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ABSTRACT. The distribution substations power curves are often affected by outliers: very
discrepant measurements of the curve standard behavior. If the presence of outliers is
very large, the power utilities internal studies and analysis developed from the history of
the data collected may be compromised. In order to detect and correct atypical data, a
complementary module for the supervisory system was developed. In the previous work
of the authors, two techniques were developed based on artificial intelligence: fuzzy logic
and artificial neural networks. This work presents a hybrid technique that uses the best
performances of the previous ones to reduce the relative error, increasing the correction
technique performance. Furthermore, it develops an outlier detection method based on
the standard behavior of the curve and the distribution of the measurements. The per-
formances of the techniques are compared using real data from a substation over 6 years.
Keywords: Outliers detection, Correction, Power curves, Artificial intelligence, Fuzzy
logic, Neural networks, Hybrid technique

1. Introduction. Grids are evolving into intelligent systems, known in the literature as
smart grids, and increasingly require support for network management. The Supervisory
Control and Data Acquisition (SCADA) system, therefore, plays a fundamental role in
the new infrastructures of the electric power systems, which require full communication
with the control center of the power utilities [1].

Intelligent networks rely on sensors, actuators, real-time processing, new interfaces and
new communication protocols that allow the system to introduce self-healing features with
the ability to detect, analyze and correct network failures automatically [2].

The power utilities are interested in the data collected by the metering system, consid-
ering that through the historical formed analysis, maintenance and operation plans are
developed, as well as the load forecast on the distribution areas. For example, a study of
data history may indicate which regions are growing the most, and should be given more
attention and a better allocation of resources [3].

Although the data collected by the SCADA system may be affected by outages, commu-
nication errors and instability in measurement, these occurrences can generate discrepant
measured values of the load standard behavior, the outliers [4].

Therefore, in view of the importance of data history, the quality of the measurements
should be sought since the data acquired are for distribution network analysis, distribution
planning, outage management, load reduction and improvements in the grid. Therefore,
the quality of the measured data is indispensable to not compromise the analysis. It is
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required that the dataset has a minimum integrity, i.e., a minimum amount of bad data
[5].

In [6], the authors have developed a complementary module to the SCADA system to
correct outliers in power curves of substations based on artificial intelligence, a technique
using fuzzy logic and another one based on artificial neural networks.

In this work, a new technique is presented for the complementary module, which can
further reduce forecasting errors by partitioning one-day measurements and using the best
technique for each time interval. In this article, a detection technique was also developed
which was not present in [6], based on the differences between the measured values and
the typical values of measurement. Therefore, it is possible to identify zero and spike
outliers type. The results of outliers treatment will be presented considering a feeder of
a 69 kV/13.8 kV real substation located in the state of Paraba, Brazil.

The paper is structured as follows. Section 2 presents the state of art. Section 3
offers the proposed outliers treatment module showing the detection and the correction
techniques focusing on the hybrid one. In Section 4 it is the analysis of the results and
discussion. Lastly, Section 5 presents the work conclusions.

2. Related Work. The power utilities are investing in Advanced Metering Infrastruc-
ture (AMI) in which smart meters allow measurement of actual load continuously for
substations, resulting in a large volume of data [7, §].

The measurements of the electrical system meters are usually collected by the SCADA
system and processed by an estimator to filter noise and detect errors. The measurements
contain noise-related errors, but also erroneous data, known as bad data, in which the
outliers are examples of the undesirable data [9].

The outliers treatment has been developed for several fields of applications such as
engineering, economics, and meteorology. Moreover, for each application domain, a unique
method according to the type of times series and the type of outlier may be developed
5, 10].

Focusing on wind farms, [11] proposed the partitioning clustering approach for outli-
er detection. This method consists of separating the entire range of measurements by
groups using a clustering technique, k-means, calculating the centroid of each group and
checking the distance of the measurements to the respective centroid of its range. An
outlier processing methodology based on a wind farms probabilistic power curves and the
characteristics of outliers is proposed by [5] to ensure the integrity of wind power data.

A new approach is proposed in [4] based on periodic patterns in the load curves data and
a reorganization of the data to facilitate the analysis; [12] presents an analytical framework
for online characterization of outliers in synchrophasor data. In [13], an outlier detection
algorithm based on density of hypercube in high-dimensional data stream is proposed to
increase the detection rate.

To detect and correct outliers in the electrical systems, [14, 15] proposed to use an-
other meter, providing a metering redundancy. Nonetheless, this method is not efficient
because it is more expensive, doubling the number of required meters. Furthermore, if
the measurements of the two meters are different, we will be able to detect an error, but
there will be an ambiguity. An architecture based on Kalman filter with outlier treatment
is proposed by [16] to improve state estimation and fault detection within the power grid.

The method proposed by [17] is based on employing linear error-correcting block codes
modification using to provide redundant measurements. Although the proposed method
is proved theoretically, there are some practical challenges in the implementation. A
Kalman filter with two stages is presented by [18] to estimate the magnitudes and phase
of the voltages. In the first stage, there is the estimation of the static states, and in the
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second stage the estimation of the dynamic states. A different approach to outliers was
used by [19] in which the focus on detecting atypical values was on the x-axis that caused
a periodicity error in the electrical system data.

In [20] the focus was on the data mining generated by the SCADA system in search of
outliers since the system data contains information relevant to the operation, maintenance
and security, thus, improving the quality of service provided by utilities in the electricity
sector. A method was developed in [21] to identify outliers based on a set of sensors in
the power network signal from the probability distribution and signal strength level.

The topology of the substation studied is simple arrangement, as illustrated in Figure
1. The meters are located in the four feeders that supply cities, in this paper named as
A (21L1), B (21L2), C (21L3) and D (21L4). The measured data are collected by the
SCADA system every 15 minutes, with a total of 96 samples per day.

Figure 2 shows the presence of the outliers in the load curves by which it illustrates
every Wednesday of the year 2010 in the 2114 feeder that supplies the city “D”. The
curves present the both outliers types: zeros and spikes. When there is a problem in
the transducer or there is an outage for the measurement system, there may be missing
data indicating erroneously that the measurements are zero. The spike type is rarer and
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is characterized by values with a greater magnitude than the standard behavior curve.
Therefore, there is no treatment in the local power utility SCADA system that identifies
and corrects erroneous measurements, compromising the data history. Thus, due to this
demand, a module was developed to complement the power utility’s SCADA system by
detecting and correcting the outliers of the power curves. The effects analysis of outliers
in load curves is evaluated, seeking for the highest possible accuracy within available
information.

3. Proposed Outliers Treatment Module. The outliers treatment consists in both
the detection of atypical values and their correction. In this work, a method was developed
that detects outliers based on typical curve patterns. Outliers will be considered as zero
and spike types.

According to [22], for very short-term forecasting (minutes or hours ahead) only the
last measured samples should be taken into account, regardless of factors such as weath-
er conditions and socioeconomic characteristics of the distribution area. Therefore, the
proposed outliers treatment module receives a new measurement and based on the pre-
vious samples forecast the next value. The algorithm checks if the data is an atypical
value. If so, this value will be discarded and replaced with the value estimated in the
previous iteration. If it is not an outlier, the measured value will be considered valid
and added to the historical database, as Figure 3. Thus, the technique used for outliers
correction is modular, i.e., it can be replaced and the aim is to search the one with the

best performance.
Current
Measurement

4 3
Outlier
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Y Correction
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FIGURE 3. Outliers treatment module fluxogram

Outliers correction techniques have been developed and detailed in [6] and they will
be compared in this work with the proposed new technique: the hybrid approach which
presented the best performance. The detection and the correction techniques implemented
in this article, with emphasis on the hybrid approach, using the best performances of the
fuzzy technique and the ANN technique will be presented below.

3.1. Outliers detection method. Initially, data for the period of one year were sep-
arated according to the day of the week. That is, being 52 weeks during the year, the
52 days of Sunday with 96 measurements will be extracted for each day. Then for each
day an array of dimensions 96 x 52 was constructed: 52 days and each day with 96 mea-
surements. Then, the mean and standard deviation of each index were calculated. For
example, for index 1, referring to time 12:00 AM, all values of 52 Sundays were summed
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and divided by 52. It was done this way for all indexes of the days closing with the one
of number 96, referring to 11:45 PM. The curve of the means, named the typical curve,
(T'), was calculated for each day of the week, according to Equations (1) and (2), as well
as the associated standard deviation for each day’s index.

P11 P2 .- DPin
p— | P21 P22 ... DP2n with i € [1,m] ... m = 52 (1)
mn with j € [1,n] .-.n =96
pm,l pm,Q oo pm,n
1 n=96
T[] =— >l 2)
j=1

The P, columns follow a normal distribution, checked using Jarque-Bera test [23]
and Agostino-Pearson test [24, 25]. For example, p;; .. @ € [1,52] presents a Gaussian
distribution. Therefore, for each index, the respective mean plus and minus three times
the respective standard deviation is the interval with 99.73% of all samples will be within
this range. Therefore, this is the detection criterion adopted.

All Fridays of the year 2010 are illustrated in Figure 4, where the gray color curve
represents the mean, named the Typical Friday. The black color curves refer to the 52
Fridays of the year and the dashed curves represent the mean plus and minus three times
the maximum standard deviation of the year.
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FIGURE 4. Measurements distribution with mean, mean plus and minus
three times the standard deviation

In the detection method, with each new input value, the algorithm identifies which day
of the week and which index of the day, within the range [1 : 96] equivalent to 12:00 AM to
11:45 PM. For example, if an outlier appears on a Wednesday at index 5 (1:00 AM), then
the measured value will be subtracted from the index value 5 of the Typical Wednesday.
If the difference (d) is greater than three times the maximum standard deviation (o) of
this year, then the measured value will be considered outlier, as shown in Algorithm 1.
This method allows to detect zero and spike outliers types.
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if d > 30 then
| P[n] — outlier;
else
| P[n] — Valid;
end
Algorithm 1: Outlier detection

For example, if an outlier occurs at a Monday index 13, p[Monday, 13], as Equation (3),
the current value will be subtracted by the index 13 of the Typical Monday, Thonday[13],
resulting in d(Monday, 13) (4):

p[Monday, 13] = 0 (3)

d[Monday, 13] = p[Monday, 13] — Thionday[13] (4)

If d[Monday, 13] > 30 .". p[Monday, 13] — outlier (5)
d[Monday, 13] < 30 .. p[Monday, 13] — valid

3.2. Fuzzy correction technique. The fuzzy logic is simple to implement as long as
the system behavior is known by the fuzzy expert. In the case of this work, the system is
the load profiles measured by the SCADA system in the substations.

The first step is to separate the 7 days of the week in 1-year-dataset. Next, the maximum
and minimum values are calculated for each day of the week for the normalization between
0 and 1:

, P[n] — min[P]

Fln} = max[P] — min[P] (6)
with n € [1,35040(365 x 96)], P’[n] representing the normalized power value, P[n] being
the measured input value, max|[P]| and min[P] being the functions that return the values
maximum and minimum of that day of the week of the sample. For example, if the
current day is a Wednesday, then the respective maximum and minimum values that
were separated in the first step will be considered. After normalization, the fuzzy block
inputs (Figure 5) will be the differential increments calculated by

dy = P'[n—1] — P'[n — 2] (7)

dy = P'[n] — P'[n — 1] (8)

where P’[n—1] is the normalized value of the immediately preceding measurement, P'[n—
2] is the value that precedes the previous value and P’[n] is the current measurement value.

The normalization is important, since the developed fuzzy inference system can be used
by any other substation that has the similar power curve.

d1 —h'

s Fuzzy Block —»dp

F1GURE 5. Fuzzy block with the inputs and output as differential increments

The daily behavior of the load was modeled on 25 fuzzy rules (5 sets of d; x 5 sets of
dy) and from the magnitudes and signs of the increments (d; and dy) was determined the
output of the block (dr) which is also an incremental value and will be added to the value
of P'[n] to determine the estimated value:

P'In+ 1] = P'[n] + dF 9)
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Therefore, at each new measured value, the algorithm identifies the day of the week,
normalizes the input value according to the respective maximum and minimum, and
calculates the differential increments for input in the fuzzy block. The differential output
increment (dr) is added to the normalized current value, P’[n], resulting in the estimated
value, P'[n + 1]. And, finally, the inverse function of Equation (6) is applied. Thus, if an
atypical value appears at the next iteration, the measurement will be replaced by that
calculated value.

3.3. ANN correction technique. The ANN correction technique is relevant because it
responds significantly to the non-linear behavior of power curves. Like the fuzzy technique,
it requires less mathematical-statistical knowledge about the system. Moreover, unlike
the fuzzy correction, it is not necessary to know in depth the behavior of the load profiles.

Before the application of the technique on the load curves, two stages were necessary:
the data treatment and the network training.

Data treatment: We randomly selected 21 days (without outliers) of the one year
history with 3 representatives from each day of the week, i.e., 3 Sundays, 3 Mondays,
and so on. These data were used for the construction of the input and target matrices
of the neural network. The previous samples window is equal to 10 measurements; the
network inputs are 10 valid measurements and the output is the forecast value, according
to Figure 6. The “sliding” window was done on the database for construction of the input
and target matrices that were used in the training process, as shown in Figure 7.

.................................

.................................

FIGURE 6. Artificial neural network for forecasting the next value. The
window used was 10 samples (k = 9).
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FiGureE 7. ANN matrices construction: inputs and targets

Network training: The dataset has been organized at 80% for training, 10% for
validation and 10% for testing. The ANN was implemented with the input layer and one
hidden layer. We have done tests with the number of nodes ranging from 1 to 10 for
each layer using the Mean Square Error (MSE) as score function [26]. The best result
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presented 8 nodes in the input layer and 7 nodes in the hidden layer. The activation
function is the hyperbolic tangent type and the Levemberg-Marquardt method was used
because it is fast for small neural networks [27, 28].

3.4. Correction hybrid technique. It was observed after several studies on the power
curves and on the correction techniques used, which were the interval of the day in which
the fuzzy and ANN techniques performed better. The fuzzy correction technique has a
better performance in the more constant regions of the day with the indexes belonging to
the interval [1 : 20] and [41 : 64]. And when there is a greater variation in the magnitude
and the signal of the derivative, i.e., at the points of greatest load variation, the ANN
correction technique has a higher performance since it responds better to the non-linear
behavior of the curves. The best performing interval of the ANN technique is [21 : 40]
and [65 : 96], as illustrated in Table 1 and Figure 8.

TABLE 1. Intervals of the day and best technique associated

Interval 1

Interval 2

Interval 3

Interval 4

Fuzzy

ANN

Fuzzy

ANN

1:20

21 : 40

41 : 64

65 : 96
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FiGURE 8. Intervals for the application of fuzzy and ANN correction techniques

It is important to note that the best performance in each interval is not unique and
generalized to that respective technique. Although load profiles have a pattern that
repeats over the years, there are often point-in-demand variations that change the curve
behavior, and it may occur that the fuzzy technique performs better in the ANN interval,
for example.

4. Results and Discussion. The results will be divided into two scenarios. The first
one will have the period of 1 day; also, the advantage of the hybrid algorithm over the two
other compared techniques will be detailed. The second one will test the robustness of the
techniques for an interval of 6 years. The database was collected from a real substation
located in the city “C”, state of Paraiba, Brazil, and corresponds to measurements on the
fourth feeder (211.4), responsible for supplying the city “D”.
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4.1. First scenario: 1 day. For the first test scenario, 4 outliers (two zeros and two
spikes) were randomly inserted over the one-day curve of the feeder studied, as shown in
Figure 9. Detection is illustrated in Figure 10 where the differences of the measured values
and the respective typical value lie outside the region of valid measurements, identifying
the simulated outliers. After the detection, the forecast is done by using the implemented
correction techniques and the result generated by each technique is compared with the
known real value, from the calculation of the relative errors.

----- Simulated H
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16 Hybrid n
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FiGURE 9. Curves of the 1-day period: simulated values and the data
corrected by the developed techniques
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mum standard deviation of the year
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Table 2 indicates the mean of the relative errors of each developed technique. In this
table, it can be seen that an outlier occurred in each interval of the day, according to
Table 1. For the first interval, in which the fuzzy technique has a better performance, the
relative error of this technique was lower than that of the ANN technique. Therefore, the
hybrid approach error is equal to the fuzzy error. The same analysis occurs for the other
three intervals where the lowest relative errors are of the ANN, fuzzy and ANN techniques,
respectively. What the hybrid approach does is to take advantage of the best performance
(less error) of each technique; therefore, the performance is significantly higher. In this
case, the mean of the relative hybrid error is 1.67%, equivalent to less than half the mean
relative error of the ANN technique which presented 4.53% and still less than the mean
of the fuzzy with 4.87%. At some points it is possible that in the fuzzy interval the ANN
technique performs better, although they are a minority in the general context of the load
profiles.

TABLE 2. Relative errors for each correction technique in the 1-day-period

Index Relative Error Relative Error Relative Error
Fuzzy (%) ANN (%) Hybrid (%)
10 1.21 12.86 1.21
30 4.39 1.65 1.65
59 2.84 4.01 2.84
74 9.68 0.99 0.99
Error Mean (%) 4.87 4.53 1.67

4.2. Second scenario: 6 years. For the second test scenario, 9% of the 210432 measure-
ments were also randomly inserted as outliers: 8% zero type (16384 erroneous samples)
and 1% spike type (2104 erroneous samples). The simulated outliers were also on the
2114 feeder.

The mean of the relative errors is indicated in Table 3 and again the hybrid approach
obtained the best performance with the mean relative error equal to 4.40%. Different
from the previous scenario, the difference for the ANN technique error was slightly lower,
since many cases are considered as the points where the supposed best performance tech-
nique does not correspond and presents inferior performance. Figure 11 shows the curves
over the 6-year period with simulated values and the data corrected by the developed
techniques.

TABLE 3. Relative errors for each correction technique in the 6-years-period

Technique Fuzzy (%) | ANN (%) | Hybrid (%)
Mean Error (%) 4.90 4.66 4.40

Another advantage of the application of the proposed outliers treatment module is the
supervision of the system metering quality and integrity. It is common in the power utility
that there is no metering monitoring and when the data is required for internal studies,
the history is compromised with many erroneous measurements. In the analysis for the
development of this work, load profiles of substations with months of missing data were
studied, compromising any type of studies by the utility.

The fuzzy correction technique loses performance on slopes and sudden declines. And
this scenario can be aggravated if there are too many outliers in sequence. The proposed
module, after 1h30 of data absence, saves the values of the same time and day of the
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FiGURE 11. Curves of the 6-years-period: simulated values and the data
corrected by the developed techniques

previous week, setting an outlier flag that the measurements being added to the data
history are not provided by the metering system. From a user command, a substation
report is generated informing the number of outliers for a given period in each feeder. With
the knowledge of the metering systems that are defective, the power utility can generate a
plan to correct the problems exposed by the proposed method. Therefore, the algorithm
is used for decision making by the power utility control center for the distribution system
improvement.

The power curves of the studied substations present pointwise outliers, and thus the
outlier processing module developed in this article guarantees a good performance and
accuracy, providing data reliability. For a large volume of outliers, other correction tech-
niques based on the dataset history, social and economic conditions of the region should
be used.

5. Conclusion. The outliers treatment module in the power curves combined with the
SCADA system guarantees a greater reliability in the data measured in the substations.
The generated database is used for internal analysis and load forecasts of medium- and
long-term by power utilities, so the integrity and quality are indispensable in these studies.

In this work, an outliers detection technique and three outliers correction techniques
were implemented, which were compared: fuzzy, ANN and hybrid, the latter being the
one with the best performance by using the previous techniques in predetermined intervals
and presenting the mean relative error to 4.40% for the scenario that considers 6 years of
data.

The detection and correction techniques used are simple and do not require a high
computational effort and can be used along with the SCADA system to improve the
quality of the distribution substations metering systems.
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