the
proposed membership functions. The membership functions
are also used for comparing the quality of practical SCADA
and PMU measurements of the Southern Regional Grid of
India.

A. VALIDATING THE PROPOSED MEMBERSHIP
FUNCTIONS ON IEEE 14 BUS SYSTEM
In this section, the proposed membership functions are eval-
uated on various datasets to assess their quality. At first,
the power flow analysis of the standard IEEE 14 bus system
(shown in Fig. 2) is carried out at two different time instants.
It is assumed that at both the time instants, the system con-
ditions (like the load at each bus, the number of transmission
lines, the number of generators etc.) are identical. Hence the
results obtained from the power flow analysis are identical
at both the time instants. Then at every bus, the real power
generation and the real power load are recorded (at each
of the two time instants). As a result, 28 measurements are
recorded for each time instant. Moreover, the sending end real
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FIGURE 1. Working of the proposed data quality assessment method.

FIGURE 2. IEEE 14 bus test system [36].

power and the receiving end real power are also calculated (at
each of the two time instants) for 20 different transmission
lines in the system. As a result, a total of 40 measurements
are recorded for each time instant. The line current is also
calculated (at each of the two time instants) and recorded
for each of the 20 transmission lines (that are considered for
this study), resulting in 20 current measurements for each
time instant. So, the total number of measurements recorded
(at each time instant) for quality assessment is equal to 88.

So n = 88. Moreover, measurements are recorded corre-
sponding to two different time instants. So m = 2. So in this
section, it is assumed that a dataset contains measurement of
88 power system variables where each variable is measured
at two different time instants. Hence the dataset has 2 rows
where each row has measurement of 88 power system vari-
ables. For validation of the proposed membership functions,
the following cases are considered.
• Case 1: Each row of the dataset contains all the 88 mea-
surements obtained from power flow analysis of the
standard IEEE 14 bus system.

• Case 2: In this case, the 20 line current measurements
are eliminated from the first row only. The remain-
ing measurements are kept unchanged. As a result,
the new dataset contains 68 measurements in first row
and 88 measurements in the second row.

• Case 3: In this case, 10 line current measurements are
eliminated from each of the two rows of the dataset.
The remaining measurements are kept unchanged. As a
result, the new dataset contains 78measurements in each
of the rows.

• Case 4: In this case, each of the 20 line current measure-
ments of the first row is corrupted by adding zero mean
unit variance Gaussian noise. It is to be noted that adding
Gaussian noise does not make the measurements non-
interpretable. However, the rest of the measurements
are kept unchanged (compared to the measurements
contained in dataset of Case 1). As a result, the new
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dataset contains 88measurements in each row. However,
the line current measurements in the first row do not
represent the original line current measurements (i.e. the
line current measurements contained in first row of the
dataset of Case 1).

• Case 5: In this case, 10 line current measurements
are corrupted (by adding Gaussian noise) in both the
rows. However, the rest of the measurements are kept
unchanged (compared to the measurements contained in
dataset of Case 1). As a result, the new dataset contains
88measurements in each row. However, there are 10 line
current measurements in each of the rows that differ
from the original line current measurements (i.e. the line
current measurements contained in dataset of Case 1).

• Case 6: In the first row, the real power generation
data and the real power load data are modified at each
bus. The rest of the measurements are kept unchanged
(compared to the measurements contained in dataset of
Case 1). Moreover, the data modification is carried out
in a way that ensures that the algebraic sum of real power
measurements is equal to zero at every bus.

• Case 7: In this case, each of the 20 line currents (i.e.
the line current measurements contained in dataset of
Case 1) is repeated in a way such that each line current
measurement appears twice in each row of the new
dataset. As a result, the total number of measurements
in each row of the new dataset is 108.

• Case 8: In this case, certain illogical characters
(like ’$’ and ’@’) are incorporated into the value of
each of the 20 transmission line currents of the first row,
making them non-interpretable. However, the remaining
measurements are kept unchanged (compared to the
measurements contained in dataset of Case 1).

• Case 9: In this case, certain illogical characters (like ’$’
and ’@’) are incorporated into the value of 10 trans-
mission line currents in each of the two rows, making
them non-interpretable. However, the remaining mea-
surements are kept unchanged (compared to the mea-
surements contained in dataset of Case 1).

For each of the aforementioned cases, the proposed mem-
bership functions are calculated. For calculating the mem-
bership functions, value of various parameters are required
such as value of p in (1), value of q in (4), value of s in (18)
etc. The choice of the parameters (required for calculating the
membership functions) depends on the context. For example,
suppose, for using a dataset in an application, it is required
that the number of erroneous measurements in the dataset
should be very small. So to assess the quality of dataset
in such a situation, a high value of q should be chosen.
This is because, if the value of A(D) turns out to be high
(i.e. close to 1) even after choosing a high value of q, then
it can be concluded that the dataset has very few erroneous
measurements. However, if a low value of q is used, then
the value of A(D) can still be significantly high even in the
presence of a large number of erroneous measurements. As a
result, the choice of the parameters is highly dependent on

the context. In this paper, the parameter p (in (1)) is taken
as 2. The parameter q (in (4)) is taken as 2. The parameter s
(in (18)) is taken as 2. The parameters a and b (in (10)
and (12)) are taken as 1 and 1 respectively. The weight vector
w in (8) is chosen such that each coordinate is equal to 1. The
obtained results are summarized in Table 1. It is seen from
Table 1 that the value of the proposed membership functions
differs among the nine cases that represent nine different
datasets. This indicates that the nine datasets differ in their
quality.

In Case 1, the dataset contains all the 88 measurements
that are accurate and interpretable. There is no missing
measurement. Moreover, the measurements also satisfy the
system equations which ensures that the measurements are
inter-consistent as well. A total of 34 equations is considered
for checking consistency among the measurements. Out of
the 34 equations, 14 equations are used to check whether
the algebraic sum of the real power measurements (enter-
ing/leaving a particular bus) is zero or not at each of the
14 buses of the system. The remaining 20 equations are used
to check whether the difference between the sending end and
the receiving end power measurements equals the transmis-
sion loss or not in each of the 20 transmission lines. In Case 1,
all the measurements are obtained from the power flow anal-
ysis carried out on the standard IEEE 14 bus system. Hence,
all the measurements are accurate. These measurements also
satisfy the 34 equations used for checking consistency among
the measurements. Hence, the dataset in Case 1 has HIGH
completeness, HIGH accuracy, HIGH interpretability, HIGH
inter-variable consistency and LOW duplication.

In Case 2, the dataset does not have the 20 current measure-
ments in the first row. However, the second row is complete.
As a result, the dataset has SLIGHTLY HIGH complete-
ness with value of rc equal to 1. However, the available
measurements are both accurate and interpretable. Moreover,
the available measurements also satisfy the system equa-
tions. Out of 34 equations, 14 equations have been validated
for the first row. The remaining 20 equations (that check
whether the difference between sending and receiving end
power is equal to the transmission loss or not) could not
be validated for the first row due to the unavailability of
the line current measurements in the first row. As a result,
consistency of the available measurements of the first row is
checked only with respect to 14 equations in this case. Since
the available measurements satisfy the 14 equations, so the
available measurements of the first row are inter-variable
consistent. For the second row, all the 34 equations have
been validated. Hence the dataset in case 2 has SLIGHTLY
HIGH completeness, HIGH accuracy, HIGH interpretability,
HIGH inter-variable consistency and LOW duplication.

In Case 3, the dataset does not contain 10 current measure-
ments in both the first and the second row. Although the total
number ofmissing entries is 20 in both Case 2 andCase 3, still
the dataset in Case 3 is less complete than that of Case 2 as
seen from Table 1. This is because, in this case, rc = 2.
However, the available measurements are both accurate and
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TABLE 1. Quality assessment of line current and real power flow measurements of the standard IEEE 14 bus system.

interpretable. In this case, out of 34 equations, 24 equations
have been validated for the measurements of both the first
and the second row. The remaining 10 equations could not
be validated due to the unavailability of 10 line current mea-
surements. The available measurements satisfy the 24 equa-
tions. So the available measurements are also inter-variable
consistent. So, in this case, the dataset has SLIGHTLY LOW
completeness, HIGH accuracy, HIGH interpretability, HIGH
inter-variable consistency and LOW duplication.

In Case 4, all the measurements are available. However,
the line current measurements of the first row are modified
with noise. As a result, the current measurements of the
first row are erroneous and inaccurate. Hence the dataset
has SLIGHTLY HIGH accuracy in this case. Moreover,
the inaccurate current measurements of the first row do
not satisfy the 20 transmission line based system equations
(that check whether the difference between sending and

receiving end power is equal to the transmission loss
or not). So, the measurements of the first row are less
consistent among each other. However, the second row
contains inter-consistent measurements. So, in this case,
the dataset has HIGH completeness, SLIGHTLYHIGH accu-
racy, SLIGHTLY HIGH inter-variable consistency, HIGH
interpretability and LOW duplication.

In Case 5, all the measurements are available. However,
10 line current measurements of both first and second row are
modified with noise which makes them inaccurate. Although
the total number of inaccurate entries is 20 in both Case 4 and
Case 5, still the dataset in Case 5 is less accurate than that
of Case 4 as seen from Table 1. This is because, the value
of ra is 2 in this case whereas the value of ra was 1 in
Case 4. Moreover, in each row, the 10 inaccurate current mea-
surements do not satisfy 10 transmission line based system
equations (that check whether the difference between sending
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and receiving end power of a transmission line is equal to the
transmission loss or not). As a result, the measurements in
each of the rows are less consistent among each other. So,
in this case, the dataset has HIGH completeness, SLIGHTLY
LOW accuracy, SLIGHTLY LOW inter-variable consistency,
HIGH interpretability and LOW duplication.

In Case 6, the real power generation data and the real power
load data are modified for each bus in the first row. Hence,
in the first row, the power generation data and the power
demand data for each bus are inaccurate. However, the data
are modified in a way that ensures that the algebraic sum of
the real power measurements is zero at each bus. As a result,
the measurements of the first row continue to remain inter-
consistent. On the other hand, the measurements of the sec-
ond row are accurate and consistent among each other. Since
measurements in both the rows are consistent, so the dataset
has HIGH inter-variable consistency as shown in Table 1.
However, the dataset has SLIGHTLY HIGH accuracy (with
ra = 1) due to the presence of erroneous measurements in
the first row. Moreover, the dataset has HIGH completeness,
HIGH interpretability and LOW duplication.

In Case 7, the measurement of each of the line cur-
rents appears twice in each row of the dataset. As a result,
the dataset exhibits attribute duplication. However, none
of the measurements is missing which makes the dataset
complete. Moreover, all the measurements are accurate and
interpretable. So, in this case, the dataset has HIGH com-
pleteness, HIGH accuracy, HIGH inter-variable consistency,
HIGH interpretability and LOW duplication.

In Case 8, presence of illogical characters makes the cur-
rent measurements of the first row non-interpretable. So the
usefulness of the current measurements of the first row is
reduced. However, the measurements of the second row are
interpretable. As a result, the dataset has SLIGHTLY HIGH
interpretability (with ri = 1).Moreover, the non-interpretable
current measurements of the first row cannot be accurate.
Hence the dataset has poor quality in terms of accuracy
as well. However, the dataset has good quality in terms of
inter-variable consistency. This is because, inter-variable con-
sistency is checked only among the measurements that are
interpretable. In other words, presence of non-interpretable
measurements does not affect the quality of the dataset
in terms of inter-variable consistency. So, in this case,
the dataset has HIGH completeness, SLIGHTLYHIGH accu-
racy, HIGH inter-variable consistency, SLIGHTLY HIGH
interpretability and LOW duplication.

In Case 9, illogical characters are incorporated into the
measurements of 10 line currents (in both the first and
the second row) which makes such measurements non-
interpretable. In this case, the usefulness of the current
measurements of both the rows is reduced. As a result,
the dataset has SLIGHTLY LOW interpretability in this case
(with ri = 2) compared to the dataset in Case 8. More-
over, the non-interpretable current measurements are also
considered as inaccurate. Hence the dataset has SLIGHTLY
LOW accuracy as well. Moreover, in this case, the dataset

is less accurate compared to the dataset in Case 8. This is
because the inaccurate and non-interpretable measurements
are distributed in both the rows of the dataset. This case shows
that it is possible for a dataset to have SLIGHTLY LOW
accuracy and SLIGHTLY LOW interpretability but HIGH
level of inter-variable consistency. In addition, the dataset has
HIGH completeness and LOW duplication.

From the foregoing discussion, it is seen that a single qual-
ity dimension may not be sufficient for assessing the overall
quality of a dataset. While a dataset may have good quality
along a given quality dimension, the same dataset may have
bad quality along another dimension. For example, a dataset
may have HIGH accuracy but LOW completeness. This shall
imply that most of the measurements is missing in the dataset.
However, the available measurements are accurate. Similarly,
a dataset may haveHIGH inter-variable consistency but LOW
accuracy. Hence, it is clear from the foregoing discussion that
assessment of each of the quality dimensions is necessary for
assessing the overall quality of a dataset. Moreover, fuzzy
assessment of each of the data quality dimensions helps in
better understanding of a dataset’s quality.

B. VALIDATING THE PROPOSED MEMBERSHIP
FUNCTIONS ON AN ACTUAL 34 NODE FEEDER
In this section, the proposed membership functions are eval-
uated on a dataset containing voltage, current and real power
measurements obtained from power flow analysis of an actual
34 node feeder located in Arizona [37], with a nominal volt-
age of 24.9kV. The feeder is characterized by long and lightly
loaded, two in-line regulators, an in-line transformer for short
4.16 kV section, unbalanced loading, and shunt capacitors as
shown in Fig. 3. More details about the feeder can be found
in [37]. For the purpose of quality assessment, the following
measurements are considered.

FIGURE 3. A real 34 node feeder located in Arizona [37].

• Voltage measurements (i.e. voltage magnitude and
angle) of each of the 3 phases are recorded at node 802,
806, 808, 812, 814. So a total of 30 measurements are
recorded.

• Line current measurements (i.e. magnitude and angle)
are recorded for each of the 3 phases (or lines) con-
necting nodes 802 and 806, 806 and 808, 808 and 812,
812 and 814. So a total of 24measurements are recorded.
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• Transmission loss measurements are also recorded for
each of the 3 lines (or phases) connecting nodes 802 and
806, 806 and 808, 808 and 812, 812 and 814. So a total
of 12 measurements are recorded.

Thus a total of 66 measurements is considered in this
study. Quality assessment of these measurements is per-
formed under the following cases.
• Case 1: Zeromean zero varianceGaussian noise is added
to each of the 66 measurements independently. In other
words, no noise is added to the measurements.

• Case 2: Zero mean unit variance Gaussian noise is added
to each of the measurements independently, except the
line current measurements. In other words, the magni-
tude and angle of the line current measurements are not
polluted with noise.

• Case 3: ZeromeanGaussian noise with variance equal to
10 is added to each of the measurements independently,
except the line current measurements. In other words,
the magnitude and angle of the line current measure-
ments are not polluted with noise.

• Case 4: The voltagemeasurements are removed from the
dataset in order to simulate a situation where a dataset
contains missing measurements. However, the current
measurements and the transmission loss measurements
are kept unchanged. In other words, the current measure-
ments and the transmission loss measurements in this
case are same as that in Case 1.

• Case 5: The transmission loss measurements are
repeated in a way such that each transmission loss
measurement appears twice in the dataset. This case
simulates a situation where a particular measurement
appears more than once in a database. However, each
of the current measurements and each of the voltage
measurements appears only once.

• Case 6: Illogical characters (such as ’$’ and ’@’) are
incorporated into each of the voltage measurements,
making them non-interpretable. This case simulates a
situation where the measurements in a database are cor-
rupted and hence non-interpretable. However, the cur-
rent measurements and the loss measurements are kept
unchanged. In other words, the current measurements
and the loss measurements in this case are same as that
in Case 1.

For each of the aforementioned cases, the proposed mem-
bership functions are calculated in order to assess the quality
of the measurements. A total of 24 equations is considered for
checking the consistency among the measurements. Out of
the 24 equations, 12 equations are used to check whether the
difference between voltage of two consecutive nodes equals
the line current scaled by the line impedance. This is done
for each of the 3 phases (or lines) connecting two consec-
utive nodes. The remaining 12 equations are used to check
whether the transmission loss in each phase (or line) equals
the product of square of line current and line resistance. This
is also done for each of the 3 phases (or lines) connecting two
consecutive nodes. The value of the parameters p, q, s, a and b

are taken as 2, 2, 2, 1 and 1 respectively. The weight vector w
is chosen such that each coordinate is equal to 1. The obtained
results are summarized in Table 2.

In Case 1, no noise was added to the measurements. Hence
each of themeasurements is accurate and interpretable.More-
over, the measurements satisfy the system equations. Hence
ICo = 1. In addition, there is no duplication since AD = 0
and DD = 0. Moreover C = 1 indicates the absence of
missing measurements.

In Case 2, zero mean unit variance Gaussian noise is added
to each of the measurements (except the current measure-
ments) independently. Addition of noise makes the measure-
ments inaccurate. So, the value of A decreases with the addi-
tion of noise. Since noise is added independently to each of
the measurements (except the current measurements), so the
noisy voltage measurements and the noisy power measure-
ments do not satisfy the system equations. So, the value of
ICo also reduces with the addition of independent noise.
However, addition of noise does not affect the completeness,
duplication and the interpretability aspects of the data.

In Case 3, zero mean Gaussian noise with variance equal
to 10 is added to each of the measurements (except the
current measurements) independently. It can be seen from
Table 2 that the value of ICo decreases with the increase in the
variance of the added Gaussian noise. When the variance is
increased by a factor of 10 (from Case 2 to Case 3), the value
of ICo decreases by 71.5%. This is because, with increase in
variance, the measurements fail to satisfy the system equa-
tions by a larger margin. Hence ICo decreases significantly
with increase in variance of the added noise. However, it can
be seen from Table 2 that increasing the variance of the
added noise does not affect the value of A. This is because,
the value of A depends on whether the measurements are
erroneous or not. A measurement is erroneous if it contains
noise irrespective of its variance. Hence, the value of A is
unaffected by the variance of the added noise.

In Case 4, the voltage measurements were removed from
the dataset. In other words, the voltage measurements were
missing. As a result, the value ofC has reduced indicating the
presence of missing measurements. However, the available
measurements are accurate and hence they satisfy the system
equations. It is to be noted that in this case, out of 24 equa-
tions, only 12 equations have been validated. The remaining
12 equations (that check whether the difference between volt-
age of two consecutive nodes equals the line current scaled
by the line impedance or not) could not be validated due
to the absence of the voltage measurements. As a result,
consistency is checked only with respect to 12 equations
in this case. Since the available measurements satisfy the
12 equations, so the measurements are inter-variable consis-
tent. In addition, I = 1 indicates that the measurements are
interpretable.

In Case 5, each of the transmission loss measurements
appears twice in the dataset. This indicates that the dataset
suffers from attribute duplication. Hence the value of AD
is nonzero. However, none of the measurements is missing.
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TABLE 2. Quality assessment of voltage, current and real power measurements of a real 34 node feeder located in Arizona.

In addition, the measurements are accurate, interpretable and
hence they are inter-variable consistent.

In Case 6, illogical characters are incorporated into the
voltagemeasurements which affects the interpretability of the
dataset. Hence the value of I reduces. Non-interpretable mea-
surements are also considered as inaccurate. Hence, the value
of A also decreases in the presence of non-interpretable mea-
surements. It has beenmentioned in sectionV-A that presence
of non-interpretable measurements does not affect the qual-
ity of a dataset in terms of inter-variable consistency. This
is because consistency is checked among the interpretable
measurements only. Hence the value of ICo is unaffected in
the presence of non-interpretable measurements.

From the value of the membership functions shown
in Table 2, the following inferences can be drawn.

• In Case 1, the dataset has HIGH completeness, HIGH
accuracy, HIGH inter-variable consistency, LOW dupli-
cation and HIGH interpretability.

• In Case 2, the dataset has HIGH completeness, LOW
accuracy, SLIGHTLY LOW inter-variable consistency,
LOW duplication and HIGH interpretability.

• In Case 3, the dataset has HIGH completeness, LOW
accuracy, LOW inter-variable consistency, LOW dupli-
cation and HIGH interpretability.

• In Case 4, the dataset has LOW completeness, HIGH
accuracy, HIGH inter-variable consistency, LOW dupli-
cation and HIGH interpretability.

• In Case 5, the dataset has HIGH completeness, HIGH
accuracy, HIGH inter-variable consistency, LOW dupli-
cation and HIGH interpretability.

• In Case 6, the dataset has HIGH completeness, LOW
accuracy, HIGH inter-variable consistency, LOW dupli-
cation and LOW interpretability.

Real world measurements are often noisy because of the
measurement noise associated with the measuring devices
and the sensors. In addition, measurements often get stuck
because of communication errors which leads to missing
of various measurements from the database. Sometimes,
multiple appearance of the same data are also observed in
a smart grid database. Measurements may even get cor-
rupted by illogical characters which can make them non-
interpretable. As a result, a smart grid data quality assessment
method should be capable of distinguishing between noisy
and noise-free measurements. From Table 2, it can be con-
cluded that the proposed data quality assessment method can
effectively discriminate between datasets containing noisy
and noise-free measurements. The proposed method can
also detect missing or duplicate or non-interpretable entries.
Hence, the applicability of the proposed method on real sys-
tems is justified.

C. COMPARISON WITH EXISTING METHODS
Table 3 shows the results obtained by comparing some of
the existing data quality assessment methods. It is seen from
Table 3 that none of the existing methods can measure the
inter-variable consistency dimension. Inter-variable consis-
tency is one of the most important quality indicators of smart
grid measurements. This is because smart grid measurements
are usually connected through the system equations. In other
words, measurements of different power system variables
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TABLE 3. Comparison of data quality assessment methods.

are not independent and are governed by system equations.
Hence, checking the consistency among the measurements
is necessary for quality assessment of smart grid measure-
ments. However, none of the existing methods can measure
the consistency among the measurements of different power
system variables. Similarly, duplication is one of the most
relevant dimensions for smart grid data quality assessment.
This is because presence of duplicate measurements may
reduce the usefulness of a smart grid dataset, resulting in
poor quality of the same. Hence, estimation of the level of
duplication is necessary for assessing quality of a smart grid
dataset. However, none of the existing methods can detect
data duplication. Similarly, interpretability is also an impor-
tant dimension in the context of data quality assessment. This
is because presence of non-interpretable measurements in a
dataset may adversely affect its usability in various applica-
tions. However, except [32], none of the existing methods can
quantify the interpretability of the smart grid measurements.
Although [21] and [24] have introduced various dimensions
for assessing data quality, they have not provided any mathe-
matical formulation for assessing the data quality dimensions.
In other words, [21] and [24] have provided a theoretical
description of several quality dimensions instead of quantify-
ing themmathematically. Hence [21] and [24] cannot be used
for mathematical assessment of the data quality dimensions
considered in this paper. Literature [28] has proposed various
quality dimensions for assessing the quality of VGI data.
However, those dimensions are completely different from
the quality dimensions considered in this paper. Basically
the quality dimensions proposed in [28] are relevant only in
the context of VGI data quality assessment. In other words,
those dimensions are not applicable for quality assessment
of smart grid data. In addition, [28] has not provided any
metric for quantification of the quality dimensions consid-
ered in this paper. As a result, the method proposed in [28]
cannot be used for assessing the data quality dimensions
considered in this paper. Literature [29] has proposed quality
assessment techniques only for boolean datasets (i.e. datasets
containing binary variables). However, majority of the power
system variables are not binary variables (for example, bus
voltage, line current, power flow etc.). Hence the method
proposed in [29] cannot be used for assessing the quality
of smart grid datasets. Literature [32] has provided met-
rics for estimating some of the quality dimensions such as
accuracy, completeness and interpretability. However, from

Table 1 and Table 3, it is seen the method proposed in [32]
fails to assess the quality of a dataset in terms of inter-variable
consistency and duplication.Moreover, it is seen fromTable 1
that if the approach proposed in [32] is used for quality
assessment, then the completeness score remains unchanged
in Case 2 and Case 3. Similarly, the accuracy score remains
unchanged in Case 4 and Case 5 while the interpretabil-
ity score remains unchanged in Case 8 and Case 9. This
shows that the method proposed in [32] is not sensitive to
the distribution of the missing measurements or the inaccu-
rate measurements or the non-interpretable measurements.
In other words, the method proposed in [32] fails to dis-
tinguish between datasets containing the same number of
missing or inaccurate or non-interpretable measurements that
are distributed in varying number of rows. Hence the exist-
ing data quality assessment methods have several limitations
which make them unsuitable for quality assessment of smart
grid data.

The approach proposed in this paper overcomes the limi-
tations of the existing data quality assessment methods. Basi-
cally, unlike the existing methods, the proposed approach can
quantify the data quality dimensions. As seen from Table 3,
the approach proposed in this paper can be used for quan-
tifying inter-variable consistency and duplication in addi-
tion to accuracy, completeness and interpretability.Moreover,
as seen from Table 1, the approach adopted in this paper is
sensitive to the distribution of the missing measurements or
the inaccurate measurements or the non-interpretable mea-
surements. In other words, the proposed approach can effec-
tively discriminate between datasets containing the same
number of missing or inaccurate or non-interpretable mea-
surements that are distributed in varying number of rows.
Hence, based on the foregoing discussion, it can be concluded
that the proposed quality assessment approach offers a signif-
icant improvement over the existing data quality assessment
methods.

D. ASSESSING QUALITY OF SCADA AND PMU DATA
The proposed membership functions are calculated on a
database provided by the Power System Operation Corpora-
tion Ltd. (POSOCO), India. The database had several datasets
comprising SCADA and PMUmeasurements of the Southern
Regional Grid of India. SCADA datasets contained mea-
surements at an interval of 1 minute while PMU datsets
contained measurements at an interval of 40 milliseconds.
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TABLE 4. Comparison of quality of SCADA and PMU data.

The proposed membership functions are evaluated on three
different SCADA datasets containing measurements of
June 2016. One of the datasets had voltage measurements
of 20 different buses. The other two datasets contained fre-
quency measurements of the 20 buses and real power flow
measurements in 20 different transmission lines. The mem-
bership functions are also calculated on two PMU datasets
containing measurements of 10th September, 2013 and
28th May, 2013. The PMU datasets had frequency measure-
ments and voltage measurements for 5 different buses. The
obtained results are summarized in Table 4. FromTable 4, it is
seen that the degree of membership of the SCADA datasets
in the set of complete datasets is higher than that of the
PMU datasets. This implies that the SCADA datasets have
better quality in terms of completeness. However, among the
SCADA datasets, the voltage and the real power flow datasets
have better completeness than the frequency dataset. No
attribute is reported more than once in any of the considered
datasets. As a result, the considered datasets do not suffer
from attribute duplication. However, a small amount of data
duplication is observed in both SCADA and PMU datasets.
This is because the SCADA measurements corresponding
to 12 a.m. were reported twice for each of the days in the
month. Similarly, PMU measurements corresponding to an
interval of 9 seconds were also reported twice in the dataset of
28th May, 2013. Neither the SCADA nor the PMU datasets
contained illogical characters. As a result, each dataset has
HIGH interpretability. For assessing the suitability of the

datasets for use in an application with respect to data mea-
surement rate, five different cases are considered as shown
in Table 4. Each of the five cases represents a specific
application with a particular value of fd . It can be seen
from Table 4 that the PMU datasets have DR = 1 in each
of the five cases. This implies that the PMU datasets are
suitable for use in each of the five applications. This is
because sampling frequency of the considered PMU datasets
is equal to (1/40 milliseconds) = 25 Hz. However, in each
of the five cases, fd < 25 Hz. Hence it can be concluded
that PMU datasets have HIGH suitability for use in various
applications with respect to data measurement rate. SCADA
datasets, on the other hand, have very low value of DR (i.e.
DR < 1), especially in the first 3 cases. This implies that the
SCADA datasets are not completely suitable for use in the
first three applications. This is because, sampling frequency
of the considered SCADA datasets is equal to (1/1minute) =
0.0166 Hz. As a result, in the first three cases, the value
of fd is higher than the actual sampling frequency of the
SCADA datasets. Hence, the SCADA datasets have lower
suitability for use in the first three applications. In other
words, the SCADA datasets have LOW suitability in the first
two cases, SLIGHTLY LOW suitability in the third case and
HIGH suitability in the fourth and the fifth case. From the
foregoing discussion, it can be concluded that PMU data are
suitable for use in more number of applications compared to
the SCADA datasets. The network topology and the network
parameters were not available for the investigated SCADA
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and PMU data. Due to the unavailability of the network
parameters and the network topology, it is not possible to
compare the quality of the SCADA and the PMU datasets
on the basis of their accuracy and inter-variable consistency.
Hence, results on accuracy and inter-variable consistency are
not shown in Table 4.

VI. CONCLUSION
Anovel fuzzy assessmentmethod is proposed in this paper for
assessing the quality of multivariate electrical measurements
of smart grids. Novel membership functions are proposed for
measuring the degree of membership of a smart grid dataset
in various fuzzy sets that represent various dimensions of
smart grid data quality. Based on the value of the membership
functions, appropriate fuzzy labels are used for fuzzy assess-
ment of data quality. The proposed membership functions are
used to assess the quality of current and power measurements
obtained from power flow analysis of the standard IEEE
14 bus system. The proposedmethod is also used to assess the
quality of voltage, current and power measurements obtained
from power flow analysis of an actual 34 node feeder located
in Arizona. In addition, the measurements are also modified
with Gaussian noise to test the applicability of the proposed
method for quality assessment of real world measurements.
The obtained results show that when the variance increases
by a factor of 10, the consistency among the measurements
decreases by 71.5%. The obtained results also show that the
proposed method can detect the presence of non-interpretable
or missing measurements along with data duplication. Unlike
the existing methods, the proposed membership functions are
found to be sensitive to the distribution of missing, inaccurate
and non-interpretable measurements in a given dataset. The
proposed method is also tested on practical SCADA and
PMU measurements. It is found that PMU datasets are rela-
tively incomplete compared to SCADA datasets. In addition,
the obtained results indicate the presence of duplicate data
in both SCADA and PMU datasets. Moreover, the obtained
results show that the PMU datasets have better usability (or
suitability for use) in a wide variety of applications compared
to the SCADA datasets. The proposed membership functions
can be used for developing fuzzy inference systems in various
data quality driven smart grid applications.
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