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1. Introduction The bulk of real-world datasets applied for machine learning
are very likely to contain missing data, inconsistent results,
and noise due to their different origins. Thus, improving
the general level of data quality requires data processing.
The overall statistics of the data may not accurately reflect
the presence of missing or duplicate values. Outliers and
inconsistent data points commonly cause false predictions
by interfering with the model’s general learning process.
To make quality assessments, one needs high-quality data.
Data pre-processing is essential to obtain this high-quality
data; otherwise, it would be a situation of “garbage-in,
garbage-out.” [1]. Data pre-processing is a data mining tech-
nique for transforming raw data into a usable and efficient
format. Data pre-processing refers to the steps involved
in transforming or encoding data so that it may be easily
interpreted by a computer [2]. Data pre-processing can have
a variety of objectives. One may be interested in learning
more about the nature of the data or modifying the data’s
structure in addition to fixing data issues like corrupted data

In many areas of knowledge, from management to process
control, from science to engineering, data analysis serves
as the foundation for research. Attributes that are both sym-
bolic and numerical are used to collect data on a certain
subject. This data comes from a variety of sources, includ-
ing sensors with various levels of reliability and complexity.
An improved knowledge of the phenomenon of interest re-
sults from the analysis of these data. Finding information
that can be used to solve issues or make decisions is the
primary goal of any data analysis. But, issues with the data
can make this difficult. Most often, data flaws are not dis-
covered until after data analysis has begun. Before using
data, pre-processing is necessary. The idea of transforming
unclean data into clean data is known as data pre-processing.
The algorithm must be able to quickly analyze the character-
istics of the data for a model to be accurate and dependable
in its predictions.
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Abbreviations
Abbreviation  Explanation
u Mean of data
c Standard deviation
FFNN Feed-forward neural network
GF Gaussian Filter
LOESS Locally estimated scatter plot smoothening
LOWESS Locally weighted scatter plot smoothening
MAF Moving average filter
MAPE Mean absolute percentage error
MMF Moving median filter
NN Neural network
RLOESS Robust Locally estimated scatter plot smoothening
RLOWESS Locally weighted scatter plot smoothening
RMSE Long-term load forecasting
SGOLAY Mean absolute percentage error
THI Multiple linear regression

or irrelevant or missing attributes in data sets (e.g., degrees
of granularity) to better prepare the data for analysis. In
this paper few steps of data pre-processing are discussed.
A few steps of data pre-processing are data reduction, data
cleaning, dimensionality reduction, and, data integration.
The actual load data’s normalization and filtration processes
are both included in the pre-processing. Normalization is
a method for effectively organizing data in a database [3].
The normalization process has two basic goals: to mini-
mize redundant data (data that is stored in several tables)
and to guarantee that data relationships make sense (only
storing related data in a table). Normalization, in simple
terms, ensures that all data looks and reads the same way
across all records. Filtering is another method for removing
undesirable components or noise from a signal. Before the
data is used to train a load forecaster, it can be filtered using
a variety of filtering techniques [4]. Data filtration is exten-
sive. Data filtering is a solution that deals with basic issues
like incorrect data at one end of the range. It deals with
noisy data at the other end. A variety of data preparation
methods rely on data filtering to get rid of unwanted infor-
mation in the time, frequency, or time-frequency domain.
The optimum filtering method should eliminate redundant
characteristics with the least amount of distortion of the
relevant signal characteristics [5].

In almost every industry, forecasting plays an important role.
The power grid considered the most complicated man-made
system on the earth, is controlled by electric utilities to
provide electricity to more than five billion people around
the world [6]. However, the process of producing electrons
and transmitting them to electrical appliances is not easy.
The product of the electric power industry, energy, cannot
be held in significant quantities using current technologies,
unlike many other firms that use inventories to store and
buffer their goods and services. Therefore, it is necessary
to produce and distribute electricity as soon as possible. In
other words, utilities must consistently maintain supply and
demand balance [7]. Since load forecasting is so important
in utility operations, erroneous load forecasts can put a util-
ity company in a financial bind or even lead to bankruptcy.
While load forecasting is an important input for power sys-

tem operations and planning, incorrect load projections can
result in equipment failures or even a system-wide blackout.
Therefore, to obtain effective load forecasting performance
and consequently, effective energy management, quantita-
tive analyses of data filtering strategies acquired in various
forecasting systems are needed. This paper presents a trust-
worthy comparison of several filtering methods that, when
used in conjunction with any load forecasting model, show
to be more useful for a hypothetical future of smart grids.
In this regard, the contribution of this work may be summa-
rized as follows:

(1) Implementation of various data filtering methods for pre-
processing the load data of a campus grid to forecast the
load at various nodes.

(i1) Forecasting load at multiple nodes inside a campus grid
consisting of a variety of loads including academic, residen-
tial, commercial, and mixed loads.

(ii1) Application of a Moving average filter for data prepro-
cessing as a novel contribution in this work to eliminate the
outliers present in the dataset.

The remaining portions of the paper are structured as fol-
lows: Section 2 discusses the literature review followed by
the proposed normalization method and different filtering
techniques used for load prediction explained in Section 3.
The forecast results and their comparisons using different
filtering techniques are given in Section 4. Finally, the
conclusion is presented in Section 5.

2. Literature review

Numerous studies have been done on the generation of
electricity in a smart grid and the analysis of specific mete-
orological circumstances. The forecast approaches for solar
energy and photovoltaic electricity have been reviewed in
[8]. The authors of [9] performed forecast tactics for power
distribution disruptions in a smart grid; this procedure is
based on weather patterns and energy consumption, which
shows that it rises with time. The authors of [10] used
learning algorithms for smart energy meters to anticipate
energy consumption. These studies demonstrate a strong
correlation between the filtering techniques, forecasting of
meteorological factors, and load forecasting for smart elec-
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trical grids. Making an accurate prediction using sensors
and transducer data is not an easy task. Due to the noise
and measurement variations present in the signals obtained
from these devices, a filtering approach may not be the
best choice for a particular scheme or prediction technique
[11]. Applying the different prediction algorithms to this
noisy data would produce poor results since they would
be unable to recognize the original trend in the data. As
a result, data pre-processing is essential for improving the
overall data quality [12]. The need and function of data
pre-processing have been explained in many different ways.
The required information can be represented along with
fluctuations in the data brought on by variations in pro-
cess or system variables, as well as in data collection and
transmission. These impacts can be eliminated ahead with
proper data pre-processing, leading to more efficient models.
These models are considered to be more reliable, although
they may not always be better predictors [13]. Filtering
is another method for removing undesirable components
or noise from a signal. Before the data is used to train a
load forecaster, it can be filtered using a variety of filtering
techniques [14].

Different techniques have been proposed by researchers for
filtering and smoothening the raw dataset to minimize the
effects of outliers on the input dataset [15] which includes a
simple moving average [16, 17], Savitzky-Golay filter [18],
LOWESS and LOESS filters [19], Autoregressive moving
average [20], etc. In addition to these, ensemble-based
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data preprocessing is very popular these days and efforts
are being made towards the amalgamation of two different
preprocessing methods with the increased computational
complexity [21]. The work proposed in this paper is moti-
vated by the application of different filtering strategies to
transform the raw data into usable data which enhances its
performance many times. Here, various filtering techniques
have been used and their performances have been compared
for load forecasting at a node located inside a campus grid.

3. Methodology

In this section, the proposed forecasting methodology is
presented as load forecasting. The detailed steps of the
forecasting procedure are presented in Fig. 1. The load data
is collected using smart meters installed at various nodes
inside the campus. The raw data is then normalized to re-
duce wide variation in the range of load data over different
seasons and weather variables. The normalized data is then
pre-processed using the proposed eight different filters to
remove the outliers without altering the original characteris-
tics of the load. Load at any node is highly dependent on
weather parameters like THI, time, and day, as the load on
weekends is less as compared to the weekday loads. There-
fore, these features are considered to be important attributes
for training the forecasting model. The complete dataset is
divided into two parts: training and testing datasets. Subse-
quently, the proposed NN-based load forecasting technique
is used to predict the load at a given node inside the cam-

Data collection
(THL day, time, load)

]

Data Normalization

1

Data Pre-processing
(using eight different filtering methods)

1

Selection of atiributes

]

Forecasting the pre-processed load data obtained by eight
different filtering techniques using the proposed forecasting
method

1

Analysis and validation of results

1

Selectthe
best filter

and stop

Figure 1. Pictorial representation of the forecasting methodology.
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pus. Finally, the MAPE and RMSE values are calculated by
comparing the forecasted load and the actual load from each
filtering method to select the best pre-processing technique
with minimum error values.

3.1 Data normalization

Normalization is important because of the significant sea-
sonal variation in the range of load data brought on by
changes in the weather, and model training loses this pat-
tern of broad variation. The data is standardized on a scale
of [-1, 1] to reduce the disparity. The z-score normalization
technique [22] is used in this work for normalization, and
its mathematical equation is presented in Eq. 1.

Xnew = (x—/J)+G (D

where; x represents the initial load at that time, u is the
mean of the data, o is the standard deviation of the data,
and x,,,, 1s the normalized load value at that instant. The
z-score is used to determine how far a data point is from the
mean. It calculates the standard deviations that are below
or above the mean. The advantage of z-score normalization
is that it enables a data administrator to understand the
likelihood that a score will occur within the data’s normal
distribution. After normalization, the normalized data is
filtered to eliminate any outliers from the dataset using
various filters, which are covered in the section below.

3.2 Data filtration

Data filtration is a method of reducing noise in a dataset.
The data can be filtered using a variety of filtering ap-
proaches before being used to train a load forecaster [13].
The different filters used in this work to preprocess the
load dataset before using it to train the load forecaster are
described below:

3.2.1 Moving Average Filter (MAF)

An MAF is a fundamental low-pass filter that combines m
input samples into one output data set. It is a finite impulse
response filter that has the same weighing effect throughout
the selected window length of the filter. The output becomes
smoother as the filter length increases because the strong
transitions in the data are reduced while maintaining their
original characteristics. The mathematical equation of the
moving average filter is given in Eq. (2) below.

ys(i)

(yi+N)+y(i+N—=1)+....4+y(i—N))
@)
Wwhere; y;(i) is the filtered load data value for an ith data
point, N denotes the number of neighboring samples on
either side y; (i) , and 2N + 1 represents the data span.

AN+

3.2.2 Moving Median Filter (MMF)

The median filter is a non-linear digital filtering method that
is frequently used to eliminate noise from a picture or signal.
This noise removal is a common pre-processing measure
to enhance the outcomes of subsequent processing. The
fundamental principle of the median filter is to iteratively
replace each entry in the signal with the median of its imme-
diate neighbors. The “window” is the neighborhood pattern,
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which moves entry by entry over the entire signal. Due to
its effective performance for some particular noise types,
such as Gaussian, random, and salt and pepper sounds, the
median filter is one of the well-known order-statistic filters

[4].

3.2.3 Gaussian Filter (GF)

In electronics, a GF is a filter that has a Gaussian function
as its impulse response. One advantage of a GF is that its
Fourier transform has a Gaussian distribution with a zero
frequency center (with positive and negative frequencies at
both sides). The low pass functionality of the filter can be
simply controlled by modifying the filter’s width. Based
on the Gaussian distribution, the Gaussian Smoothing Op-
erator computes a weighted average of the surrounding
pixels. It is mainly effective in reducing the Gaussian noise.
Mathematically, a Gaussian filter alters the input signal via
convolution with a Gaussian function, another name for
this mathematical process is the Weierstrass transform. The
impulse response of a one-dimensional Gaussian filter is
denoted by Eq. (4) and the frequency response is expressed
by Eq. (4) respectively.

g(x) = \/ge‘“"z 3)

_a2p2

g(f)=e @ “)
where; x represents the horizontal distance from the origin,
« is the standard deviation, and f is the ordinary frequency.

3.2.4 LOWESS filter

Since both techniques use locally weighted linear regression
to smooth the data, the names “LOWESS” and “LOESS”
are derived from the phrase “locally weighted scatter plot
smooth”. The LOWESS filter smoothes the data by com-
puting a linear regression in each window length. The
regression weight function is specified by the toolbox for
data points in the span, which causes the procedure to be
weighted. Though computationally expensive, this method
yields fewer discontinuities.

3.2.5 LOESS filter

This filter is similar to the ‘LOWESS’ filter, but the main
difference is that it uses local quadratic regressions for
smoothening the data in each window length. Since each
smoothed value is derived by nearby data points identified
within the span, similar to the moving average method, the
smoothing process is regarded as local. It is mainly designed
to tackle non-linear relationships which are not addressed
well by the linear methods. One major drawback of using
LOESS is that it does not provide a regression function that
can be further represented by a mathematical equation or
formula.

3.2.6 Robust LOWESS Filter (RLOWESS)

The averaged values may become deformed and no longer
accurately reflect the behavior of the majority of the ad-
jacent data points if the dataset contains any outliers. To
solve this issue, the data can be smoothened by a robust
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method that is unaffected by a tiny percentage of outliers.
The RLOWESS smoothes the data using LOWESS but with
the added advantage that it is more robust to outliers at the
cost of computation.

3.2.7 Robust LOESS Filter (RLOESS)

Robust LOESS is also similar to LOESS as it smoothes the
dataset using loess but it has a more robust nature for the
outliers with the increased computational complexity. The
robustness component of the Loess algorithm downweights
observations with relatively large residuals to reduce the
impact of “outliers” in the data.

3.2.8 Savitzky-Golay Filter (SGOLAY)

Savitzky-Golay filter is a type of generalized moving av-
erage filter where the filter coefficients are derived by per-
forming unweighted linear least squares fit with the given
polynomial. Because of this, an SGOLAY filter is also re-
ferred to as a digital smoothing polynomial filter or a least-
squares smoothing filter. A polynomial with a higher degree
yields a high level of smoothening without compromising
the features of the data. The SGOLAY method of data fil-
tering is typically employed mainly with spectroscopic or
frequency data. The technique successfully preserves the
high-frequency signal components for frequency data. For
spectroscopic data, this method effectively preserves higher
moments of the peak, like the line width. The centroid, on
the other hand, can only be preserved by the MAF, which
also removes a substantial amount of the high-frequency
component of the signal. The SGOLAY filtering can, how-
ever, be less effective in eliminating noise than a moving
average filter.

4. Case studies

4.1 Datasets description

This paper uses the load dataset of a smart metered distribu-
tion system set up at the residential cum academic campus
of NIT Patna. The data includes the load consumption data
of an academic load (library building) for the six months
of August 2019 to January 2020 with a sampling period of
one day [22]. All the various load data parameters, such as
active power, reactive power, line and phase voltages, phase
angle, frequency, power factor, current, etc., can be obtained
at any node at any time, with a period ranging from a few
minutes to many hours, depending on the requirement. The
complete dataset is divided in the ratio of 7:1:2 in terms of
training set, validation set, and testing set.

4.2 Error metrics

In this paper two error metrics are used to indicate the
performance of the proposed load forecasting model and
its comparison with the different pre-processing methods
applied. The metrics are MAPE and RMSE which are
mathematically expressed as:

MAPE = )

RMSE = \[ Z Laer(i))? 6)
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where; N is the number of samples, Ly(i) is the forecasted
load at hour i, and L, (i) is the actual load at that particular
hour i.

4.3 Proposed load forecasting method

This paper uses a simple FFNN with a single input, output,
and hidden layer. The ability of a neural network to handle
nonlinear load patterns to create a multivariate model of
meteorological variables is one of its key advantages. Dur-
ing training, the neural network is repeatedly exposed to
varied input and output patterns, and weights between dif-
ferent layers are modified to determine the precise mapping
between input and output. After training, the network is an-
ticipated to learn the relationship between input and output
behavior and, eventually, produce the required output for
an unknown input pattern [22]. The number of neurons in
the hidden layer is selected after the iterative evaluation for
the least MAPE and RMSE values. Bayesian regularization
algorithm is used to train the neural network.

4.4 Results and analysis

This section includes the load forecasting results obtained
by using different filtering techniques on the smart metered
data obtained from the campus test system. Also, it includes
the comparative analysis of the diverse pre-processing tech-
niques to select the best filtering technique which yields
the minimum forecasting error by removing the maximum
possible outliers present in the dataset without altering the
original characteristics of the data. The input attributes used
to train the developed forecasting model include weather
parameters like temperature and humidity, day, and time
index.

4.4.1 Forecasting results using different filtering tech-
niques for data pre-processing

To remove errors and outliers from the data, the actual load
data received from the smart meter is first normalized us-
ing the z-score normalization approach. The normalized
data is then filtered using several filtering techniques. The
proposed load forecasting model is then trained using the
filtered data. The load forecasting performance obtained
by using the moving average filter for data pre-processing
with varying window sizes is given in Table 1. The number
of data points a moving average filter uses for averaging
is referred to as the window size. With a larger window
size, the signal smoothening is more as compared to a small
window size, but it may also compromise the filter’s accu-
racy as it can be the case of loss of information since the
original characteristics of the data are altered. Therefore,
the window size is selected after the iterative evaluation to
get the best forecasting results. It also depends upon the
nature and type of the dataset used.

As it is known that the window size is a very important
parameter that is responsible for the amount of smoothening
in the signal. In this work, the widow size is varied between
2 to 20, and the consequent results are calculated as given
in Table 1. In general, larger window sizes produce im-
proved results but can add more computational costs and be
less realistic as the original nature of the signal is hindered.
Hence, the window size is selected based on the required
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accuracy of the filter. Table 1 shows that forecasting results
obtained by using a MAF for data pre-processing are very
good and comparable for all the window sizes greater than
2, i.e. window length 5 can be proposed for this case as
it fulfills both the requirements of the filter; high accuracy
along with less alteration with the original signal. This can
also be demonstrated by the comparison plot between the
actual and predicted load shown in Fig. 2.

Table 2 shows the forecasting performance obtained by us-
ing GF for data pre-processing with the window size varied
between 2 to 20. From the table, it is noted that the values
of MAPE and RMSE for all the window lengths are slightly
more as compared to the error values obtained in the case
of MAF in Table 1 for the test dataset used. One of the
major drawbacks of Gaussian models is that they are not
well suited to categorical data since they function under
the assumption that all the characteristics are regularly dis-
tributed. GF is a non-linear low pass filter mainly used for
spatial data like blurring an image by removing the high
spatial frequency components from an image. The graph
obtained between the actual and predicted load for the test
data is depicted in Fig. 3. As seen in the figure, the GF has
a lower correlation between the actual and expected load
than the MAF.

The result obtained by using the moving median filter for
data smoothening before training the load forecasting model
is given in Table 3. The comparison plot for the same is
shown in Fig. 4. From the table, it can be concluded that the
performance of the MMF is similar to that of the moving
average filter for the applied dataset. One of the major dif-
ferences between the moving average and moving median
filter is that the MMF preserves the shifts in the level while
the MAF blurs the sharp edges. The limitation of MMF is
that such filters have the drawback of breaking up image
edges and producing fake noise edges in the region with

Table 1. Forecasting performance using MAF.

Kumar & Mandal

low signal-to-noise ratios, and they are unable to suppress
Gaussian noise distributions.

Tables 4 and 5 express the forecasting performance obtained
by using LOWESS and LOESS smoothening filters respec-
tively. A nonparametric method for smoothing a set of data
without making any assumptions about the data’s under-
lying structure is known as locally estimated scatter plot
smoothing, or LOESS. LOWESS is frequently used to fit a
line to a scatter plot or time plot when it’s difficult to see a
line of best fit due to noisy data values, sparse data points, or
weak interrelationships, or where least squares fitting fails
to produce a line of good fit or is too time-consuming to use
in linear regression. LOESS and LOWESS are developed
on “traditional” methods, such as linear and nonlinear least
squares regression. They deal with circumstances where the
conventional methods don’t work well or where their use
would require excessive work.

From Tables 4 and 5, it is seen that the LOWESS and
LOESS smoothening methods yield high MAPE and RMSE
values as compared to the above-discussed smoothening
methods like moving average, moving median, and Gaus-
sian method for our load dataset. The reason behind this is
LOESS uses data less effectively than other least squares
techniques. The development of a good model needs large,
highly sampled datasets (big data) to be generated. The
comparison plots between actual and predicted load using
LOWESS and LOESS smoothening methods are shown in
Fig. 5 and 6 respectively.

LOWESS is used for univariate smoothening i.e. for fitting
a smooth curve to a scatter plot while Loess is used for
multivariate smoothening. Both algorithms work on locally
weighted polynomial regression. The toolbox specifies a
regression weight function for the data points included in
the span, which causes the technique to be weighted. The
resistant option additionally includes a weight function that

Table 4. Forecasting performance using LOWESS Filter.

Window Size | MAPE | RMSE
2 10.52 0.0.627

5 0.0443 | 4.04E-04

10 0.0429 | 3.34E-04

20 0.044 | 3.28E-04

Table 2. Forecasting performance using GF.

Window Size | MAPE | RMSE
2 13.538 | 1.3521
5 14.011 | 1.3632
10 13.938 | 1.3587
20 12.3263 | 1.3934

Table 5. Forecasting performance using LOESS Filter.

Window Size | MAPE RMSE
2 15.2614 1.2798
5 3.256 0.2587
10 1.76 0.0124
20 0.2112 | 6.85E-04

Table 3. Forecasting performance using MMF.

Window Size | MAPE | RMSE
2 13.452 | 1.3229
5 12.412 | 1.3413
10 13.29 | 1.3542
20 14.237 | 1.3383

Table 6. Forecasting performance using LOWESS Filter.

Window Size | MAPE RMSE
2 10.665 0.6674
5 0.0502 | 4.57E-04
10 0.0416 | 4.05E-04
20 0.0444 | 4.32E-04
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Figure 4. Comparison plot for MMF.

can make the process resistant to outliers in addition to the
regression weight function. The robustness component of
the LOESS algorithm downweights observations with rela-
tively large residuals to lessen the effect of “outliers” in the
data. The forecasting results obtained by RLOWESS and
RLOESS smoothening techniques are shown in Tables 6
and 7 respectively along with the comparison plots depicted
in Fig. 6 and 7.

The load forecasting result by using the SGOLAY filter
for pre-processing is given in Table 8 and the comparison
plot of actual and forecasted load is shown in Fig. 9.
The SGOLAY filters simply work by fitting a polynomial
to each sample in the filtered sequence’s direct neighbor-
hood of N neighbors. Simply evaluate the polynomial at
point 0, which serves as both the polynomial’s center and
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the neighborhood’s center and move on to the following
neighborhood. This filter has extensive application in the
field of biomedical signal processing. The basic principle
behind this filter is to find a 2n + 1 equidistant point for
representing a polynomial of degree p.

4.4.2 Performance comparison of different filtering
techniques for data pre-processing

The load forecasting performance comparison by the afore-
mentioned filters for pre-processing the data is given in
Table 9. The obtained results show that MAPE and RMSE
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Table 7. Forecasting performance using LOWESS Filter.
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10 13.644 | 1.3627 gl Y T
20 14.014 | 1.3453 it A
£ WM
Table 8. Forecasting performance using SGOLAY Filter. “osp .“ IH‘ I“.‘ ‘:‘I “. M I“
or | | ‘H' ‘\I |
Window Size | MAPE | RMSE sl | U - _JI
2 13761 | 1.3637 ) —
5 12362 | 1.3697 I I
10 13.063 | 1.3437
20 13.852 | 1.3591

Table 9. Forecasting results using different filters for

window size 5.

values are the least for MAF compared to the other filtering
methods used. For the window length variation between 2
to 20, the MAPE varies in the range of 10% to 0.05%. By
using the Gaussian smoothening filter, the MAPE lies from
15% to 0.2%, which is more compared to the moving aver-
age filter. However, for our test dataset, the MMF performs
similarly to the MAF with very little increment in MAPE
obtained by using an MAF as given in Table 3. Now, it
can be noted from the results obtained in Table 9 that the
LOWESS and LOESS filters have poor load forecasting per-
formance with the MAPE variation in the range of 13% to
12% for our test dataset as compared to the moving average,
Gaussian and moving median filters. The reason behind this
can be the size of the dataset used, as these methods need
a large amount of sampled data for building a good model,
which is not available in our case. The same performance is
seen for RLOWESS, RLOESS, and SGOLAY filters also as
tabulated in Table 9. T+he SGOLAY filter is mainly com-
fortable for the frequency data rather than the time series
data. Many studies show that the SGOLAY filter is less
successful than the moving average filter in the rejection of
noisy components. The box plot shown in Fig. 10 can also
be used to demonstrate how different filtering techniques
for data pretreatment result in different comparative MAPE
values.
The boxes drawn in this plot display the MAPE range that
has been calculated using different filtering techniques by
the proposed load forecasting algorithm. Each box contains
a red line that represents the median of the range of MAPE
values. The box plot shows that MAPE for the MAF and

35 T
SNO | Filter | MAPE | RMSE R 1 ‘, e o
1 MAF 0.0443 | 4.04E-04 /| I et 5o
2 GF 3.256 | 0.2587 28 VAR B
3 MMF | 0.0502 | 4.57E-04 3 2 i
4 | LOWESS | 14011 | 13632 315 volor A
5 LOESS | 12412 | 1.3413 R Rl AT
6 | RLOWESS | 13.131 | 1353 2 el | A A
7 | RLOESS | 13.941 | 13612 : N
8 | SGOLAY | 12362 | 1.3697 U | SV
05 | el
_10 ) 10 1‘5 ZI) 25 30 I

Figure 8. Comparison plot for RLOESS Filter.

Figure 9. Comparison plot for SGOLAY Filter.
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Figure 10. Box plot depicting MAPE values using different
filtering techniques.

MMF filters is lower and within a similar range of 0.05
to 10.52%. By using the MAF filter for pre-processing,
the least MAPE is obtained for all the window sizes varied
from 2 to 20 as compared to the other filters used, which
concludes that the MAF filter has the best performance for
the test case used.
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5. Conclusion

In a smart grid framework, this study demonstrates the
effects of several filtering strategies in a load forecasting
scenario with real-time data obtained from a smart meter.
For normalization purposes, the z-score normalization
technique is used, and the normalized data is again filtered
using different methods to obtain the processed data which
can be fed to the load forecasting model. The comparison
of different filtering strategies for the application of load
forecasting using a neural network model is presented
here. From the load forecasting results obtained by using
different filtering techniques, it was found that the moving
average filter yields better performance as compared to the
other filters proposed in this work with the average MAPE
of 2.66% and RMSE of 0.157 for the test dataset used.
The filtering and prediction performance, however, varies
depending on the dataset’s fluctuation, therefore this should
also be taken into consideration, i.e., it highly depends
upon the size, sampling interval, nature, and trend of the
dataset used for testing. Therefore, the filter which is giving
best performance for this case doesn’t need to give equally
good results for the variation in the dataset.
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