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Abstract

The power industry will depend on Smart Grid (SG) to a great degree in the future. It
provides qualitative and quantitative services for better management of energy. Electrical
devices such as Advanced Metering Infrastructure (AMI) and Smart Meter (SM) produce
large data which is called Big Data. These Big Data is in the form of time series data
that requires complex data analytics for prediction of consumption of energy. Prediction
of consumption of energy using Big Data analytics can help to balance the supply and
demand of energy which is one of the challenging task of SG. The researchers have
covered these topics however, they have not tuned the parameters with optimization
algorithm such as Genetic Algorithm (GA) for time series data. They have not analysed
the prediction of energy using the Prophet model, data anomaly detection techniques and

filtering techniques with respect to large time series data in SG.

In the first scheme, GA is applied for tuning the parameters of Long Short Term Memory
(LSTM). GA is an evolutionary process which is used for optimization. LSTM memorises
values over arbitrary intervals which are capable to manage time series data. GA is com-
bined with LSTM in order to process hyper-parameters such as hidden layers, epochs,
data intervals, batch size and activation functions. Hence, GA creates a new vector for op-
timum solution that provides minimum error. These methods provide better results when
compared with existing benchmarks. Moreover, GA-LSTM is used in a multi-threaded

environment which will increase the speed of convergence.

In the second scheme, various filtering techniques are used to predict the energy forecast
which can improve the quality of service to the users. The filtering techniques * primary
task is to handle non-linearity in the input dataset. Various filtering techniques reduce the
redundant data for energy consumption prediction. Five different filtering techniques such
as Butterworth, Smoothing, Kalman, Frequency, and Filtfilt have been used to preprocess
the five different power consumption datasets. LSTM model was used on the processed

data for the power consumption prediction.

In third scheme, Auto Regressive Integrated Moving Average (ARIMA) and Prophet
model is used for energy prediction. ARIMA is mainly used by professionals who have
prior knowledge of the intricacies of the model. If a single parameter in the equation is
incorrect, the entire result will be affected. However, the Prophet model uses a Bayesian
curve fitting method and does not require prior knowledge of datasets. It automatically
finds seasonal trends from the data. The Prophet model incorporates seasonal trends

such as holidays and weekends, whereas the ARIMA model incorporates both seasonal

vil



and non-seasonal trends with time-series data. It provides great precision compared to

any other method.

The fourth scheme, uses anomaly detection techniques for the large datasets. Different
anomaly techniques are compared and tested as preprocessing techniques with LSTM,
ARIMA and Prophet models and the results are analysed with different performance
metrics. Different anomaly techniques such as forest, K-NN, Histogram, SVM, SOS,
and OSVM have been used and compared with preprocessing algorithm on different
datasets.The novelty of the work lies in the preprocessing techniques on the LSTM,
ARIMA and Prophet model where different anomaly techniques have been compared.

Keywords: ARIMA, Big Data, Big Data Analytics, Energy Consumption Prediction,
Ensamble Learning, Genetic Algorithm, LSTM, Filtering Techniques, Prophet Model and
Smart Grid
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Chapter 1

Introduction

The development of new technologies, a large data is generated by various devices which
is called Big Data (BD). These data is used in Smart Grid (SG) where it is needed
for maintaining communication in networking. SG is used many devices such as AMI,
Supervisory Control and Data Acquisition (SCADA) and various sensors [2]. Sensors
generate a lot of energy from the home appliances and systems. AMI generates data at
every 15 minutes and SCADA generates at every 15 seconds. BD is monitoring and a lot
distributing grids. It is capable to forecast and scheduling the loads. AMI and SM are

measuring energy consumption data at every five minutes and 15 minutes [3].

Big Data Analytics (BDA) is a process where large data is analysed so that data becomes
smooth and readable. It is capable to control Big Data Management (BDM) [4]. It is easy
to store, process and extracts data from huge generated data by various sources such as
sensor, equipments and devices. We can make our data secure, reliable by using BD tools
in Smart Grid (SG). SG provides good solutions of problems such as secure and reliable
data. BD is very beneficial in SG modification of customer behaviour, conservation, con-

sumption and DR. The aim of the current work is to predict the energy demand response
in SG [5].

In recent years, the Big Data techniques are highly used in demand response manage-
ment. Demand response management is essential in consumption of energy during peak-
load times. Here, peak load time is a period of time when electrical power is required a
sustained period (without interruption) which is based on demand. We can say that for a
moment high electricity demand which is called peak load. However, reduction of energy
in peak load usually results in shifting of the energy to an off-peak period (not being in
the period of maximum use or business) [6]. It is possibility that peak load reduction can
particulary reduce the load on the system. Basically, demand response consumers have
some MW energy and they have ability to manage, reduce power by using for period of
time. For managing power houses can offer energy by started generators, by changing
production schedule. A group of houses can turn switches off the electrical devices such
as freezers for an hour at a time. The grid is essential thing in electrical energy [7]. It is

a type of network of transmission lines and used for electric power distribution. It is also



known as the grid related terms such as SG, Power, electricity generation, consumption
and distribution. When electrical grid is combined with computer intelligence called smart
grid. In the SG millions of sensors will be there to manage the power, voltage, current
and other things. The demand side load management perform effectively by changing the

way of energy generation and consumption [8, 9].

1.1 Background

Electricity devices such as Advanced Metering Infrastructure (AMI), Smart Meter (SM)
and home appliances produces huge data which is called Big Data. By using Big Data
Analytics (BDA) the supply and demand of energy can be managed in Smart Grid (SG).
Therefore, prediction of consumption of energy is necessary part of our work so that
supply and demand can be balanced [10]. BDA are very helpful for future predictions of
Energy in Smart Grid (SG). Due to increasing modern technologies energy is essential
part of every field. Data is growing very rapidly through sensors, social media, internat
and other devices. Recently, Smart Meter (SM) measures data every 15 minutes and in
some cases five minutes [11]. AMI measures data of remotely consumers at 15 minutes
or hourly intervals. For reducing ambiguous data or abnormal data from storage devices
is a great challenges. Therefore, due to increasing high data, storage space is effected.
There is a more chances of fractions of data which is created by load variations in real
time [12]. Tt is denoted that the chances of increasing time gap which could be reason
inaccurate optimization. To overcome of this issues various speed-up operation methods
by prediction algorithms such as GA-LSTM, Random Approach and multi-threading
could be a future solution. By using various prediction algorithms, ambiguous data in

storage devices could be reduced [13].

1.1.1 Smart Grid

When electricity flows from one system to another is called grid. It is an interconnected
network for supply energy from supplier to consumers. Smart Grid (SG) is an electrical
grid which is capable to manage large data. It is an electrical grid which developed tech-
nologically [14]. This enables two-way communications between suppliers and consumers.
It has quality for self-healing and auto-restore capability. SG has Smart Meter which
measures consumed energy and it gives more control to the user for energy consumption
and billing [15]. The SG empowers the consumer to manage efficient energy. When elec-
trical grid combines with In formation Technology (IT) is called intelligent grid because it

handles large time series data. There are various types of energy comes from many energy



resources from where sufficient power is supply to the consumers by utilities [16]. SG is
an electrical grid which contains a variety of operational and energy measures by Smart
Meters and smart appliances. In SG energy generation, transition and consumption are
possible. There are various challenges, application and the state-of-art of Big Data are

discussed. The Big Data challenges and processing are defined [17].

1.1.2 Big Data

Big Data is a large set of data which is so vast volume that is complex to manage. Due
to broadness of Big Data, it is critical task to collect, interpreted and analyse about
a single system which is huge in amount. There are three types of Big Data used in
Data Analytics such as structured, unstructured and substructure data. Structured data
is data that has been organised into a formatted repository generally, a database so
that it’s elements can be made addressable for more effective processing and analysis
[18]. Unstructured data is data that has been not organised in a traditional row-column
database. It is the opposite of structured data which is stored in fields in a database.
There is no proper model made for data implementation such as records, documents,
numbers and dates. Unstructured data files often include text and multimedia contents.
For example, includes e-mail messages, word processing documents, videos, photos, audio
files, presentations, web pages and many other kinds of business documents [19]. Semi-
structured data is mixture of structured and un structured data. For example, Common
Separated Value (CSV) and extensible markup language (XML). However, due to it’s
complexity data are characterised in 4V such as volume, variability, velocity and variety.
Volume defines how big a dataset. Velocity defines about speed of data which is processed
by systems. Variability explains about data consistency. Variety explains about different
types of data [20].

1.2 Big Data Analytics

Big data Analytics is used to interprete, process, and manage the huge data. The process
of analysis of huge amount of diverse datasets which uses advanced analytics techniques
is called BDA. It is easy to store, process and extract large data which are generated from
various sources such as sensors, SMs, AMI and SCADA in BDA. By using BDA we can
make data or information more secure, reliable, flexible and scalable. It provides good
solutions of problems such as security and reliability of large data [21]. This is applied
for modification, consumption and conservation for meeting the demand responses. SG

employed with Big Data technologies which provides self healing, self automated, fault



tolerance, flexible and scalable system. There are four types of BDA such as Descriptive,
Predictive, Diagnostic and Prescriptive Analytics. In descriptive data, users uses past
data for analysis. In Diagnostic Analytics data are diagnosed for solution of problems.
Predictive analysis defines data is analysed for future work. Prescriptive analysis is next
step of predictive analysis. There are various types of data analytics defined below. BDA
generates new discovery in the modern society in spite of many challenges are introduced
in computation [22]. There are various trends of BDA which focuses on hardware, software

and applications of industrial landscape [23].

1.2.1 Descriptive Analysis

In descriptive analysis data is analyzed. The data points are summarized in a constructive
manner so that patterns might emerge. It fulfills each situations of data. In sensory
evaluation the potential use of descriptive analysis is discussed [24, 25]. Here, the main
ambition is to get balanced energy between the supplier and consumers. For improving
the quality of energy many method such as real-time control and scheduling of distributed
energy sources are needed load demand in SG. For time series data analysis historical
energy consumption data are needed. The energy management is supported by time series
analysis which provides better performance. The block-chain method is used for better

quality of resources [26] .

1.2.2 Diagnostic Analysis

Diagnostic Analysis is very special technique. It is used for data interpretation and analy-
sis perfectly to know what actually happened. It is applied in medicine or clinical domain.

In this analysis, pictures of data sample defined dynamically [27].

1.2.3 Predictive Analytics

Predictive Analytics is used for forecasting events. It is used in various techniques from
data mining, predictive modelling and machine learning so that it can predict future
events. There are various types of data structures such as volumes, varieties and variabil-

ities are defined. The traditional data processing methods are oriented [28].

1.2.4 Perspective Analytics

Perspective Analytics is detailed examination of events. It focuses on ”what should be
done”. This analytics is very helpful for decision making which is beneficial for improve-

ments of customers experience and productions. It is mainly used in the domain of busi-



ness analytics. It gives many tasks as adaptive, automated and time dependent to the
organizations with adaptive, automated, and time- dependent for better performance
[29].

1.2.5 Customer Data Analytics

In customer data analytics, behaviour of customers such as how much energy and data
are used by customer. Here, demand of customer is fulfilled is checked so that actual
decision of data transformation can be taken. Sometimes demand response is not fulfilled
and it is most important to analyze behavior of customers. Valued added data are very
effective for customer data to improve quality of the data transmission. There are various
devices such as washing machine, Freeze, Woven and another electronic devices requires
synchronizes and sequential demand response. By the help of customer data analytics data
are efficiently stored, managed and processed. The economical balance by the customers
are defined [30].

1.3 Demand Response of Energy

Demand response of energy is the change in the power consumption of an electric energy
which is used by consumers for reducing prices. So that, the energy for demand and
supply can be managed in a better way. It is a non-mandatory PJM program which
allows consumers to reduce electricity bill during peak load. Demand and supply are

dynamically controlled [31].

1.3.1 Emergency Demand Response

Emergency Demand Response is based on reliability program. It is very helpful to mea-
sure power reductions during triggered (set off). Demand Response is most important
paradigm now a days. Therefore, for balancing energy Emergency Demand Response
Program (EDRP) started. Here, it requires demand reduction which belongs emergency
situations. This ailment is declared by New York Independent System Operator (NYISO).
The telecommand is not required and interval metering is sufficient. During emergency pe-
riod the energy is available as 500/M W h or the zonal real-time Location Based Marginal
Price (LBMP) [32].



1.3.2 Economic Demand Response

Economic Demand Response is related to industrial energy management to reduce cost
of energy. There are many facets to make programs for ancillary services such as the inde-
pendent system operators (ISOs)/regional transmission organizations (RTOs). These are
standard program which designed for economically sufficiency. They have paid attention

towards on Demand Response [32].

1.3.3 Ancillary Services Demand Response

Ancillary Services Demand Response is helpful for security and stability of the grid. It
provides various operations under generation and transmission of energy. Regulation ser-
vices are capable to balance electricity supply and demand on small notice. Ancillary
services indicates to a functions that is very beneficial for grid operators. It maintains
a authentic electricity system. Ancillary services maintain the proper flow and direction
of electricity, address imbalances between supply and demand. This is very helpful in
the system recovery after a power system incidence. Demand Side Ancillary Service Pro-
gram (DSASP) are provided to the system for regulation. Moreover, NYISO controls

requirements and availability of resources [32].

1.3.4 Demand Side Management

Demand Side Management (DSM) is also called load management. It manages of energy
generation and consumption. This is the plan for optimizing energy to reduce the price
of electricity bill. DSM manages site,s consumed energy so that customers can shift load
during peak time. Demand-side management (DSM) technique is helpful for the plan-
ning, implementing and monitoring activities of electric companies. These are designed

to motivate the consumers to change their level and pattern of energy consumption.

1.4 Research Gaps

1. Big Data Analytics has a great role in meeting the various ancillary services of SG
and demand response is one of the important ancillary services. Therefore, different

techniques of data analytics has to be explored in context to SG.

2. Limited work has been done on Big Data Analytics in SG especially in demand

response management.

3. There is a large possibility of Data Anomaly Detection Techniques as it happens in



real time data acquisition from data generation devices. There is a need to develop

an algorithm which can handle the Big Data in terms of Anomaly Detection.

. The role of data storage in the case of Big Data generated from SG has not been

explored to its full potential. These storage techniques will be helpful for demand

response.

1.5 Research Objectives

1.

To study and analyze different techniques of Big Data analytics and their applica-

tions in demand response management in Smart Grid Domain.

. To design algorithms for reducing the storage space of ambiguous data using Big

Data Analytics for demand response management

To design algorithm using Anomaly Detection Techniques of data for efficient de-

mand respomnse management

To verify and validate the proposed algorithm

1.6 Thesis Contribution

1.

Multi-threaded based GA-LSTM technique is used for improving the performance

of the algorithm with overall execution time.

Filtering techniques are used to reduce ambiguous data which are generated from

various resources such as Smart meters and Advanced Metering Infrastructures.

ARIMA and Prophet Models are applied for better performance with real data

time.

To validate the performance of Anomaly Detection Techniques for large data, real
time data of PJM has been used to validate the results with different evaluation

metrics.

1.7 Thesis Organization

The Thesis is organized as follows.

Chapter 1: Introduction
The chapter begins with the background of the Smart Grid, Big Data, types of Big



Data Analytics, Demand Response Management and Demand side Management.

The chapter finally comes up with thesis contribution and organization.

Chapter 2: Literature Survey

This chapter presents a detailed literature survey of existing demand response man-
agement in Smart Grid. Further, ARIMA and Prophet Models for time series data
prediction have also been outlined. Optimization techniques such as GA and random
approach have been discussed for parameter tuning. Literature related to Anomaly
Detection Techniques for prediction of energy using different filtering techniques
is also discussed. Machine learning techniques such as decision tree, Bays Rules,
Artificial Neural Network, RNN and LSTM applications in demand response has

been outlined. Finally, this chapter outlines the research gap.

Chapter 3: Big Data Analytic for Energy Consumption Prediction

In this chapter, a multi-layer GA-LSTM model is proposed for energy prediction. It
provides a better result as compared to existing techniques. The purpose of using
GA is to optimize the parameters of the LSTM. To verify the effectiveness of the
proposed system, different parameters of LSTM have been used for reducing the
errors. Further, Multi-threaded based GA-LSTM technique is used for improving
the performance of the algorithm with overall execution time. After identifying the
lower and upper bound of the LSTM parameter, GA is used to optimize the LSTM
for better performance. Finally, to validate the performance of GA-LSTM approach
for large data, real time data of PJM has been used to validate the results with

different evaluation metrics.

Chapter 4: Different data Filtering Techniques for Big Data

The filtering techniques primary task is to handle non-linearity in the input dataset.
Various filtering techniques reduce the redundant data for energy consumption
prediction. In this chapter, five different filtering techniques such as Butterworth,
Smoothing, Kalman, Frequency, and Filtfilt have been used to preprocess the five
different power consumption datasets. Further, Long Short Term Memory model
is used on the processed data for the power consumption prediction.Finally, re-
sults are analyzed with different performance metrics such as Mean Absolute Error
(MAE), Mean Square Error (MSE), Median Absolute Error (MDAE), Correlation

(1), Coefficient of determination (R?) and Accuracy.

Chapter 5: Demand Response Management using Prophet Model
The ARIMA model requires expert knowledge as a prerequisite to make use of
it. In addition, it is not flexible to use and is non-automatic. The Prophet model

overcomes all the aforesaid limitations and is a powerful tool for prediction. It gives



precise results with non-seasonal trends and also incorporates non-linear trends with
datasets. In this chapter, optimization of the parameters for the Prophet model is
achieved for better performance. Secondly, preprocessing techniques are applied
to clean the data. Further, the abnormal data is removed for the prediction of
consumption of energy in forecasting. Finally, the ARIMA model and the Prophet

model are compared and analyzed with different performance metrics.

Chapter 6: Ensembling of Data Anomaly Detection Techniques in En-
ergy Prediction

It is very useful to handle the non-linearity in the input and output data through
many Anomaly Detection Techniques. These Anomaly Detection Techniques helps
in reducing the abnormal data for energy prediction. In this chapter, different
Anomaly Detection Techniques are compared and tested as a preprocessing tech-
nique with LSTM, ARIMA and Prophet models and results are analysed with dif-
ferent performance metrics. Further, different Anomaly Detection Techniques such
as forest, K-NN, Histogram, SVM, SOS, and OSVM have been used and compared
with their preprocessing algorithm on different datasets. Finally, the novelty of the
chapter lies in the preprocessing techniques on the LSTM, ARIMA and Prophet

model where different Anomaly Detection Techniques have been compared.

Chapter 7: Conclusion and Future Directions
This chapter summarizes the conclusions drawn from the thesis along with the

possible future directions.
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Chapter 2

Literature Survey

In this section, many researchers have done works in Big Data Analytics, Smart Grid and
Demand Response Management domain. Here, different types of magnificent researchers

contributed in the Big data, Smart Grid and Demand Response.

2.1 Big Data Analytics in Smart Grid

Due to development of modern technologies consumption of energy is increased rapidly.
Huge data is generated everyday from various sources which is called Big Data. These
large data are created complexities in data processing. Therefore, current status and
many challenges in Big Data Analytics in SG are discussed [17]. There are huge data
are generated in SG by Smart Meter which is called Big Data. Smart Meter measures
consumed energy at every 15 minutes or hourly. Many Big Data Analytics algorithms
have been described in the smart grid literature. However, smart meter analytics are
defined for better software performance [33]. There are various types of techniques such
as Decision tree and SVM-based data analytics for stealing detection in SG are defined
[34]. The energy load forecasting in large data is described [35]. Large Data is managed
in SG and various issues such as Energy generation, consumption and production are

management [36].

2.2 Demand Response Management in Smart Grid

Demand Side Management is discussed in SG using BDA. Here, advanced structured of
Grid which controls and monitors peak demand and favourable load [37]. Application of
Big Data in many challenges are discussed [38]. The ubiquitous deployment of improved
sensing architectures in Cyber Physical way as like the Smart Grid which has resulted
in an unmatched data explosion. The structures of Big Data such as high volumes and
velocity and time-series data are described [39, 40]. In authors discussed about the use of a
algorithm such as smart-direct load control (S-DLC) and load shedding. These algorithm
short outs the power outages during sudden grid load changes as well as minimize the

peak-to-average ratio. The algorithm is used for forecasting, load-shedding and S-DLC.
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It is applicable in Internet of Things and stream analytics. The real-time load control is
possible in this algorithm. It generates a daily schedule for consumers supplied with self
regulating electronic devices. Everything is based on their requirements, thermal comfort,
and the predicted load model [41].

2.3 ARIMA and Prophet Models for time series data

prediction

The researchers developed Building-level occupancy data. It is based on ARIMA model
which is used for prediction of energy [42]. Many authors defined about food prediction
which s based on historical data and these effects food chain of the company. The histor-
ical required data was used to improve several autoregressive integrated moving average
(ARIMA) models by using Box—Jenkins time series procedure [43]. The modeling and
forecasting is based on time series data where requirement of food in a food company
is predicted. ARIMA model is used for by using time series approach. To improve var-
ious ARIMA models by using BoxJenkins time series method [44]. The authors defined
about COVID-19 pandemic disease. Here, mainly Machine Learning model is used for
forecast the pattern of the disease in Indonesia where they are finding out the approx
value of returning normality. The Facebook’s Prophet Forecasting Model and ARIMA
Forecasting Model are used to compare their performance and accuracy on the dataset
[45]. Moreover, the authors used time series data which is based on air pollution fore-
casting. They used SARIMA and Prophet model [46]. Here, Authors defined application
of Facebook’s prophet model for successful sales prediction and it is based on real-world
data [47]. The author also discussed about traffic prediction which is based on Prophet

model and Gaussian process regression techniques [48].

2.4 Optimization techniques GA

Genetic Algorithm (GA) is an algorithm which is based on natural selection and method
of genetics. It is population based technique. This algorithm is used for finding optimal
solution of complex issues. GA is used for optimization which is based on fitness function
[49]. The authors described about prediction of wind energy by using GA-LSTM with time
series data [50]. Moreover, some authors highlighted aggressive behaviour prediction by
using GA-LSTM optimization method [51]. Survival of the fittest is the main purpose of
this algorithm which is discovered by Charles Darwin’s Evolution Theory. They analysed
about Evolution Theory which is based on GA [52].

12



2.5 Anomaly Detection Techniques for prediction of

Energy

For prediction of Energy Anomaly Detection Techniques has great role in SG. Here, SG
Data is used regression-based online Anomaly Detection Techniques [53]. Graph based
Anomaly Detection Techniques is used on the SG [54]. Unsupervised anomaly detection
technique which is based on the Histogram where it is based on outlier score [55]. The
author also described time-pattern profiling from SM to find consumed energy [56]. Graph
matching method are discussed to find in electric energy on SG [57]. Anomaly Detection
Techniques in SG are described [58].

2.6 Machine Learning Techniques

Machine learning (ML) is a subset of artificial intelligence (AI). Now a days, there is
massive use of ML in every field. Machine Learning is an approach which is broadly

discussed as a machine is capable to imitate to intelligent human behaviour.

2.6.1 Decision Tree

Decision tree is a supervised machine learning. In this tree, leaves are final decision or
outcomes. Here, we know what is input and what is the related out put of the data during

training period. The data is constantly split according to alright parameters.

2.6.2 Bays Rule

Bayes Rule is a way for descriptions of probability of an incidence which is based on
former knowledge of conditions that is related to that events. It,s application such as
Bayesian probabilistic regression model are used. It is helpful for curve fitting method.
The Curve fitting method is the way of building a curve, or mathematical function, which

has the best fit for a series of data points, possibly subject to constraints.

2.6.3 Artificial Neural Networks

The Artificial Neural Network (ANN) is Biological term. The biological neural networks
which develop the architecture of a human brain. As like to the human brain the neurons
are interconnected to each other in many layers of the network. Nodes are nothing but
these are neurons of the brain. There are more than trillions of nerve cells are found in

human brain. Neural Network Algorithms are very important for our work because there
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is an interaction between input and output. ANN is used in various area such as speech

recognition, image analysis and biology.

2.7 Time Series Prediction Techniques

Deep Learning is subset of ML and Al with an algorithm which is simulated by the
structure and function of the brain, which is called an Artificial Neural Network (ANN).

For example, computer vision, speech recognition natural language processing.

2.7.1 ARIMA

Auto-Regressive Integration Moving Average (ARIMA) is new emerged technique. This
technique is combination of AR, I, and MA. It is helpful for load forecasting and other
professions. Here, p, d, q indicates for AR, I and MA. In this technique, knowledge about
past data is necessary. Prediction of data is based on past data. ARIMA stands for Auto-
Regressive Integrated Moving Average. It Performs forecasting a time series data by
making a stationary series using different orders of inferencing. ARIMA(p, d, q) is non-
seasonal model p: number of autoregressive terms. d: number of non-seasonal differences
needed for stationary. q: number of lagged forecast errors in the prediction equation.
ARIMA Model performs on the time series data which is based on historical demand
data. These data are utilized for future prediction and helpful in energy consumption

issues [43].

2.7.2 Prophet

Prophet is an open-source software released by Facebook’s Core Data Science team. It
is a procedure developed for forecasting time series data which is based on an Additive
Model (AM). AM is non-parametric regression analysis where the predictor does not
work over predetermined knowledge but build according to information which is derives
from data. Here, non-linear trends are fit with yearly, weekly, and daily seasonality, plus
holiday effects. It works best with time series that have strong seasonal effects and several

seasons of historical data. Bayesian curve fitting method is used for operation.

2.7.3 RNN

Recurrent Neural Network (RNN) is part of ANN. The Long Term dependance is draw-
back of RNN. It is type of algorithm which is used for sequential data. The Apple’s Siri

and Google’s voice search are used RNN algorithm especially. Moreover, It is the first
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and foremost algorithm that remembers its input. Because of an internal memory, which
built it excellently matched for machine learning problems that elaborated sequential
data. The Long Term Dependance is a drawback of RNN. The prediction of consumption

of energy is necessary for consumers [59].

2.7.4 LSTM

Long Short Term Memory (LSTM) is a type of Deep Learning method. Recurrent neural
networks (RNN) are the state of the art algorithm for sequential data and are used by
Apple’s Siri and Google’s voice search. It is the first algorithm that remembers its input,
due to an internal memory, which makes it perfectly suited for machine learning problems
that involve sequential data. LSTM is mainly used for time series dataset for prediction of
energy. It works with feedback connections and memorises previous information inside the
network. It has capability of solving time series and nonlinear prediction problems. The
major problem of RNN is ”Long term dependency” therefore, LSTM is used to overcome
this problem. The cell state is the key of the LSTM and it is like a conveyor belt. LSTM is
capable of adding or removing the information and it is regulated by structures which are
called gates. Gates are the mode where information are optionally chosen. These gates
are working with sigmoid neural network and a point to point multiplication operation.
There are mainly three types of gates such as input gate, output gate and forget gate.
Tanh, sigma and Relu are the activation functions mainly used in the LSTM network.
The below subsection describes about the different techniques of LSTM for handling the
large datasets. Prediction of energy consumption is described [59]. Deep learning model
such as LSTM are defined for energy forecasting by using Feature Selection (F'S) and
Genetic Algorithm (GA) which is compared with machine learning approaches [60].
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Chapter 3

Big Data Analytics for Energy Consumption

Prediction

Smart Grids (SG) have smart meters and advance metering infrastructure (AMI) which
generates huge data. This data can be used for predicting energy consumption using big
data analytics. A very limited work has been carried out in the literature which shows the
utilization of big data in energy consumption prediction. In this chapter, the proposed
method is based on Genetic Algorithm - Long Short Term Memory (GA-LSTM). LSTM
memorises values over an arbitrary interval that manages time series data very effectively
while GA is an evolutionary process that is used for optimization. GA combines with
LSTM to process hyperparameters such as hidden layers, epochs, data intervals, batch
size and activation functions. Hence, GA creates a new vector for optimum solution that
provides minimum error. These methods provide the best performance when compared
with existing benchmarks. Moreover, GA-LSTM is used in a multi-threaded environment
which increases the speed of convergence. Here, the multi-core platform is operated for
solving one dimensional GA-based inverse scattering problems. The result shows that
GA-LSTM provides better convergence as compared to random approach techniques.
For validating the results, Pennsylvania-New Jersey-Maryland Interconnection (PJM)
energy consumption data has been used while adopting different performance evaluation

metrics.

3.1 Introduction

Smart Grid (SG) is a technologically evolved electrical grid. It incorporates information
technology into the grid and enables two-way communication between the electric utility
and the end consumer. The physical infrastructure is replaced with a digital one, and
conventional analog technologies are replaced with improved digital and power electronics.
This technology makes the existing grid more efficient and reliable by reducing the number
of outages and adding a self-healing or auto restore capability. Power is immediately

rerouted when an outage occurs, and power is fixed to the affected area.

Further, it promotes using renewable energy resources, reducing the carbon footprint.
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Also, SG being technologically advanced, consists of various energy measurement devices
such as smart meters and advanced metering infrastructure (AMI). These appliances

generate massive data, which can be termed as big data [61].

The generation of huge data also depends on other equipment such as supervisory control
and data acquisition (SCADA) and phase measurement unit (PMU), which generates
data in seconds [62]. Since there is a large number of measuring devices, data generation
needs to be handled in a very efficient way. Therefore, big data management becomes an
essential task in SG. Moreover, many other tasks can be done using this data. One of

them is energy consumption prediction.

The demand for energy increases due to economic and population growth. This growth can
lead to an increased supply and demand gap if not predicted well beforehand. Hence, big
data analytics play a large role in the proper utilization of energy, and energy prediction
can be one of the ways to reduce the demand and supply gap. Moreover, for the stability of
demand and response, load forecasting has an essential role to play in the SG system [63].
Many researchers have tried to achieve reliable and efficient energy management through
big data techniques. For getting such a type of energy management system, they combined
data analytics and a scalable selection procedure so that the prediction of supply and
consumption of energy could be stable. Big data analytics and cloud computing have
been described for managing energy supply and demand in SG [64]. For managing data,

researchers illustrated various big data techniques in SG.

Big data analysis is a critical challenging task and can be overcome by various smart
tools and techniques such as support vector machine (SVM) and decision tree analysis
(DTA). In a similar line, Wang et al. discussed short-term load forecasting, which is
based on recurrent neural network (RNN) and long short-term memory (LSTM) [65].
RNN is rather an enhancement of an artificial neural network (ANN), which is useful for
processing the output directly to the first layer. In another case, LSTM is a part of deep
learning, and it overcomes the drawbacks of RNN. For energy forecasting, the LSTM
technique is important in analyzing the time series data. It uses big data strategies to
reduce the storage space, analyze the data for decisions on different models, and make
several frameworks [66]. Similarly, Pacini et al. suggested encoder-predictor for short-term

load forecasting as an effective energy prediction [67].

Few authors used deep neural networks (DNN) for energy forecasting. Amarasinghe et
al. discussed demand side management using DNN [68]. The authors tried to discover
intelligent energy systems management and smart load distribution focused on real-time
pricing. Mohammad et al. defined the energy load forecasting model, which is based on

DNN [69]. Furthermore, power demand forecasting using LSTM Neural Network is dis-
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cussed in [70]. Here, LSTM provides better performance as compared to the current work.
Few authors have analyzed the DNN & Genetic Algorithm (GA) and concluded that this
combination provides better performance. In addition, various authors applied the opti-
mal RNN - LSTM model for energy forecasting. Residual Network (ResNet) and LSTM
have been used in this approach to develop the forecasting approach [71]. LSTM-RNN
model is largely used in energy forecasting for small datasets. Using this approach, a few
authors used LSTM-RNN-based day-ahead load forecasting [72] using smart meter data of
different localities. In a similar work, Sainath et al. discussed short-term load forecasting
based on CNN and LSTM [73]. Many authors illustrated various applications, models, and
challenges in predicting energy. To overcome these challenges, different machine learning
models have been used. In [74], authors described statistical-based modeling, machine
learning, and deep learning-based model. Further, Diamantoulakis et al. suggested about
prediction model for energy which is based on dynamically demand response in SG [75].
They suggested dynamic energy management so that sufficient energy can be managed

and costs can be reduced.

3.1.1 Related Works

Energy consumption prediction plays a significant role in maintaining the demand and
supply gap in SG. It provides better decisions for the power utility. Since energy prediction
is a time series data, it is desirable to work on techniques where big data challenges can be
handled by minimizing the error between actual and predicted value. In this context, M H
Rashid uses smart meter data and developed big data analytics techniques for analyzing
time series data. [76]. However, the author has taken a small dataset and compared it

with other techniques which are not effectively considered.

Minimal work with respect to energy forecasting using big data analytics has been done
using existing methods such as the backward propagation neural network, support vector
regression (SVR), generalized radial basis function neural network, and multiple linear
networks. In a different work, Khuri et al. described 0/1 multiple knapsack problem [77]
where proposed technology works on historical data. However, the authors have not used
big data analytics. Few authors work on a similar line of energy management, and they
tried to improve energy consumption prediction using CNN and Bi-directional LSTM
(Bi-LSTM) neural network [78]. They applied electrical energy consumption prediction
using the Bi-LSTM model to improve results. In this approach, the authors used a small
dataset. Other researchers described dynamic test data generation using GA in energy

prediction strategy [79]. However, none of them have used large datasets.

Sulaiman et al. used smart meter data and solved big data analytics using an adaptive

19



neuro-fuzzy inference system [80]. They used this data to predict the day scheduling
and verified the prediction accuracy to 84.03%. In a very close work, A D Teres used
the MapReduce algorithm and developed histogram visualization for SG [81]. However,
the research was not intended for energy prediction. Simhan et al. discussed cloud-based
approach for dynamic demand response for the SG [82]. However, the authors did not
focus on energy forecasting. In a different approach, Kaur et al. tried to elaborate on
the LSTM-based regression approach to solving the energy management of smart homes
[83]. They verified the results with the existing techniques, and data were taken for 112
houses to validate the results. Furthermore, Couceiro et al. made a stream analytics for
energy prediction [84]. They used data streaming for handling large datasets for real-time
applications in power systems. However, their work was not validated in a real-time data
stream. A short-term load forecasting using LSTM-RNN in the SG [85]. Here, the authors

validated the result for a single household to forecast the load.

In recent research, Zhang et al. used SVR and adaptive GA to optimize the parameters
to get the best load forecasting model [86]. They performed and validated their results
on a specific ratio value using tiny datasets. In a similar work, Eseye et al. proposed ma-
chine learning tools based on binary GA [87]. They applied the feature selection process
and gaussian process regression for measuring the fitness score. A similar approach is
discussed in [88], where the authors used a hybrid model of GA and LSTM. They used
half-hourly data from the Australian energy market operator. However, their testing and
training datasets were verified on small datasets. The authors used GA-ANN techniques
for wind forecasting [89]. The authors used meteorological data and compared double-
stage backpropagation-trained ANN. In a similar work, Jaidee et al. presented a method
for finding optimal parameters of a deep learning model by GA [90]. They tested the re-
sults with many other techniques, including LSTM. However, their validation was limited

to small datasets.

3.1.2 Motivation

Load forecasting is difficult in SG due to its complex and nonlinear relationship with
different datasets. The researchers have adopted other data mining and machine learning
techniques, but very few have taken large datasets to validate their proposal. The massive
use of classification and regression analysis still poses a challenge when large data is
considered at the implementation level. From the literature review, it has been observed
that very little work has been done on big data techniques for energy prediction. It has
also been observed that time series data can not be handled using conventional machine

learning tools when large data is involved.
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Further, load forecasting techniques involve large datasets, and to get early convergence,
we need some optimization tools, along with LSTM. Few authors proposed a different
algorithm to develop load forecasting with big data. Still, none have analyzed the results
regarding the multi-threading approach of GA-LSTM, which increases the convergence
speed. Further, energy prediction is one of the techniques to understand the proper uti-
lization of energy resources. Therefore, we need to analyze big data and use it for load
forecasting. Accurate load forecasting may reduce the supply and demand gap of electrical

usage.

3.1.3 Contributions

In this chapter, a multi-layer GA-LSTM model is proposed for energy prediction. It
provides a better result as compared to existing techniques. The purpose of using GA
is to optimize the parameters of the LSTM. To verify the effectiveness of the proposed
system, different parameters of LSTM have been used to reduce errors. The significant

contributions of this chapter are as follows.

e Multi-threaded based GA-LSTM technique is used for improving the performance

of the algorithm with overall execution time.

e After identifying the lower and upper bound of the LSTM parameter, GA is used
to optimize the LSTM for better performance.

e To validate the performance of the GA-LSTM approach for extensive data, real-
time data of PJM has been used to validate the results with different evaluation

metrics.

e To find the interval size of the optimal data that gives minimum mean square error.

3.1.4 Organisation

Section II provides the methodology of the proposed work. Section III explains the dataset
along with performance and evaluation parameters. Section IV outlines the results and

discussions. Finally, the chapter is concluded in section V.

3.2 Dataset and its Description

3.2.1 Data Description

The dataset is a multivariate time-series data collected from Pennsylvania-New Jersey-

Maryland Interconnection (PJM), which is a regional transmission organization (RTO)
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Table 3.1: Hourly sample dataset of energy consumption

SN Date Time(hrs) | Energy (MWh)
1 |01/01/2002 1.00 14107
2 | 01/01/2002 2.00 14410
3 [ 01/01/2002 3.00 15174
4 | 01/01/2002 4.00 15261
5 | 01/01/2002 5.00 14774
6 | 01/01/2002 6.00 14363
7 | 01/01/2002 7.00 14045
8 | 01/01/2002 8.00 13478
9 | 01/01/2002 9.00 12892
10 | 01/01/2002 | 10.00 14097

in the United States of America [91]. PJM is a part of the Eastern Interconnection grid
operating an electric transmission system serving all parts of Delaware, Illinois, New
Jersey, and North Carolina. The hourly energy consumption data comes from PJM’s
website and are in Megawatts Hour (MWh). The dataset is daily and weekly based on
time series data. The dataset is of the PJM East that consists of data from 2002-2018
for the entire eastern region where 2002 to 2015 is used for training and 2015 to 2018 is
used for testing [92].

Energy consumption has unique characteristics. The regions have changed over the years,
so data may only appear for specific dates per region. GA-LSTM model is applied to
these large datasets. The values of variables are compared between actual and predicted

values.

Since hourly-based data is very complex and unsuitable for the LSTM model, the focus
was laid on daily and weekly-based data. This data is compatible with the GA-LSTM
model and provides more than 90 percent of result accuracy. For validation of the proposed
work, three types of datasets are used, and they are hourly, daily, and weekly whose sample
data is mentioned in Table 3.1, Table 3.2 and Table 3.3 respectively.

3.2.2 Performance measures used in this energy forecasting

3.2.2.1 Mean Absolute Error (MAE)

MAE measures errors between two variables, such as = and y. The observations are

expressed about the same event. It is described as per the following equation.
MAFE L i | | (3.1)
== a; — Pi :
i3 g
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Table 3.2: Daily sample dataset of energy consumption

SN Date Energy (MWh)
1 | 01/01/2006 363822
2 | 02/01/2006 389012
3| 03/01,/2006 431551
4 | 04/01,/2006 430618
5 | 05/01/2006 388212
6 | 06/01/2006 392685
7 | 07/01/2006 304595
8 | 08/01/2006 393980
9 | 09/01/2006 417416
10 | 10/01,/2006 144514

Table 3.3: Weekly sample dataset of energy consumption

SN | Year | Week | Energy (MWh)
1 2006 1 2799495
2 2006 2 2986229
3 2006 3 2884968
4 | 2006 4 2644030
) 2006 ) 2614028
6 2006 6 2614028
7 2006 7 2562487
8 2006 8 2562487
9 2006 9 2356473

10 | 2006 10 2349789

where, n is the number of observations, a is actual energy consumption, and p is the

predicted energy consumption.

3.2.2.2 Mean Square Error (MSE)

Mean square error (MSE) is an estimator which measures the average of the squares
of errors. Here, the average square provides the difference between the predicted and

actual values. MSE is given as follows.

MSE = %Z(ai —p;)? (3.2)

=1

where, p; indicates predicted value and a; indicates actual value.
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3.2.2.3 Median Absolute Error (MDAE)

The median absolute error is crucial due to its robust approach to outliers. Here, the loss
is calculated by taking the median of all absolute differences between the actual and the
predicted value. In the below equation, p; is the predicted value of the i sample and a; is

the corresponding true value. MDAE estimated over n samples is defined as follows.

MDAE(a,p) = median(|lay — p1|, ..., |an — pnl) (3.3)

3.2.2.4 Correlation

Correlation describes the statistical relationships between actual and predicted values. It

is defined as follows:

_ > ii(ai —a)(pi — p)
Vi (@i —a)? 3 (pi — p)?

r

(3.4)

where, r is the correlation, a is the actual value, p is the predicted value, a is the mean of
all actual values, p is the mean of all predicted values and n is the number of instances.
Correlation lies in the [-1, 1] interval and considered to have good correlations if its
value tends towards 1 or -1. The LSTM model is trained on 70 % of the dataset, and
testing is done on the remaining 30% of the dataset. The trained LSTM model generates
the predicted values compared with actual values. Correlation is the best parameter to
understand the relationship between actual and predicted values. The correlation values
lie between -1 and +1. The correlation sign denotes the association’s nature, while the

value denotes the strength of the association.

3.2.2.5 Coefficient of determination (R?)

The coefficient of determination (R?) summarizes the explanatory power of the regres-
sion model and is computed from the sums-of-squares terms and given as per the below

equation.

R*=rx*r (3.5)

where, r is the correlation as mentioned in Eq. (4). R? lies in the [0, 1] range and is

considered good R? if its value tends towards 1.
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Figure 3.1: Work flow of the complete system

3.3 Methodology

3.3.1 Proposed work

The workflow of the complete system is shown in Figure 3.1. As can be seen from this
figure, collected data is preprocessed and divided into training and testing sets. Once the
dataset is divided, the LSTM model is trained with 70% of the dataset, and testing is
done with the remaining 30% of the data. From the test data, a prediction of consumed
energy is obtained. Further, to improve the model, LSTM parameters are tuned with
GA for calculating the evaluation points. The below subsections presents the modeling
of LSTM, GA, GA-LSTM, and multithreading in GA-LSTM.

3.3.2 Long Short-Term Memory

LSTM is mainly used for the time series datasets to predict energy. It works with feedback
connections and memorizes previous information inside the network. It has the capability
of solving time series and nonlinear prediction problems. The major problem of RNN is
"Long term dependency”; therefore, LSTM is used to overcome this problem. The cell
state is the key to LSTM, like a conveyor belt. LSTM can add or remove information,
and it is regulated by structures called gates. Gates are the mode where information is
optionally chosen. These gates work with a sigmoid activation function and a point-to-
point multiplication operation. There are mainly three types of gates: input gate, output
gate, and forget gate. Tanh, sigma (o), and Relu are the activation functions mainly used
in the LSTM network. The below subsection describes the different techniques of LSTM
for handling large datasets.

3.3.2.1 Handling a very Long Sequence data with LSTM

LSTM is capable of learning and capturing previous sequences of inputs. It can work

nicely with one output, having many inputs but suffers if a long input sequence exists.
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It is called sequence labeling or sequence classification. There are six modes of handling
very long sequence data for classification problems. The starting point is to use the
long sequence data without any process. However, this may take a long time to train.
Further, an attempt to back-propagate across extremely long input sequences may result
in vanishing gradients and, in turn, an unlearnable model. A reasonable limit of 250-500
time steps is often used in practice with large LSTM models. Therefore, a way to handle
these types of long sequence data is to truncate them. Here, removing the time steps from
the beginning or at the end of input sequences is done. It may be possible to summarize
the input sequence in some problem domains. For example, when input sequences are
words, it may be possible to remove all words from input sequences above a specified

word frequency, such as and, &, the, and many more.

3.3.2.2 Process of LSTM

In this subsection, the step-by-step working of LSTM is explained. The first step in
LSTM is to decide what information to select from the cell state. This decision is taken
by the forget gate, which determines what information to keep and what information
to discard. Information from the input and previous hidden states is passed through a
sigmoid function which squishes the values between 0 and 1. Values closer to 1 are kept,

and values closer to 0 are discarded.

The second step is to obtain the current cell state from the previous cell state and
input. The previous hidden state and the input are passed through the input gate, which
consists of the sigmoid function, which squishes the values between 0 and 1 based on their
importance. Values closer to 0 are unimportant, while values closer to 1 are. The hidden
state and the input are also passed through the tanh function, which creates a candidate
vector between 1 and -1; this regulates the network. The output of the input gate and the
candidate vector is then multiplied. Finally, the obtained value is added to the product

of the previous cell state and the forget vector to get the current cell state.

The third step decides what the new hidden state will be. The input and previous hidden
state are passed through a sigmoid function to obtain the output. Next, the current cell
state is passed through a tanh function. The obtained value and the output are then
multiplied to decide what information the next hidden state carries. The product of this
multiplication is the hidden state passed to the next LSTM cell along with the current

cell state. The structure is shown in Figure 3.2.
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Figure 3.2: The operation of LSTM [1]

3.3.2.3 Modeling of LSTM

This subsection explains the mathematical modeling of LSTM cells at every time step.
LSTM cell contains several components such as forget gate F', which decides what infor-
mation should be thrown away or kept, a candidate layer C' which holds all the possible
values to be added to the cell state, an input gate I which is used to update the cell
state and output gate O which decides what the next hidden state should be. Further,
we represent the hidden state by H, and C represents the cell state, and both of these
are vectors. The current LSTM cell is considered as the time step ¢. In the following

equations '#’ is an element-wise multiplication, '+’ is an element-wise addition.

First, the input and previous hidden state are passed through the forget gate of the LSTM
cell, which has a sigmoid activation. It uses sigmoid activation because it needs to decide
whether to forget information or not. The closer to 0 means to forget, and the closer to

1 means to keep.

Fr=0(XyxUp+ Hi_y xWy) (3.6)

here, X; is an input vector, U; and Wy are the weight vectors for the forget gate and
candidate gate, respectively, and H;_; is the previous cell output or the hidden state. The
following equation represents the new state of the LSTM. We pass the hidden input and
current input into tanh function to squish values between -1 and 1 which helps regulate

the network.

C'y =tanh(X; x U. + Hy_1 x Wy) (3.7)
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where, C'; is the current cell state at time step ¢, it gets passed to the next time step. H;_;
is the previous cell output and X; is the input vector. The input gate is represented as
per the below equation. We pass current input and previous hidden state into a sigmoid
function that decides which values will be updated by transforming the values between

0 and 1. 0 means not important, and 1 means important.

It = U(Xt k Uz + Ht—l * WZ) (38)

where, [; is an input gate at the time step of ¢, U; and W; are the weight vectors for
the input gate and candidate gate, respectively, whereas H;  is the previous cell output.
The output gate is represented as follows. Here the input vector and the previous hidden

state are passed through a sigmoid function.

Oy =0(Xyx (U, + Hi_1) x W,) (3.9)
where, O, is an output gate at the time step of ¢, X, is an input vector, U, and W, are

the weight vectors for the output gate and candidate gate, respectively, whereas H;_; is

the previous cell output. The current time step is mentioned below.

Ot = ft * Ot—l + lt * C/t (310)

where, C; is current cell step at time step of ¢, f; is a forget gate vector, I; is the input
gate. The current cell output is mentioned below equation. This uses the output gate and

cell state to give us the current hidden state.

Ht = Ot * tanh(Ct) (311)
here, H; is the current cell output at time step of ¢t and tanh(C;) is the activation function

used to find the current cell state. Now with the current memory state C}, we calculate

the new memory state from the input state and C’ layer.

Ci=Ci+ L;xCy (3.12)
where, C; is the current cell state at time step ¢, and it gets passed to the next time step,

and C} is the new candidate gate. Now LSTM cell takes the previous memory state C(t;)

and does element-wise multiplication with forget gate F; as per the equation mentioned
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below.

Ot = Ct—l * Ft (313)

This output will be based on our cell state C; but will be a filtered version. Therefore, we
apply tanh to C}, and after this, we make element-wise multiplication with the output

gate O, which will be our current hidden state H;.

Now we pass C; and H; to the next time step and repeat the same process.

3.3.3 Genetic Algorithm (GA)

GA is based on the survival of the fittest, which Darwin proposed. Mainly five steps
are involved in GA: initial population, selection operator, fitness function, crossover, and
mutation. The fitness function has a significant role in GA. Based on the requirements
of LSTM, seven sets of chromosome samples are taken, and they are data interval size,
number of epochs, batch size, number of hidden layers, dropout rate, and number of units
in each layer. The selected dimensions are used for processing the GA-LSTM model. The
results depend on the fitness score, which provides better results after comparing the

predicted and actual values.

Moreover, mutation and crossover have an essential role in this algorithm. Here, chromo-
somes work as a potential solution to the target problem. It behaves as a binary string in
a chromosome for processing the model. The chromosomes are generated randomly, and
the one which provides the best performance is selected. The basic process of the flow

chart of a GA is shown in Figure 3.3.

3.3.4 Optimization in LSTM Network with GA

The operation of the LSTM cell is shown in Figure 3.2 where three gates perform in
coordination with each other. LSTM can keep or forget information according to the
requirements in these operations. This proposed work is divided into two stages. The first
stage is the experimental part, where appropriate network parameters of the LSTM are
designed. In the LSTM design, the sequential input layer works on five hidden layers. By
applying GA, an optimal number of hidden neurons is found in each layer. GA searches
the optimized hidden layers in the LSTM model. In this model, the hyperbolic tangent

29



| Initialize Population

A

Fitness Function

Mutation

Termination Crtiterian ?

A

A

Crossover Select Population

Output Optimal Results [«

Figure 3.3: The flow chart of Genetic Algorithm

Algorithm 3.1 Genetic Algorithm with LSTM

1. Initialize the GA parameters
e cr = 0.9;

o mr = (.1;
e iterations = 20;
e popSize = 20
2. Ir.lit(ijalize% LSTM parameters

I

e datalnterval = [10, 20, 30, 40, 50, 60, 70, 80, 90, 100];
e nEpochs = [50, 100, 150, 200, 250, 300, 350, 400, 450,500];
e batchSize = [8, 16, 32, 64];
e nHiddenLayer= [2,3,4,5];
e dropoutRate = [0.1, 0.2, 0.3, 0.4];
e nUnits = [10, 20, 30, 40, 50, 60, 70, 80, 90, 100];
3 niActivationFunction = ['relu’, 'sigmoid’, "tanh’]

4. InitPop[P(t)] ; Initializes the population
5. EvalPop[P(t)] = LSTM (chromosome); Evaluates the population
while stopping condition do
Crossover()
Mutation()
MemoriseGlobalBest()
end while
6. Return the individual with the best fitness as the solution;
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Algorithm 3.2 Algorithm 2: Random approach with LSTM

1. Parameter initialization
e iterations = 20;
e bestchromosome = ||
e bestAccuracy = 0
2. Initialize LSTM parameters
e d=T;

e datainterval = [10, 20, 30, 40, 50, 60, 70, 80, 90, 100];

e nEpochs=[50, 100, 150, 200, 250, 300, 350, 400, 450, 500];

e batchSize = [8, 16, 32, 64];

e nHiddenLayer = [2, 3, 4, 5]

e dropoutRate=[0.1, 0.2, 0.3, 0.4];

e nUnits = [10, 20, 30, 40, 50, 60, 70, 80, 90, 100];

e nActivationFunction = ['Relu’, ’sigmoid’, "tanh’];
3.t=1

4. While t < iterations;

chromosome = Generate random set of LSTM parameters;
Evaluate accuracy = LSTM (chromosome)

if accuracy > bestAccuracy;

bestAccuracy = accuracy

bestChromosome = chromosome

t=t+1

5. Return the bestAccuracy and bestChromosome as solutions.

function is used for input nodes and hidden nodes. The range of tanh is (-1 to 1). The
activation function of the output node is designed as a non-linear function that works
with the regression method. The objective of this model is to predict energy consumption

for the next year. The initial weight of the network sets the random values.

GA is combined with the LSTM model in the second stage, where the fitness function
is the main feature. GA is the evolutionary algorithm for selecting the initial population
based on the fitness function. At the initial stage, the population is generated randomly.
After reproduction, the best pairs of fitness scores are selected. The experimental results
depend on fitness scores. Here, seven dimensions in one chromosome sample are created.
Performance is measured through benchmark and GA-LSTM. This approach has an ad-
vantage in predicting energy consumption with large datasets. The experimental result
is compared with Mean Absolute Error (MAE), Mean Square Error (MSE), Median Ab-
solute Error (MDAE), correlation, coefficient of determination, and accuracy. GA-LSTM

provides the optimal solution for large-dimension data.

Here, chromosomes are represented by strings of arrays, and to obtain fitness value, the
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MSE of the prediction model is used. The detailed algorithm is mentioned in Algorithm
1. This algorithm describes the use of GA to optimize the LSTM parameters. It uses
crossover, mutation, and selection of the best chromosome that gives the best accuracy as
fitness value. In step 1, GA parameters are initialized, and in step 2, LSTM parameters are
initialized. Similarly, Algorithm 2 describes the random approach for LSTM parameters

optimization. The fitness function (F') is defined as per the below equation.

F = min(MSE(LSTM(z))) (3.15)

where, z is a vector of parameter and the sample chromosomes is like x = [3, 30, 200,
32, Relu, 0.1, 30] which can be verified from Table 3.4. It returns the MSE between the

actual and predicted values of the testing dataset.

3.3.5 Multi-threading in GA-LSTM

Multithreading uses the CPU cache, translation look-aside buffer (TLB) cache, and single
core or multiple cores to carry out various tasks concurrently. It is a process in which the
CPU provides multiple threads simultaneously to execute a task in less time. The CPU
cache reduces the average data access time from the main memory, while TLB reduces the
average time for memory allocation in the main memory. In GA-LSTM, data is loaded,
and the model is trained after that. These processes go step by step, and the user needs
to wait for their execution. But through multithreading, these tasks can be performed
in parallel by running a number of threads that get queued and operate at high speed
without getting blocked.

There are many benefits of multithreading. Firstly, it eliminates the multiple processor
subsystem and the hardware. Secondly, a single server can perform a number of tasks
simultaneously by dispatching multiple threads at a time. This reduces the number of
servers required while loading large data. Thirdly, the applications run one after the other
and wait for the former to get over. The latter applications don’t get blocked. Instead of

that, they get queued and increase responsiveness to the operation.

Finally, the memory allocated to processes is relatively high if multithreading is not

used.

3.4 Results

PJM dataset from 2002 to 2018 has been used to validate the results, wherein the dataset
from 2002 to 2015 has been taken for training, and the dataset from 2015 to 2018 is taken
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Table 3.4: LSTM hyperparameters

SN | Parameters Values
1 | Number of hidden layers | [2,3,4,5]
2 | Data mterval size [10,20,30,40,50,60,70,30,90,100]
3 | Epochs [50 to 500 with an interval of 50]
4 | Batch size [8,16,32,64]
5 | Activation Function [Tanh, Sigmoid, Relu]
6 | Dropout rate [0.1,0.2,0.3,0.4,0.5]
7 | Number of units [10,20,30,40,50,60,70,80,90,100]

for testing. GA-LSTM model is trained and tested, and the validation of the proposed
work is analyzed. In the initial stage, the number of LSTM units is formed into vectors of
hidden layers, epochs, batch size, interval size, and activation functions. In the proposed
work, the parameters of LSTM are optimized and verified for the effectiveness of the
GA-LSTM model. The performance of the GA-LSTM network is measured using MAE,
MSE, MDAE, correlation, coefficient of determination, and accuracy. A comparison of
actual and predicted results was made, and it was found that error is reduced using the
proposed model. For validation of the proposed work, three types of datasets have been
used hourly, daily, and weekly, whose sample data is mentioned in Section III. Since the
hourly-based dataset is very complex and not suitable for the GA-LSTM model, we have

used daily and weekly-based datasets in our work.

3.4.1 Experimental setup and simulation parameters

The proposed algorithm uses Xeon Processor with 64 GB RAM (20 cores) and a 1TB
SSD. To increase the speed of the simulation, a multi-threaded GA-LSTM algorithm is
used. LSTM parameters have been shown in Table 3.4. A maximum of 5 hidden layers
are used for better validation of the results. It is seen from this table that as the data

interval size increases, an epoch is also increased.

Further, three types of activation functions, tanh, sigmoid, and Relu, are used. The
purpose of using three types of activation functions is to verify the proposed methodology
for large datasets. Further, these activation functions will give better choices while making
crossover and mutation in GA. It can be seen in the table that the dropout rate varies

between 0.1 to 0.5, and the number of units is taken between 10 to 100 at an interval of

10.

GA parameters such as crossover, mutation, population size, and the number of iterations

are mentioned in Table 3.5.
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Table 3.6: Optimized parameters of LSTM and Random for Daily and Weekly energy

Table 3.5: GA parameters

SN | Parameters Values
1 | Crossover rate | 0.9 (Single point crossover)
2 | Mutation Rate | 0.1 (Single point mutation)
3 | Population size | 100
4 | Iteration 20

consumption prediction using GA

LSTM Random
SN | Parameters Daily Weekly | Daily Weekly
Energy | Energy | Energy | Energy
Predic- | Predic- | Predic- | Predic-
tion tion tion tion
1 | Number of hid- | 4 3 3 2
den layers
2 | Data interval | 60 60 50 40
size
3 | Epochs 450 450 400 450
4 | Batch size 16 16 8 16
5 | Activation Func- | Relu Relu Relu Relu
tion
6 | Dropout rate 0.3 0.2 0.3 0.2
7 | Number of units | 60 40 50 50

It is seen from the table that the single-point crossover is used. Another parameter is a
mutation, where the rate at a single point is 0.1. The size of the initial population is 100.
Further, the maximum number of iterations is taken as 20. The selection criteria used is

the roulette wheel.

After optimizing the parameters of LSTM, the best parameters are found, which are

mentioned in Table 3.6.

This table provides the best parameters for daily and weekly energy prediction, and it

can be observed that the Relu activation function provides the best performance.

Similarly, it can be seen that the optimized batch size is 16 for both daily and weekly
energy prediction. Epochs are found to be 450 for both cases. The optimized data interval
size is 60 for both cases. The details of other parameters of LSTM and Random are

mentioned in Table 3.6.

Table 3.7 shows the experimental values of results with GA and Random approaches. The

performance metrics have been calculated for the daily and weekly datasets with respect
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Table 3.7: Performance and evaluation parameters for a daily and weekly dataset for
Random and GA

Daily Energy Consumption | Weekly Energy Consumption
Evaluation GA Random GA Random
Parameters
Mean Absolute | 5.34 x 10? 1.27 x 10° 1.35 x 10° 2.23 x 10%
Error
Mean Squared | 1.27 x 10° 7.66 x 10* 2.90 x 10* 6.45 x 10°
Error
Median ~ Abso- | 7.46 x 10! 9.80 x 102 4.20 x 102 8.31 x 103
lute Error
Correlation 0.931 0.551 0.892 0.496
R? 0.868 0.304 0.792 0.246
Accuracy 82.42* 51.26* 80.27¢ 48.22¢

*with acceptable error of 10°; @ with acceptable error of 10%.

to MAE, MSE, MDAE, correlation, coefficient of determination (R?), and accuracy. It
can be seen from this table that the accuracy of GA is 82.42 as compared to the random
approach, which is 51.26 for the daily dataset. Similarly, for the weekly dataset, the
accuracy of GA is 80.27, and the random approach is 48.22.

Further, it can be observed that correlation and R? are better in GA as compared to the
random approach. The other evaluation parameters, such as MAE, MSE, and MDAE are
also shown, and it gives the best performance for the daily and weekly dataset in GA
compared to the random approach. The acceptable error is mentioned as 10® and 10* for

the daily and weekly datasets, respectively.

3.4.2 Energy predication on a daily dataset

GA-LSTM prediction can be used for large datasets where GA is used to optimize the
parameters of the LSTM. Figure 3.4 shows the energy consumption of actual versus
predicted daily energy. The daily energy curve is given in MWh since PJM covers a
larger area of the USA. It is seen that the predicted energy of PJM is very close to the
actual energy. This prediction will help to schedule the generating units of PJM. LSTM
uses 70% of the data for training and 30% for testing. This property of LSTM reduces the
testing data. With the GA approach, the daily dataset’s energy consumption prediction

gives very few errors.

Figure 3.5 shows the convergence of daily energy prediction by using the random approach
and GA-LSTM approach. The convergence refers to the different systems moving towards

performing the same task. The random sets approach is heuristic by nature; hence, it is
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Figure 3.5: Convergence of daily energy consumption prediction

very helpful in discovering things themselves. This graph shows that random approach
convergence takes larger iterations while the GA approach takes 15 iterations to converge.
The convergence graph is taken with MSE and shows a lower value than the random
approach. This proves that GA provides the optimized result with a fewer number of

iterations, and it converges at low iterations.

Figure 3.6 shows parameter sensitivity for different data interval sizes for daily energy
consumption prediction. Parameter sensitivity analysis shows uncertainty in the output
of a model. It can be used to validate sources of uncertainty in the model input. Further,
this is a method for finding or establishing the response of a model, which changes when
parameters are varied. This graph shows MSE versus data interval size. It is observed

from the figure that MSE is low for data interval of size 60. Similarly, other optimized
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parameters can be seen from Table 3.6.

3.4.3 Energy prediction on weekly dataset

Figure 3.7 represents weekly actual energy consumption versus predicted energy con-
sumption. The utility mainly makes weekly predictions for the week ahead scheduling of
the generating units, and it is one of the SG’s most widely used short-term load forecast-
ing. Since the data is large, it can be seen from this figure that the energy is 1000 MWh.
It is also observed that actual versus predicted energy is very close to each other with a
tiny error. Further, this energy prediction can maintain the balance between the demand
and supply of the PJM. This prediction will save a large amount of money for utility and

better utilization of the generating plants.

The validation of the weekly energy forecasting is achieved through a convergence graph.
Figure 3.8 represents the convergence of weekly energy prediction with GA and random
approach. This convergence graph is shown till the 20th iteration and found that the ran-
dom approach has a slower convergence rate than GA. The random approach converges at
the 15th iteration while there a no certainty of convergence through the random approach.

It is also observed that MSE has a higher value of random approach than GA.

Parameter sensitivity is a method for finding or establishing how the responses of a model
change when parameters are varied. There is a great role of parameter sensitivity in the
optimization problem. Figure 3.9 shows parameter sensitivity with respect to MSE versus

data interval size. It has been observed from the figure that MSE has a lower value at a
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Figure 3.8: Convergence of weekly energy consumption prediction

data interval of size 60. This proves that data interval size optimization is a very accurate
method that will give a better convergence at lower iterations. Similarly, other optimized

parameters can be seen from Table 3.6.

3.4.4 Multithreading

The competitive performance of multiple threads is shown in Table 3.8. Here, the program
is run on a machine having 4-cores. The different number of threads are run starting from
1 to 8. As the number of threads increases from 1 to 4, the total execution time decreases.
Still, as we increase the number of threads from 5 to 8, the total execution time increases,
and this is evident from Figure 3.10. Therefore, the optimal number of threads must be

4 to run the LSTM-GA program in the 4-core machine.
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Figure 3.9: Parameter sensitivity for data interval size of weekly energy consumption
prediction

Table 3.8: Time taken by GA-LSTM with different number of threads

Number of threads | Time taken(sec)
1 822
2 545
3 476
4 364
5 390
6 490
7 600
8 900
1000 T
800 +
c
2 600 T
G
']
E 400 ¢
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0 : : : : : : : : :
0 1 2 3 4 5 6 7 8 9
Number of Threads

Figure 3.10: Multithreading: Number of threads v/s execution time
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3.4.5 Variability of MSE with GA and random approach

A Box plot is shown in this subsection to validate the performance of GA and the random
approach. Boxplot is a standardized way of displaying the variation of any quantity, which
emphasizes the system’s stability. Further, we need to have information on the variability
or dispersion of the data. A boxplot is a graph that indicates how the data’s values are
spread out and also identifies outliers. The variation of MSE with a random approach
and GA is shown to prove the efficiency of the proposed GA-LSTM algorithm. A total of
10 simulations are performed for daily and weekly energy consumption prediction. Figure
3.11 and Figure 3.12 present the box-plot for energy consumption for daily and weekly
energy consumption prediction. Here, the variation of MSE in the random approach
is more than GA. It is found that GA variation is significantly less than the random
approach, which proves the stability of MSE. Since there is less variation of MSE for the

energy prediction using GA, it outperforms the random approach.

3.5 Conclusion

This chapter introduces the prediction of energy consumption on a large real-time dataset
obtained from PJM. It uses big data analytics using machine learning to predict the
energy consumption for a large dataset. Two models, the random and GA approach, are
applied to achieve this. On comparing the performance of both models, it was found that
GA-LSTM outperforms LSTM. Further, multi-threaded GA-LSTM is used to increase the
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speed of convergence. It has been observed that GA has higher accuracy than the random
approach. The comparison is conducted experimentally for real datasets of PJM for daily
and weekly energy. It has been proved that the GA-LSTM model provides optimized
effective performance. The novelty lies in the multi-threaded-based GA-LSTM technique

used to improve the algorithm’s performance with a low execution time.

Further, after identifying the lower and upper bound of the LSTM parameter, GA is
used to optimize LSTM for better performance. The results of the proposed work are

verified with the variability of MSE, and found that the proposed algorithm passes all

the evaluation parameter checks.
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Chapter 4

Different data Filtering Techniques for Big
Data

Smart Grid (SG) has smart instruments which can communicate using Advanced Me-
tering Infrastructure (AMI). This will require SG a large storage space for storing the
time-series data. The veracity of data increases with respect to time and becomes a
challenging task for data managers. For managing large data sets, preprocessing is a
fundamental part of the data management system, and often it is called Intelligent Com-
pression (IC). IC is a method for removing redundant or repeated data from a disk or any
other storage device. In this paper, various filtering techniques are used to compress and
preprocess large data set of power consumption in SG. Filtering eliminates abnormal or
unwanted components, signals, or features from a data set. Here, five filtering techniques
have been used as Butterworth, Smoothing, Kalman, Frequency swept, and Filtfilt with
Long Short Term Memory (LSTM) to predict Power Consumption in the Smart Grid.
The results are compared with different evaluation metrics for five different datasets.
It is found that Filtfilt filtering techniques with LSTM provide better performance and

accuracy over other filtering techniques.

4.1 Introduction

A smart grid (SG) is an electric power grid that uses an automatic control system and
information technology. The primary aim of the SG is to provide the optimal amount
of information. The secondary ambition of the SG is to control energy for customers,
distributors, and grid operators. It can manage demand and supply by providing efficient
energy to the customers. In this system, energy generation, distribution, and consump-
tion are possible. There are various data and energy generation resources such as sensors,
smart meters, a Phaser Measurement Unit (PMU), and home appliances. The super-
visory control and data acquisition (SCADA) is a high-level management resource of
energy generation. These devices generate huge data, which is called big data. Big data
analytics are used to improve the performance of data and energy management systems.

Therefore, demand and supply can be managed in the SG. The compression method is
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capable of reducing and smoothing large data. In the experimental part, various filtering
techniques are used for the compression of data. By using these approaches, accuracy can
be improved efficiently. Further, we can remove the redundant or ambiguous data from

the system.

The data collected is extensive in scope and has a high variance. Data collected from the
various nodes in the grid is primarily similarly structured. Still, when grouped with ex-
ternal sources such as meteorological information and geographical data, only one or two
attributes are common to all the datasets. Therefore, data pre-processing and integration
are necessary and integral steps in the analysis process. The life cycle and management of

big data are highlighted in this paper and provide different big data challenges [93].

For managing these data,many authors highlighted their work regarding technical achieve-
ment. They explained the Long Short Term Memory (LSTM) model, which was recently
used to handle time-series data. It is used in multiple applications to predict finance and
speech recognition. Many authors removed the abnormal condition of previous research
by using the clustering and predicting method. Further, LSTM techniques are applied
to multidimensional time series where authors implemented aircraft data. Here, Spear-
man’s rank correlation coefficient approach is used for LSTM prediction [94]. In another
research paper, the authors tried to analyze the short-term cost by using Recurrent Neu-
ral Network (RNN) [95]. In a very similar work, authors tried to analyze forecasting of
consumption energy using Support Vector Machine (SVM) [96]. Here, the authors tried
to address various green challenges of big data [97] and its applications to energy fore-

casting.

Some authors explained short-term load forecasting where they have used a smoothing
technique [98]. There are different smoothing techniques such as simple exponential, ran-
dom walk, and moving average. In many research works, authors used smoothed moving
averages where past observations are weighted similarly. In some papers, data prepro-
cessing is applied to improve the system’s performance. Gorriz et al. discussed the pre-

processing with the time series data using Savitzky- Golay filtering technique [99].

Moreover, the Butterworth filter is a digital signal processing filter. Stephen Butterworth
introduced it. In this technique, deionising is eliminated to find better signal information.
The limitation of the Butterworth filter is short out by using the matched wavelet filter.
It is applied to digital data points for the smoothness of the data [100]. Here, the authors
tried to improve the performance of the system. It can increase the quality of the data

without disturbing the signal tendency.

In another filter, the Ensemble Kalman filter (EnKF), a group of items is viewed as a
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whole. The EnKF is used to consider the level of the system underlying hypotheses of the
Kalman filter [101]. Moreover, the authors tried to quantify the imbalance in the initial
conditions. They have also found out the magnitude of the model-error component. This

study provides an idea for further development to the EnKF for the measurements.

In a similar paper, the authors represented an algorithm that is used for the series of
measurements observed over a time of period [102]. It can measure noise, unwanted
disturbances, and other inaccuracies in the system. It produces estimates of unknown
variables. Filtfilt filtering technique is another method that runs the filter forward and
backward in the time across data which produces a zero-phase response. It is usually
non-linear-phase and adds some delay to the signal [103]. Johansson et al. highlighted
the frequency swept signal in some sources where the term chirp is used. The exponen-
tial smoothing technique is another one that is used for records forecasting qualitative
information in the time series [104]. It is different from other forecasting techniques. It
measures maximum and minimum weights to the most recent and old information. The
forecasting with the exponential smoothing technique is more reliable, providing a quick

response. Therefore, this approach has a significant role in the applications.

4.1.1 Related work

Energy management is a necessary part of the SG system. Therefore, data preprocess-
ing and compression methods can play a significant role in analytics. The dataset is
hourly-based time-series data, which can be a large dataset. For handling big data, these
compression techniques can be very effective. Many authors discussed the preprocess-
ing of time series data with different filtering techniques. Gorrize et al. highlighted the
Savitzky-Golay filter where two parameters are discussed about the window size, and the
degree of their polynomial [99]. The window size parameter shows how many data points
will be used to fit a polynomial regression function. The second parameter works over
the degree of the fitted polynomial function. In every window, a new polynomial is fitted,

which provides the smoothness effect in the input dataset.

Butterworth filtering approach can adjust the component values. Here, other applications
can be removed by using this matched wavelet filter. Further, it can improve signal filter-
ing performance by using a Butterworth wavelet filter. These wavelets are mathematical
functions that divide the data into different frequency components. It overcomes the lim-
itations of the Butterworth method. The Butterworth is a signal processing filter which
was discovered by Stephen Butterworth. Butterworth can solve the equations for two and
four-pole filters. It is an algorithm that measures the time series data. It can measure

noise, unwanted disturbances, and other inaccuracies and abnormalities in the system. In
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one such paper, the authors discussed the Butterworth model where a signal is created
by denoising in the dataset [100].

The smoothing technique is very cost-effective because it provides risk management mit-
igation. Here, various methods have been discussed for forecasting. All techniques are
based on time-series data. The main aim of this technique is to design a load forecasting
approach. Therefore, the electricity market would get highly accurate results. Many au-
thors are involved in developing various techniques related to energy forecasting. Patel

et al. discussed forecasting models where they tried to make an efficient energy forecast
model [98].

In a similar paper, authors highlighted energy forecasting using a simple moving average
and weighted moving average method. Here, the moving average model is used to predict
the storage process. It is used to forecast the value, which is used as a simple combination
of an average of current actual values in the time series dataset [104]. They used this

technique because of real-time application, and huge data is preprocessed.

Gustofsson et al. defined Filtfilt filtering, which is the most important technique and
works as a forward and backward in time across the data. It produces a zero-phase
response [105]. Here, the authors selected the starting stage for filters for the forwards
and backward situations of the signals. The main aim of this paper is to find the same
outcomes. Moreover, zero starting stage can show unexpected results. It can be lasting
a very short time at the starting or ending points. There were some limitations, such as
partial fraction problems. Therefore, the authors proposed to overcome these limitations
in stable and unstable conditions. They tried to remove transient’s problems. In a nutshell,

in this paper, the authors improved accuracy by using various evaluation matrices.

Many authors have worked on Kalman Filter, a filtering technique that estimates accurate
measurements. Due to redundant information added in the signal, denoising is created.
Therefore, it is needed to remove this redundancy from the signal to get accurate in-
formation. The Ensemble Kalman filter is a very effective algorithm. Here, the authors
proposed a powerful algorithm based on meteorology and oceanography. These algorithms
provided better performance than the standard Kalman filter (KF). The outcomes are
better as compared to the sigma point Kalman filters. In this state, nonlinear issues are
compared. Generally, in this technique, M. Roth et al. elaborated high-dimensionality of
the filter [101]. They defined new ideas for effective performance.

The swept-frequency signal is also a very effective filter. Here, the authors elaborated
on frequency response. They worked over full-waveform inversion (FWI), which uses the

high-resolution velocity models. It can minimize the differences between actual versus
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predicted waveforms [106]. The Frequency swept signal approach measures the source

calibration. Mainly, calibration is a documented comparison of the measurement devices

compared against a traceable reference standard or device. The reference standard should

be more accurate than the device to be calibrated. The frequencies are delivered as 1.5

Hz. The inversion of a mixed substances dataset provides no better results than this

technology. A detailed comparison of the related research is outlined in Table 1.

Table 4.1: Literature survey for the prediction of energy consumption

[99]

with ICA and Savitzky-
golay

SN | Authors/Ref Techniques Description Application/domain
1 | Usman et al. [2019] | Recurrent Neural | RNN is used for load fore- | Load Forecasting
[95] Network (RNN) casting in SG.
2 Sultana et al. [2019] | Support Vector Re- | SVR is used in data | Load and price fore-
[96] gression (SVR) analytics for load and | casting
price forecasting via en-
hanced support vector re-
gression technical report
for MSCS
3 | Zhang et al. [2019] | Data Integrity | It is used for data verifi- | cloud storage
[107] Verification Scheme | cation in SG.
(DIVS)
4 | Roopa et al. [2017] | Savitzky-Golay This technique is used in | Remove denoising
[108] evaluation for denoising
ST segment and smooth-
ing data
5 | Wu et al. [2016] [97] | Greening big data | Big data meet green chal- | Green challenges of
lenges: Greening big data | big data
6 | Hameed et al. [2015] | Smoothing  tech- | Smoothing techniques is | Smoothing data
[104] nique used for Time Series Fore-
casting
7 | Patel et al. [2013] | Short term fore- | Short term load forecast- | Smoothing dataset
[98] casting ing by using time series
analysis
8 | Plessiet al. [2012] | Wave form inver- | Full waveform inversion | Smoothing data
[106] sion and distance separated si-
multaneous sweeping
9 Patel et al. [2009] | Nonlinear filtering Nonlinear system identi- | Smoothing data
[109] fication using exponential
swept-sine signal
10 | Gorriza et al. [2004] | ICA and Savitzky Preprocessing time series | Preprocessing time se-

ries

4.1.2 Motivation

Nowadays, everyone likes digital libraries and e-commerce brokers that provide excellent

services. Due to the growth of large data, the consistency of data is affected by the

existence of duplicates in a data repository. The abnormal data creates excess memory

usage and high execution time. Therefore, many organizations want to develop some
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techniques to reduce these problems. The filtering technique has a vital role in separating
the redundant data from the repository system. They used these techniques for the real-

time application of the preprocessing of large data.

Moreover, they reconstructed the original signal by smoothed ICs. They have filtered
the matrix and found minor high-frequency variance for the old version. An ANN is a
biological system that follows the natural process as a biological neural network (human
brain). These all research techniques inspired us to do work in the preprocessing method.
Therefore, we applied many filtering techniques with LSTM in data preprocessing to

implement our work.

4.1.3 Contribution

The filtering techniques ’ primary task is handling non-linearity in the input dataset.
Various filtering techniques reduce the redundant data for energy consumption prediction.

The following are the significant contribution of the work done.

e Five different filtering techniques such as Butterworth, Smoothing, Kalman, Fre-
quency, and Filtfilt have been used to preprocess the five different power consump-

tion datasets.

e Long Short Term Memory (LSTM) model was used on the processed data for the

power consumption prediction.

e Results are analyzed with different performance metrics such as Mean Absolute
Error (MAE), Mean Square Error (MSE), Median Absolute Error (MDAE), Cor-

relation (r), Coefficient of determination (R?) and Accuracy.

4.1.4 Organization

In this paper, Section II defines the detailed methodology and workflow of a compara-
tive performance study of different filtering techniques with LSTM. Section III describes
other filtering techniques along with LSTM with the performance and different evaluation
metrics. Section IV describes the datasets. Section V shows the outline of the results and

discussions. Finally, Section VI provides the conclusion.

4.2 Methodology

Figure 4.1 shows the flow of the proposed work. The methodology is explained through

six steps. In the first step, raw data is collected, time-series power consumption data.
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This data is hourly based, which is converted into daily based datasets. Secondly, we
preprocessed the raw data by using different filtering techniques. For this purpose, other
preprocessing techniques such as Normalization (Data values are measured in a specific
range), handling of missing values, and removal of duplicate data are carried out. Data
preprocessing is a method of the data mining process where raw data is prepared for
the working model. It is one of the essential phases of a dataset that removes various
abnormalities such as data duplication, missing data, outliers, and carry out feature

selections, and these are explained as follows.

Raw time series power
consumption data

A 4

Pre-process the data

A 4

Apply filtering techniques

A\ 4

Divided the data into train and test

A\ 4
Train LSTM and make prediction
on testing data

A 4

Result analysis

Figure 4.1: Flow of the proposed work

1. Data Cleaning: In this part, the irreverent and missing values from the dataset
are removed. In missing data, such as ignoring the tuples and filling the missing

values are cleaned.

2. Data Transformation (DT): Data transformation is a significant phase of data
preprocessing. Here, data is transformed into appropriate forms of data. The tech-

niques which are used for DT are explained as follows:

(a) Normalization: Normalization is a technique where data values are measured

in a specified range.

(b) Removal of duplicate data: For solving problems, duplicate data are re-

moved.

(c) Handling of missing data: Handling of missing data is the most important
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technique for the mining process. In this technique, missing data is analyzed.

Further, various filtering techniques with LSTM such as Butterworth, Smoothing, Kalman,
Frequency Swept, and Filtfilt are applied. In the first phase of preprocessing, raw time-
series power consumption data are used, which are hourly based. The different dataset has
been used, such as American Energy Power (AEP), Commonwealth Edition (COMED),
Bright and Sunny Town (DAYTON), Duke Energy Ohio (DEOK), and Dominion Virginia
(DOM). After completing this process, filtering techniques are used, which shows better
performance. Here, data is divided into two parts. The first is the training phase, where
seventy percent of data is used, and the remaining thirty percent is used for testing. We
have trained data into various datasets and made predictions on testing using multiple
techniques. In the last step, we analyzed results with better accuracy by using multiple
filtering techniques with LSTM.

4.3 Different filtering techniques

Different filtering techniques such as Butterworth, Smoothing, Kalman, Frequency Swept,
and Filtfilt are explained in this section. After the collection of the data, the preprocessing
process is carried out. After completing this process, we applied filtering techniques that
provide better performance. This dataset is divided into two stages as the training and
testing stages. Moreover, we have trained data into LSTM and made predictions on
testing data. Finally, results are analyzed to get better accuracy by using various filtering
techniques with LSTM. The different filtering techniques which are used are explained

below.

4.3.1 Butterworth filter

Butterworth filter is a digital filter. Wavelet transform is a linear transform where (except
the first function) other functions are measured. Further, shifted versions of one function
are called mother wavelets. The discrete signal processing is carried out with the mother
wavelet. It is used to overcome the limitation of the Butterworth filter. It combines
complex functions and a low residual resolution of the approximated original signal. The
original signal is reconstructed from the complex functions and residual approximation in
this approach. The following equations are must true of the Fourier spectrum magnitudes

of [ (low pass) and h (high pass).

1(w)|2 + [h(w)]2 = 1 (4.1)
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Table 4.2: Description of the filtering techniques

SN | Filtering Techniques Description

1 Butterworth [8] Butterworth filter is a digital filter. It is used for
discrete-time series processing. In this filter, Infinite
Impulse Response (ITR) is applied for the design of
low pass and high pass filters. Weblet filter is used to
overcome the limitations of this technique. It helps
remove denoising from the signal.

2 Smoothing [12] It is a signal processing filter that makes data smooth.
It provides a maximally flat magnitude response.
3 Filtfilt [13] Filtfilt runs the filter forward and backward in time

across the data, which produces a zero-phase re-
sponse. It usually works as non-linear-phase

4 Kalman Filtering [10] It is a type of algorithm which is used for a series of
measurements over time. It can measure noise, un-
wanted disturbances, and other inaccuracies in the
system.

) frequency swept signal [14] | Here, full-waveform inversion approach are used.
Here, authors presented four full-waveform inver-
sion results, which are obtained without offset. They
tried to deal with a descended dataset and with the
blended dataset.

For cancellation of any aliasing is guaranteed by setting is follows:

hie = (=h)ila—k) (4.2)

The filters, [ (low pass) and h (high pass) are related to the mother wavelet, psi(x), and

the scaling function, fi(x), by their 2-scale relations.

U(x) =2 kgky(2z — k) (4.3)

Y(x) =2 khki(22 — k) (4.4)

or in the frequency domain by
Y(w) = G(w/2)y(w/2) (4.5)
Y(w) = H(w/2))(w/2) (4.6)
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where, G(W/2) is detailed function and H(W/2) is residual function of the fourier spec-
trum magnitude, psi(w) is the Fourier spectrum magnitudes, [ is (low pass) filter & h is

(high pass) filter and k is a constant.

4.3.2 Smoothing Technique

The simple moving average is represented in the following form, where it is a prediction
for the next period ¢ + 1. The number of periods is the actual values (demand) for the
past period, such as two periods ago, three periods ago, etc. In the last step, we analyzed

the prediction on testing data.

Ei+ Eyr+ o+ B
n

Lt+1 - (47)
where, L;; is forecast for the next period t+1, n is the number of periods to be averaged,
E, E,_1, +...4 Et —n+ 1 are actual value for the past periods, two periods ago and so

on.

4.3.3 Kalman filter

Kalman filter measures the previous time step and the current time step. In this technique,
there are two distinct phases defined. The first one is predicted, and another is the updated
phase. The prediction phase uses the state measures from the previous time step ¢ — 1.
It produces a state measurement at the current time step ¢. Further, at time ¢, z(¢) is an
observation of the true state M HP(t).

MHP,4(t+1)
MH P, 4(t)

MHPsp(t+1) = MHP(t) (4.8)

Where, M HP(t) is the actual state.

4.3.4 Frequency swept signal filtering

This approach measures the source calibration terms that are solutions are gathered
every iteration. Further, to avoid the drawback, some relative source scaling factors are

calculated.

gs = Z Brw,d(x — at) (4.9)
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Where, f; is the estimation of source calibration, 8F is the relative source scaling factors,
ws is a wave equation solution gathered per modeling. Further, x is the actual value of
the relative source scaling factors, and z¥ is the predicted value of the relative source

scaling factors. Finally, d(z — z¥) is differences between actual and predicted value.

4.3.5 Filtfilt filtering

The bandpass filtering causes delay. Therefore, the bandpass filter is used twice in the
opposite directions to prevent this. Here, the function Filtfilt performs these operations.

The following equations are used for solving problems.

) =) biz(t—1), z(t)= bEt+1) (4.10)

Where, z(t) is the time series equation of phases in the frequency band. Given a time
series zo(t — 1), its phase in the frequency bands is measured as an input. At first, a
bandpass filter with the passband is selected and applied to zo(t + 1). The bandpass
filtered signal z(t) is the one that provides output.

4.3.6 Long Short Term Memory (LSTM)

In this paper, LSTM is mainly used for the time series dataset to predict energy con-
sumption. LSTM has a memory that works with feedback connections and remembers
previous information inside the network. It has the capability of solving time series and
non-linear prediction problems. The major problem of RNN is ”Long term dependency”;
therefore, LSTM is used to overcome this problem. The cell state is an essential key of
the LSTM, and it is used as a conveyor belt. It can add or remove the information, and
the structure, called gates, regulate it. Gates are the mode where information is option-
ally chosen. These gates work with a sigmoid neural network and a point multiplication
operation. There are three main types of gates: input gate, output gate, and forget gate.
Tanh, o and Relu are the activation functions mainly used in the LSTM network. Figure
4.2 provides the basic structure of LSTM model. There are different equations used in

this model and are defined as follows.

The dependent variable of the LSTM is mentioned below.
M
yly = o(b + Y wh @l +m—1,5) (4.11)
m=1
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Figure 4.2: Basic structure of the LSTM

In this equation, y}j is a dependent variable where the weight of each layer is calculated
with bias value bjl.. In this equation, the result of the vector is calculated by the output
vector of the previous layer. Further, o is an activation function, X? is the independent
variable, W is the weight of layers, and b is the biased value associated with input layers,

respectively. The output layer is given as follows.

M
vy = ot + 3wl o +m—1,5) (4.12)
m=1

Where, yilj is output from the first layer where the pooling layer combines with the output
of a neuron cluster in one layer into another single neuron. It is capable of reducing the

number of parameters. The maximum pooling layer of LSTM is defined as follows.

péj = maxreRyﬁj (4.13)

Where, péj is the maximum pooling layer of LSTM for storing time information. LSTM
gives a solution by consolidating memory units to update the hidden state. The input

gate is given as per the below equation.

ip = o (WyiPt + WyiP, — 14+ WeixCy — 1+ b;) (4.14)
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where, 7; is a input gate and the hidden states determine through the input gate, #; is
input state at a time ¢, C; is cell state at time ¢ and Wi x C; is weighted input. Forget

state is given as per the following equations.

fi = c{WofPt + Wifl — 1+ Wof*c, — 1 +bs} (4.15)

Here, f; is the operation of forget gate at time ¢, which consists of LSTM and output of
each gate represented by 7, j and o, W is the weight matrix of each gate unit respectively.
P, is the critical features of electric energy consumption as the output of the pooling layer
at time ¢t and used as input to the output of the memory cell. C; is cell state at time t,
and b is the benchmark of the forget gate. The operation of the output gate and cell state

are given below.

o = fix Cp — 1+ iy % a{WyePt + Wi — 1+ b.} (4.16)

¢ = fixCy— 1+ I x o(WyePt + Wychy — 14 b,) (4.17)

The feature vector is one of the important parameters of the LSTM. It is mentioned as
per the following equation.
hy = oy x o{C;} (4.18)

Where, h; is a feature vector. The last layer of the feature vector is mentioned as fol-

lows.
di =" wii' — 1(o(hl — 1+ — 1) (4.19)
j

Last layer d is fully connected layers. o is a non-linear activation. 1 is the weight of the
i'" node for layer (I — 1) and the j** node for layer j, and bé_l. The bias is determined
by 7 node for layer [ and b} . Further, * is element wise multiplication and + is element

wise addition.

Fr=o0(XyxUp+ H, — 1xWy) (4.20)

Where, F; is forget gate of LSTM, X, is the input vector, Wy is an input vector, U; and
W; are the weight vectors for the forget gate and candidate gate, and H;_; is the previous
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cell output.

O, =tanh(X; * U, + H,_y * W) (4.21)

where, C; is the current memory state at time step ¢. tanh is an activation function of
the candidate layer, X; is input vector, U, is weight vector, H;_; is previous output and

Wy is weight vector.

Iy =o0(XyxU; + Hy_y x W) (4.22)

In the above equation, I; is the input gate at time step ¢, U;, and W; are weight vectors
for the input gate and output gate, respectively, and H;1 is the previous step. The below

equation provides the information of the output gate as follows.

Ot = O'(Xt * Uo + Htfl) * WO) (423)

where, O, is an output gate at time step ¢, X; is an input vector, U, and W, are weight

vector of output gate and candidate gate. H; is the previous cell output.

Ct = ft * Ot—l + lt * Ut (424)

where, C} is the current cell memory and f; is an forget gate vector. The previous cell

output is given as below.

Hy = Oy * tanh(CY) (4.25)

In this equation, H;_; is the previous cell output, C;_; is the previous cell memory, H;
is current cell output, W and U is weight vectors for forget gate f respectively, Further,
the candidate gate is named as ¢, input gate as [ and output gate as o. The forget gate
is named as F', candidate as (C") and Input gate as I and output gate as O. The current

memory state is given as,

C,=Cy+ (I, x C,) (4.26)

Where C} is the current memory state at time step ¢ and it gets passed to the next time

step and [; is the input gate. The current cell output is mentioned below.
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Table 4.3: Description of the dataset

SN

Dataset

Description

AEP [110]

American Energy Power (AEP) dataset is hourly based Energy
Consumption data. The consumed energy is measured in Megawatts

COMED [110]

Commonwealth Edition is called COMED. It is hourly based En-
ergy Consumption data. It is largest electric utility in Illinois. The
consumption of energy is measured in (MW)

DAYTON [110]

DAYTON is name of company of light and power. It is hourly
based Energy Consumption data. It is measured consumed energy
in Megawatt (MW).

DEOK [110]

Duke Energy Ohio/Kentucky (DEOK) is hourly based Energy
Consumption data. The consumption of energy is measured in
Megawatt (MW).

DOM [110]

Dominian Virginia Power (DOM) is hourly based Energy Consump-
tion data. The consumption of energy is measured in Megawatt

Hy = Tanh(C) (4.27)

In this equation, H; is the current cell output at time step of ¢, tanh(C) is the activation

function used to find the current cell memory. We pass these two C; and H; to the next

step and repeat the same process. Figure 4.2 shows the different LSTM steps.

4.4 Dataset and its description

4.4.1 Data Description

The dataset is multivariate time-series data. We have used five datasets such as Ameri-
can Energy Power (AEP), Commonwealth Edition (COMED), DAYTON, Duke Energy
Ohio/Kentucky (DEOK), and Dominian Virginia Power (DOM). The description of the
dataset is mentioned in Table 3. The detailed period of the dataset is provided in Table

4.

4.4.2 Model evaluation parameters

4.4.2.1

Mean Absolute Error (MAE)

MAE measures error between two variables such as b and s. The observations are ex-

plained about the same event. In the below equation, where b versus s are comparisons
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Table 4.4: Duration of the dataset

SN | Dataset Duration

1 | AEP[110] 2006 to
2019

2 | COMED[110] | 2011 to
2018

3 | DAYTONJ110] | 2004 to
2018

4 | DEOK [110] 2012 to
2018

5 | DOM [110] 2005 to
2018

of predicted versus the observed value of variables, it is defined as follows.

1 n
DILE (4:28)

4.4.2.2 Mean Square Error (MSE)

Mean square error (MSE) is a mean square deviation (MSD) estimator which measures
the average of the squares of the errors. Here, the average square provides the difference

between the predicted value and the actual value. MSE is given as follows.

MSE = %Zn:(bi —q)? (4.29)

j=1

where, ¢; indicates predicted value and b; indicates actual value.

4.4.2.3 Median Absolute Error (MDAE)

The median absolute error is robust by nature. Here, we calculate loss by taking the
median of all absolute differences between the actual and the predicted value. In the
below equation, ¢; is the predicted value of the j* sample, and b; is the corresponding

true value. MDAE is estimated over n samples is defined as follows.

MDAE(b,q) = median(|by — q1), ..., |an — qn|) (4.30)
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4.4.2.4 Correlation (r)

Correlation describes the relationships of analysis or presentation of masses of mathe-

matical data between actual and predicted values. It is defined as follows:

. > i=1(bj = b)(g; — )
N MUEDED » Ok

(4.31)

Where, b is the actual value, ¢ is the predicted value, b is the mean of all actual values, ¢
is the mean of all predicted values, and n is the number of instances. Correlation lies in

[-1,1] and is considered good correlations if its value tends towards 1 or -1.

4.4.2.5 Coefficient of determination (R?)

The coefficient of determination (R?) explains the ability of the theory of the regres-
sion model. It is calculated from the sums-of-squares terms and given as per the below

equation.

R*=rxr (4.32)
R? lies in [0,1] and is considered good if its value tends towards 1.

4.4.2.6 Accuracy (Acc)

The accuracy is calculated as the percentage deviation of predicted with actual values

and given as per the following equations.

_ 100\
Acce =230 ai

1 if abs(p; —a;) <10 (4.33)
q; =
0 otherwise

4.5 Results analysis and discussion

The performance of comparative results is computed on Xeon Processor with 64 GB RAM
(20 core) and 1TB SSD to increase simulation speed. For better validation of the results,
various filtering techniques with LSTM have been used. The comparative performance

study of the LSTM model with different filtering technology on five datasets is shown in
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Table 5. The purpose of using these datasets is to get more accurate results. The data is
converted into seventy and thirty percent as training and testing. It is being verified that
different datasets can be used with filtering techniques to test the LSTM model.

The derived results are measured by MAE, MDAE, R2,

minimum error by comparing different techniques. Moreover, better results are found

r, and accuracy, providing

which performs effectively in these visualizations. This study discusses the comparative
performance study of the LSTM model with different filtering technology on different
datasets. Table 5 represents various filtering techniques to be fed to the LSTM network.
The evaluation matrix MAE provides a minimum value of 4627.94 after comparing other
filtering techniques on datasets in the dataset of AEP. So, the LSTM+Filtfilt filtering

technique performs minimum error.

Table 4.5: Comparative performance study of LSTM model with different filtering
technology on different datasets

Dataset LSTM LSTM+ LSTM+ LSTM+ LSTM+ LSTM+
Butterworth | Smoothing | Kalmen Frequency | Filtfilt
MSE 1101884089 | 454737246 216569758 1123812483 | 136431278 30272450
MAE 26002.621 16697.538 11790.755 26527.782 9503.593 4627.9461
AEP MaAE 21373.734 13999.186 9944.215 9944.215 8528.298 4250.8677
R? 0.477 0.070 0.877 0.483 0.937 0.9886
r 0.691 -0.265 0.936 0.695 0.968 0.968
Accuracy | 66.688 69.394 83.227 70.425 94.716 99.0000
MSE 977737053 382216906 309135516 984191816 137320519 27968242
MAE 24071.011 15158.049 13245.666 24035.648 8963.820 4042.459
COMED MaAE 19021.875 12437.810 10191.084 18417.703 6861.670 3090.790
R? 0.373 0.047 0.726 0.371 0.889 0.976
T 0.611 0.216 0.852 0.609 0.943 0.988
Accuracy | 69.485 66.495 66.495 63.505 75.670 98.144
MSE 28449398 12480176 3279714 26986432 26986432 521798
MAE 4254.614 2867.800 1446.388 4138.032 1058.411 550.411
MaAE 3626.457 2570.551 1229.331 3577.477 901.683 447.424
DAYTON R? 0.366 0.112 0.893 0.365 0.937 0.981
r 0.605 0.334 0.945 0.604 0.968 0.991
Accuracy | 94.587 97.715 99.000 95.821 99.000 99.000
MSE 67646185 23237652 32209858 67956104 11876453 4044295
MAE 6627.149 3712.518 4536.105 6499.706 2704.724 1585.477
DEOK MaAE 5740.930 3021.485 3789.951 5266.609 5266.609 1247.132
R? 0.427 0.003 0.652 0.428 0.865 0.957
r 0.768 0.520 0.963 0.736 0.969 0.986
Accuracy | 90.055 97.895 94.754 85.193 98.779 99.000
MSE 836064493 309024164 144293967 960824703 160271552 71399558
MAE 16812.969 9972.383 8228.668 17261.594 7146.005 5012.784
DOM MaAE 16812.969 9972.383 8228.668 17261.594 7146.005 5012.784
R2 0.590 0.270 0.928 0.542 0.940 0.972
r 0.768 0.520 0.963 0.736 0.969 0.986
Accuracy | 67.114 73.676 88.231 61.670 64.802 80.164

Similarly, in the COMED dataset, the minimum value is 4042.45, which performs min-
imum error through LSTM+Filtfilt. The DAYTON dataset’s minimum value is 550.51,
which produced the minimum value through the LSTM+Filthfilth filtering technique.
In the DEOK dataset, the minimum value came out to be 1585.47, which provides a

minimum error. In the DOM dataset, the minimum value is 5012.78 which gave min-
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imum error over all these methods. Therefore, the performance is very effective for the
prediction of energy. The main goal of all these comparisons of evaluation matrices is to

minimize error and increase accuracy.

Figure 4.3 to Figure 4.12represent visualization of training and testing of the dataset with
different filtering techniques of the daily energy consumption. These filtering techniques
are such as Butterworth, Smoothing, Kalman, Frequency Swept, and Filtfilt are fed to
the LSTM network, which derives results through these techniques. The observations
are shown in these figures are with AEP datasets. All the filtering techniques have been
tested with AEP datasets. The derived results are measured by Mean Absolute Error
(MAE), which compares the different approaches used in the proposed work. Moreover,

better results are found which performs effectively in these visualizations.

The Butterworth filter graph uses wavelets that have performed data into different fre-
quency components, which helps to remove denoising from the signal and this can be seen
in Figure 4.3 and Figure 4.4 respectively with training set and testing set of Data. LSTM
and Filtfilt filtering techniques provide minimum error by comparing the evaluation ma-
trix MAE on the dataset of AEP. The visualisation of the training and testing data sets
can be seen in Figure 4.11 and Figure 4.12 respectively. Therefore, various unwanted data
are removed from the signal, such as denoising and discontinuities signals. Similarly, the
graph shown in LSTM and Filtfilt filtering technique on datasets of COMED provides
better results. In this technique, the interference is reduced from the signal, and thus it

gives minimum errors.

The graph in the following filtering technique, such as LSTM and Smoothing, LSTM
and Swept frequency and LSTM & Saviitzky on AEP datasets are shown in the Fig-
ure 4.5 to Figure 4.10 respectively. Here, the smoothing technique performs well and
removes the unwanted component from the signal. We found minimum error by compar-
ing with evaluation parameter MAE. The graph in LSTM on Filtfilt on dataset DEOK
presented a better result. At last, the filtering technique on LSTM and Smoothing tech-
niques represent graphs on dataset DOM, which is more clean and less interference. Due
to less interference, separation among the components of the signals provides better per-

formance.

LSTM with filtering techniques for the daily energy consumptions on actual and pre-
dicted for the best performer of LSTM is shown in Figure 13 to Figure 17. These filtering
techniques are individually applied on datasets, and results are shown separately. Af-
ter comparison, it is found that the Filtfilt filtering technique on AEP and COMED
provide minimum error as shown in Figure 14. The smoothing filtering technique on

the DAYTON dataset has the minimum error. Frequency swept filter techniques provide
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Figure 4.3: Visualization of training data set with Butterworth filtering technique of the
daily energy consumption
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Figure 4.4: Visualization of testing data set with Butterworth filtering technique of the
daily energy consumption

minimum error, and Filtfilt filtering revealed minimum error on the DAYTON dataset.
In the DEOK dataset, the Filtfilt filtering technique is applied. The Smoothing approach
performs minimum error. Further, it is revealed that the best performance of LSTM
with filtering technique is for the daily energy consumption prediction on the MAE eval-

uation.

Table 6 represents the cross-validation of comparing various filtering techniques on many

datasets for checking validity. Further, this is explained with Figure 18 where the blue
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Figure 4.5: Visualization of training data set with smoothing filtering technique of the
daily energy consumption

Figure 4.6: Visualization of testing data set with smoothing filtering technique of the
daily energy consumption
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Figure 4.7: Visualization of training data set with Savitzky filtering technique of the
daily energy consumption

color indicates the graph of the dataset with LSTM and Filtfilt. Orange color represents
the graph of dataset LSTM and Filtfilt. Similarly, we can see the LSTM with other filter-
ing techniques. The comparison is related to the evaluated matrix as mean absolute error.
The comparison of MSE verifies the results, and the proposed approach is demonstrated
with different evaluation parametric checks. This research work checks the validity with

comparative performance with different datasets.
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Figure 4.8: Visualization of testing data set with Savitzky filtering technique of the
daily energy consumption
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Figure 4.9: Visualization of training data set with frequency swept signal filtering
technique of the daily energy consumption
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Figure 4.10: Visualization of testing data set with frequency swept signal filtering
technique of the daily energy consumption

4.5.1 K-fold validation

Figure 18 shows the comparison between various filtering techniques with LSTM on
different datasets. Here, the variation of k-fold validation of various filtering techniques
with LSTM on the dataset is shown. The Filtfilt filtering technique provides K-fold cross-
validation more accurately. It is used in datasets to further split into a K number of
sections or folds. Here, each fold is used as a testing set at some point. This paper uses
the scenario of 10-Fold cross-validation (K=10). This process is repeated until each fold

of the 10 folds has been used as the testing sets. Our dataset is divided into two parts,
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Figure 4.11: Visualization of training data set with Filtfilt filtering technique of the
daily energy consumption

Figure 4.12: Visualization of testing data set with Filtfilt filtering technique of the daily
energy consumption
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Figure 4.13: Actual vs predicted data of butterworth filter

such as 70 percent for training and the duration of data such as (2006 to 2019, 2011 to
2018, 2004 to 2018, 2012 to 2018, and 2005 to 2018). We have tested 30 percent of data
from (2016 to 2019, 2015 to 2018, 2015 to 2018, 2015 to 2018, and 2015 to 2018).

65



Actual Vs Prediction for Power Consumption
460000 1 —— Actual

—— Predicted

440000 -

420000 -

400000 -

380000 -

360000 -

Power Consumption

340000 -

320000 A

300000 -

0 200 400 600 800 1000 1200 1400 1600
Time

Figure 4.14: Actual vs predicted data of Filtfilt filter

Actual Vs Prediction for Power Consumption

—— Actual
500000 — Predicted
c
S 450000 1
Q‘,
£
3
2400000 -
Q
(]
o
2 350000 -
o
300000

0 200 400 600 800 1000 1200 1400 1600
Time

Figure 4.15: Actual vs predicted data of frequency swept signal techniques
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Figure 4.16: Actual vs predicted data of savitzky golay techniques
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Figure 4.17: Actual vs predicted data of smoothing techniques

Table 4.6: Cross validation for MSE using different filtering techniques

Run | DS1 | DS2 | DS3 | DS4 DS5
1 4627 | 4042 | 1058 1585 | 5012
2 4676 | 4082 | 1098 | 1620 5052
3 4588 | 3997 | 1023 | 1545 4977
4 4663 | 4090 | 1003 | 1631 5042
5 4591 | 3996 | 1018 | 1538 4980
6 4662 | 4091 | 1093 | 1628 5055
7 4590 | 4002 | 1016 | 1542 4982
8 4676 | 4089 | 1088 | 1621 5054
9 4589 | 3996 | 1026 | 1547 4981
10 4661 | 4087 | 1022 1630 5044
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Figure 4.18: Cross validation of comparison of various filtering techniques
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4.6 Conclusion

In this paper, we found the comparative performance analysis of many filtering techniques
with LSTM to predict energy consumption. The novelty of this paper is to improve the
smoothness of the large data, remove noises from the signals, and neglect non-relevant
added signals from the system. Here, we improved accuracy by using various filtering
techniques on data to be used in the demand and supply model. The performance analysis
compared with mean square error MSE, mean absolute error MAFE and median absolute
error MaAE, Co-efficient of determination (r?), co-relation (r) and accuracy. In the future,
this comparative study will be upgraded by using the latest algorithm for the prediction
of energy in SG.
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Chapter 5

Demand Response Management using Prophet
Model

Smart Grids (SG) generate extensive datasets regarding the system variables, viz., de-
mand and supply. These extremely large datasets are known as Big data. Hence, pre-
processing of this vast data and integration become critical steps in the load forecasting
process. The precise prediction of the load is the primary concern while balancing the
demand and supply in SG. Many techniques were devised for load forecasting using
machine learning methods such as Deep-learning Models. However, in the case of large
datasets, only a few models provide good performance, viz. Autoregressive Integrated
Moving Average (ARIMA). However, this approach is complex as it takes a minimum of
50 observations for taking up an evaluation. The Prophet technique is used in the pre-
diction of future demand response based on the past data which is in the form of a time
series. This technique is valid even if a few values in the time series are not available. Fur-
thermore, the procedure is not affected by fluctuations, trends, and abnormal variations.
The automatic model fitting approach is adopted for its effective performance. Further,
ARIMA and Prophet model have been used to forecast and the approach is verified using
various evaluation metrics. The demand response management was achieved and being
validated with two datasets. The results show the effectiveness of the Prophet model in

the demand response management scheme involving large datasets.

5.1 Introduction

A smart grid differs from the traditional electricity system which involves the flow of
energy in one way. It enables real time collection of data in the transmission and distri-
bution network facilitating monitoring of electricity for efficient energy management. It
involves technologies such as data acquisition, control, automation and communication,
which work together in the grid to respond to the ever-changing demands of consumers.
The flexibility can be achieved by making the customers follow demand response pro-
grams. However, several challenges are involved in implementing these programs in a

real-time environment. Demand side management (DSM) in electrical power systems is
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one of the solutions to these challenges by shifting the flexibility of the power system to

the consumer side.

Besides load forecasting, there are two kinds of demand response (DR) in the power sec-
tor: non-dispatchable and dispatchable demand response. Dispatchable demand response
deals with the customer appliances. In some cases, the utility directs the consumer re-
garding cutting down the air conditioner or heater load during peak demand periods,
thereby reducing the cost. Hence, the consumer will be directed only when the utility can
forecast and predict the peak load. The problem arises when the forecasting model shows
errors. The non-dispatchable demand response or the retail price-responsive demand is
when the customer has the liberty to decide whether to cut down his consumption. It is
based on the retail rate design and does not remain fixed. This includes dynamic pricing
programs. In this case, the issue is redundant, and in most cases, the increase in prices
has no perceptible effect on the consumption pattern of consumers. A vast amount of
data is derived from the SG setup, on a second-by-second basis. However, there are var-
ious challenges associated with load forecasting using this data. First, the data which is
mostly accumulated is unstructured as they are gathered from a wide area containing a
number of households. Second, the data collected is interlinked. Therefore, extraction of
a particular data is found difficult for real-time applications. Many works were carried
out on load forecasting and demand response management using big data to solve these

issues.

For managing the demand-response of energy, authors have discussed the ARIMA model
[111]. This model has the capability to lag its forecast errors by itself. It captures the
consumed energy in the grid. The ARIMA model is used to detect abnormalities. The
authors have used automated fitting methods. However, it is not suitable for electricity
consumption where there is a high variation in consumption behavior. Subsequently, the
occupancy levels which can improve energy prediction are highlighted. Their accumulated
data is related to the premises of a residence [42]. Here, the authors collected data on the
network activity and the consumption data of the consumers, on a daily basis. They used
ARIMA model to forecast with accuracy. It is acknowledged that the measurements of
the constructed residence have a remarkable explanatory variable. In a similar work, the
authors elaborated on a short to medium term load prediction model [37]. The author

highlighted the Big data approach for smart homes.

The authors have used Big data in [112] for energy prediction. In a similar work [113]
data management system was used for forecasting. This model can help the customers to
manage energy and reduce grid failure. They developed a model to make it economical

and effective for better load distribution. In [114], authors have evaluated an hourly
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demand profile, which is effectively trained. Here, they have used a hybrid model of the
Bi-directional Long-Short-Term Memory (BLSTM) and the ARIMA model for prediction
of energy. In another work, the ARIMA model is used in all the phases of time series
data. In a different work, Wang et al. have dealt with short-term wind power prediction
[115], where ARIMA model is used for better performance [116]. Here, the authors have
described issues with a real-time price forecasting method. In [117], the authors have
randomized a consumer algorithm for managing demand response [118]. Moreover, the
authors have designed an optimized demand response for efficient management of supply
and demand in SG.

5.1.1 Related work

Energy management is the most crucial part of an SG. For managing the supply and
demand of energy, various big data analytics approaches were performed well in SG.
Safhi et al. discussed load forecasting which is based on big data [119]. There are various
prediction techniques discussed in the literature for managing demand and supply gaps.
ARIMA model is an essential analytical method where time-series data is used. This
model is trained to understand the dataset in an efficient way. ARIMA model has a
great role in the prediction of the future trends of a time series. Krishna et al. discussed
ARIMA model where it captures the process of energy consumption in the power system
[111]. Moreover, it has the capability to check the validity of the consumed energy of the

system.

The above model was unable to capture the experiment-based characteristics in a proper
way. In order to overcome this limitation the Prophet model was proposed by some
authors. In the work carried out by [120], the authors have used K-means clustering
with the ARIMA model to obtain DR from an area in their university. They have used
data of two academic years viz., 2014-2015. First, they obtained the predicted electricity
consumption data for 2016. The electricity consumption forecast was done, and DSM
variables were obtained thereafter. In [121], the authors have used two datasets viz.,
one dataset comprising the electricity consumption of three months (February 2013-April
2013) and the other relating to the four years (July 2009 - June 2013). On both these
datasets, dynamic demand response was carried out using six different prediction models

including ARIMA model and the results were finally compared.

The authors in [122] have carried out work on applications of technologies involving Big
data such as online monitoring of renewable energy systems and wind turbines, based on
ultra-sphere model. The third application was backup and recovery in electric power gen-

eration process. The authors believed that big data technologies are essential for buildings
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and handling SG. However, their research lacked the use of the big data in SG. In author
deals with the analysis of big data for renewable energy resources [123]. It further aims
at presenting techniques for Demand Response Management (DRM) using big data. The
technology used to carry out the DRM is a simulator. While issuing DR, the simulator
studies the big data and identifies correlations. The aims is to use the technology and de-
fined its usefulness in the future. However, the research has not been made using different
Machine-learning techniques for carrying out the DR. By optimizing the programming,

it would become easier for advancing the technology, in the near future.

The research in [124] was carried out to solve two main issues while handling big data.
First, the authors used the expansion K-SVD sparse representation technique to extract
hidden patterns of electricity consumption. Second, it can also be used to compress the
data and store it efficiently. Further, they used a series of other computational techniques
like SVM, PCA etc. to classify the consumers into various groups. So, basically, they
worked on efficient compression of data and its extraction. However, their research lacked
obtaining a DR from the extracted data. In [125], the authors have used big data technol-
ogy to recognize the patterns of electricity consumption by consumers. They have further
shifted the peak load by studying the consumption patterns. They used the K-means
algorithm to achieve the final clusters. However, they did not predict the future energy

consumption patterns of the consumers.

The work in [126] was based on obtaining DR on electricity consumption data of one
month only. The authors have used the big data technologies like Apache Spark to anal-
yse the data to obtain DR and thereby have successfully curtailed the air conditioner and
heating loads. In [127], the authors have created various priority lists varying from con-
sumer to consumer. They have further analyzed various aspects such as time, need and
power consumed while creating the priority lists. However, they have not done DSM using
the priority lists. Furthermore, they did not predict the future electricity consumption

by the consumers.

Almajarouee et al. introduced techniques based on peak load where the long-term fore-
casting provided results accurately. They have tried to save cost and time by using this
model [128]. Many authors discussed the Prophet model approach for the energy de-
mand forecasting in SG. They tried to improve energy generation and consumption with
accurate forecasting methods. The authors discussed the data cleaning algorithm [129].
Here, the authors have highlighted the errors in the models and various issues such as
Benchmark-related algorithms. In a different work, the authors defined the smart energy
management which can maintain quality of life for the consumer [130]. The authors paid

attention in minimizing of energy by developing an efficient model.
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The energy consumption was managed [131] by using operational approach techniques.
This technology is designed for proper communication with SG. The Energy Management
System (EMS) has a significant role in managing demand and supply [132]. However,
the data sample taken to study were small datasets. The authors have highlighted the
multiple homes. The problem formulation is carried out via multiple-knapsack problems
[133]. The authors discussed the importance of the external variables of consumed energy.
They defined the state-of-the-art energy load forecasting method. They have also defined
the challenges which are involved with big data. Table 5.1 shows, at a glance, the various

research work done in this area.

5.1.2 Motivation

ARIMA is mainly used by professionals who have prior knowledge of the intricacies of
the model. If a single parameter in the equation is incorrect, the entire result will get
affected. However, Prophet model uses a Bayesian curve fitting method and does not
require prior knowledge of datasets. It automatically finds seasonal trends from the data.
The Prophet model incorporates seasonal trends such as holidays and weekends, whereas
the ARIMA model incorporates both seasonal and non-seasonal trends with time-series

data. It provides great precision compared to any other method.

5.1.3 Contribution

The ARIMA model requires expert knowledge as a prerequisite to make use of it. In
addition, it is not flexible in use and is non-automatic. The Prophet model overcomes
all the aforesaid limitations and is a powerful tool for prediction. It gives precise re-
sults with non-seasonal trends and also incorporates non-linear trends with datasets. The

contribution of the proposed work is as follows:

e Optimized parameters for the Prophet and ARIMA model is used for better per-

formance.
e Applied preprocessing techniques to clean the data.

e The abnormal data is removed for the prediction of consumption of energy in fore-

casting.

e ARIMA and the Prophet model is compared and analyzed with different perfor-

mance metrics.
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Table 5.1: Works related to Energy Forecasting for Demand Response

SN | Author Techniques Description Application/ Do-
main
1 Newsham et ARIMA model To collect data re- | Energy forecasting
al. [2010] lated to the total occu-
pied building, They in-
stalled wireless sensors
in the building at east-
ern zone at Ontario
2 Krishna et ARIMA model | They have used au- | Energy prediction
al. [2015] forecasting tomatic model fitting
method methods
3 | Asaleye et al. Decision  sup- | Used for renewable | To ascertain daily
[2017] port tool energy microgrids | energy  consump-
(DSTREM) tion
4 Luo et al An  innovative | RTP model has been | Real-time forecast-
[2018] hybrid RTP | used for analysing cus- | ing
forecasting tomer conducts. They
model got more benefit by
scheduling the use of
home appliances
5 | Sendric et al. [2019] | Data  cleaning | To solve problems | Cleaning the am-
algorithm of ambiguous data | biguous data
from Big data wireless
sensor networks. They
used these to clean
data in smart cities
6 Gupta et al. Short-term Hybrid ARIMA- | Forecasting of
[2019] Wind Power | GARCH model Wind Power
Prediction
(WPP) to im-
prove efficiency
of power sys-
tems
7 | Liu et al Big data analyt- | Big data analytics in | To build Smart
[2020] ics running Smart cities cities
8 | Wang et al. hybrid  model | The ARIMA model | The installation or
[2020] based on | can tackle the lin- | replacement of elec-
the ARIMA | ear part of the time | trolytic capacitors
model In this | series data. Bi-LSTM
paper, Bi- | can handle the non-
directonal(Bi- linear features The hy-
LSTM) model | brid model provided a
and  Bayesian | good prediction tool
optimization
(BO) model
9 Almazrouee Prophet model Prophet model used | To predict Long-
et al. [2020] and forecasting accu- | term peak loads

racy compared with
Holt—Winter’s model.
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5.1.4 Organization

Section 5.2 defines the detailed description of the methodology and workflow of our pro-
posed model. Section 5.3 describes the performance of the models along with evaluation
parameters. Subsequently, Section 5.4 is devoted to the discussion of the dataset and the

Prophet model. Finally, the conclusion of this work is stated in Section 5.5.

5.2 Methodology

The methodology used for current work is described in Figure 5.1. Initially, a high vol-
ume of data is obtained from the Smart Grid (SG) and the smart meters which are
connected to the electric power system. The dataset is a multivariate time-series data
collected from Pennsylvania-New Jersey-Maryland Interconnection (PJM) which is a re-
gional transmission organization (RTO) in the United States of America. PJM is a part
of the Eastern Interconnection grid operating an electric transmission system serving all
parts of Delaware, Illinois, New Jersey and North Carolina. The dataset is of the PJM
East that consists of data from 2014-2016 for the entire eastern region where 2014 to
2015 is used for training and 2015 to 2016 is used for testing. The data consist of extra-
neous values and noises and hence the data needs to be filtered and the relevant data is
extracted from the large datasets. Subsequent to processing, model fitting is done and
then used in the Prophet model. The Prophet workflow model generates reliable forecast

in the form of time series values in the demand response process.

Further, in a traditional time series model, there are certain problems, as mentioned

below.

e The time interval between data has to be the same throughout, while this is not a

problem in Prophet model.

e Day with NA (nil data) is not allowed, while this is not an issue in the Prophet

model.

e Seasonality with multiple periods is complex, while in Prophet model handles this

problem by default.

e Parameter tuning by an expert is necessary for the ARIMA model, while in the
Prophet model there is a default setting, from which parameters are easily inter-
preted. The Prophet model is extensively used in various fields for forecasting with

an extensive range of data.
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Figure 5.1: The workflow diagram of the Prophet model for the prediction of demand
response

5.3 Mathematical Modelling of ARIMA and Prophet

5.3.1 Modelling of ARIMA

The ARIMA model processes data in a time series for making a prediction. The ARIMA
model is used in case of both linear and multiple-regression models. Multiple regression
model refers to the prediction of outcomes of dependent variables which are based on
variables of independent variables. The model is generally referred to as ARIMA (p, d, q)
where p, d and q are zero or positive numbers. ARIMA model makes use of a stationary
time series. Using a multiple linear regression model, it can work over non-stationary
time series data. The values of p, q and d can be found using auto-ARIMA. The process
seeks to identify the most optimal parameters for ARIMA model settling on a single-
fitted model. The process works by conducting differencing tests to determine the order
of differencing ‘d’ and then fitting the models within the ranges of defined start p, max
p, start q, and max ¢. The parameters p, q and d were set to (4, 1, 1). Finally, the model
has trained on 2014-2015 data to obtain a prediction for 2016 consumption data.

The ADF (Augmented Dickey Fuller) test is useful in detecting the unit root in a series to
understand whether the series is stationary or non-stationary. Here, the null and alternate
hypotheses state that if a series has a unit root, it fails to reject the null hypothesis which
says that the unit has a root. Then, the series is non-stationary. This means that the
series can be linear, stationary, or difference stationary. The experimental results show
that the ARMA (Auto Regressive Moving Average model) is based on real data which
is a stationary time series. In the flow chart shown in Figure 5.2, three features of the

stationary data have been selected. Here, the first characteristic is the constant mean,
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Figure 5.2: The workflow of ARIMA model

the second one is the variance which is also a constant and the third characteristic is the

co-variance, where the signal of past data, at different times, is constant.

Here, the daily stationary signal does not meet the first condition, but satisfies the second
and third conditions. The moving average component of ARMA is set for change mean,
and therefore, the first condition is not essential for the appropriate ARMA for a given

time series. Later, the process of residual checking is completed.

If conditions are satisfied, then the process is stopped or otherwise continued. In Figure
5.2, the procedure of the ARIMA model is shown. Here, the power consumption datasets
were collected and then the data is preprocessed. Subsequently, any abnormal data present
in the datasets is eliminated. After the selection of features, the important features are
extracted by using the classifier (Support Vectors Machine) and at last the predicted
energy. On the basis of lagged data, future prediction is decided. In the above model,
the equations are based on an autoregressive function. It is a function where the current
value is generated based on the immediately preceding value. In the second process, the
current value is generated based on the last two values. An AR (0) process would imply

that there are no dependencies among the terms in the equations.

The aforesaid term predicts certain errors known as moving averages. The time series is
differenced to make the data stationary. There are many models such as Randomwalk
model, Random-trend model, Autoregressive model and the Exponential-smoothing model.

All are the special cases of ARIMA model. The time series representing the electricity
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consumption of a single consumer, at time ¢, is given by the value Y;. The ARIMA model
is discussed as in Figure 5.2 which represents the flow chart of the model where the pa-
rameters are indicated. Here, the values of parameters are selected and residual checking
is done. The residual value is differenced between observed value and the predicted value.

ARIMA model aims to predict power.
q T
Y, =ct & + Z a; Xy + Z Br €i—k (5.1)
i=1 k=1

whereas, Y; indicates the consumption of energy at time ¢, ¢ indicates obstruction of the
signal at q. X;_; and «; are the parameters and regressors for the AR part of the model
respectively. It assumes Gaussian noise as in €; and compounds ¢ over time periods.
Further, €,_, and coefficient (3, represent the parameters and regressors of the MA part

of the model respectively.

fr) =2 +22+1 (5.2)

In Eq. (5.2), f(z) is the dependent variable and it indicates the prediction of the energy
consumption using time series data. The values 22 and 2z are independent variables
and define the first-order differencing for making stationary data into a non-stationary
data.

The prediction of the energy consumption in a time series data is described as fol-

lows:

Ztl = g — @Dl(ztl — 1) - @ZJQ(ZH - 2) — ... @/)Zntl —p (53)
+e—ai(en — 1) —ag(e, —2) — ... —aetl — g

Where, at time t;, z;; and ¢; are the predicted values and the random error of data
(z, —1)---,p indicates the model parameter, «;...q indicates the model parameter, p
and ¢ are represented by the autoregressive and moving average orders. Eq. (5.3) shows
some important cases of the ARIMA models, If ¢go = 0, then Eq. (5.3) becomes an AR
model of order p;, and when p, = 0, the model decreases to a MA model to work
with order ¢,. The past data is the main basis in the prediction of energy by ARIMA

model.
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The general forecasting equation is:

Z=p+ ¢z — 1)+ ... +opz —p (5.4)
—01(e; — 1) — ... —fqge; — q

George Box and Gwilym Jenkins have introduced the moving average parameters (6)
having negative values in the equation. Hence, the actual numbers are used in the equation
and there is no ambiguity, as the output was read by us at the time of use of this software.
These parameters are denoted by AR(1), AR(2)...AR(N) and MA(1), MA(2)...MA(N).
To recognize a suitable ARIMA model for Z;, the order of differencing viz., (dq) is to
be decided. It is very important to make the series spatial so that the characteristics of
seasonality can be removed. If the prediction of the differenced next series is constant,
then we have to apply random-trend model. Here, the series is autocorrelated and the
errors show the number of AR terms (p2 > 1) and number MA (g2 > 1). These are also
needed in the equation. To determine the values of py, do and ¢ is the best way for a

given time series.

There are many types of non-seasonal ARIMA models that are discussed as follows:
ARIMA (1, 0, 0) model is denoted as the first-order autoregressive model. If the series is
stationary and autocorrelated, then it can be forecast as a multiple of its own previous

value, plus a constant. The forecasting equation, in this case is as below.
Zt = U -+ ¢1Z1t —1 (55)

In Eq. (5.5), Z; is less developed data on itself by one period. This is an ARIMA (1, 0, 0)
+ constant model. If the mean value of Z; is zero, then the constant value will not be
sufficient. If the slope coefficient ¢ is positive and less than 1, Z; is stationary. If the value
of next time period value is predicted to be ¢ times it creates a great distance from the
mean, as this is a time value. If ¢; is negative, it predicts a mean level with alteration of
the signs. It also predicts that Z; will be below the mean of the next period if it is above

the mean at that time.

In a 2nd order autoregressive model ARIMA (2, 0, 0), there is Y (¢t — 2) term on the
right, as well as, on the left and depends on the signs and magnitudes of the coefficients.
It describes a system where the mean level is of a sinusoidal wave pattern. It is like
the motion of a mass on a spring that is subjected to random shocks. If autoregressive

coefficient is equal to 1, it is a series with infinitely slow mean which returns to the
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previous state. The equation for this model can be written as follows:

Zt — th — 1 = ILL (56)
or equivalently
z=p+ Zit+1 (5.7)

where, the constant term is the mean which periodically changes (i.e., the long-term
drift) Z;. This model could be fitted as a no-intercept regression model in which the first
differencing of y is the dependent variable as it includes only a nonseasonal difference
and a constant term. It is "ARIMAO,1,0) with a constant.” The Random-walk without
drift model would be ARIMA (0,1,0) without any constant. ARIMA1,1,0) is used as
differenced with first-order in autoregressive model. Here, autocorrelated means that the
errors are found as in Random walk model. Then the problem can be settled by adding
past data of the dependent variable to the forecast equations i.e., by regressing the first

difference of z on itself lagged by one period. The forecast equation is:

Zi— (it =1)=p+oi(Zit = 1) — (Zit — 2) (5.8)
yt—(Zit = 1) =p (5.9)

5.3.2 The Modeling of Prophet

Prophet has been developed by Facebook in order to overcome some problems which
exist in ARIMA. Prophet works through use of an additive model whereby the non-linear

trends in the series are fitted with the appropriate seasonality.

It is a time series predictive method where the aim is to predict power in SG. For this pur-
pose, appliances are categorized as: interruptible, non-interruptible and base appliances.

Power categorization of:

e Interruptible Appliances

U
Fin =Y ) om*rwp(t) (5.10)
t—1 inel N

where, F}, is the power consumption of appliances, inel N indicates Interruptible

Appliance, o, indicates power rating, U is the total time slot and rwy,(t) is the
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state of each Interruptible Appliance at time slot ¢.

(0 Z 0 if appliances are off (5.11)
TWin - .
1 if appliances are on

Non-interruptible Appliances

U
Fio=Y_ Y oyixrwi(t) (5.12)
t—1 niNI

Where, Fj, is power consumption of appliances, nt/ NI indicates Non-Interruptible
Appliance, 0;, indicates power rating, U is total time slot and rw;,(t) is the state

of each Non-Interruptible Appliances at time slot t.

) Z 0 if appliances are off (5.13)
TWin = .
1 if appliances are on

Base appliances are similar to fixed appliances which do not have flexibility of
operation. The pattern of consumption of energy and operational period of appli-
ances cannot be changed. It is important that these appliances must be ’'ON’ when
user wants to switch them ON such as home appliances viz. TV, Fridge and other

devices.

Fy =YY opxrws(t) (5.14)

Where, Fj represents total energy consumption, B is the base appliance at time ¢,

rwp is each base appliance, opg is the power rating.

Since Prophet model works over data trends, holidays and seasonal data provide complex

features. Seasonality is input on the basis of day, week and year. Prophet model where

consumption is represented by time series is a data method expressed, as follows,

Z(t) =Y (t) + S(t) + H(t) + E(t) (5.15)

Z(t) indicates the consumption, Y (¢) represents the data trend function, S(t) indicates the

seasonal data, H (t) indicates the holiday-based data and E(t) represents the errors.

The trend function of Prophet model H(t) is highlighted by a piecewise linear growth

model. It is also called a Saturation-growth model. The maximum load data does not show
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a saturating growth which is a piecewise linear growth model represented, as follows:
h(t) = (1 +a(t)'6)t + (n + a(t) o) (5.16)

Here [ is the growth rate, J indicates rate adjustment, n is an offset parameter and o is
the change point.
1 ift > Uy
b;(t) =

0 otherwise

Where b; is the output and Uy, is the change point.

The seasonality function is manifested by the following equation:

L

T(t) =) (bacos(2xpxinxt/q) (5.17)

n=1

+d,sin(2*pxinxt/q)

In Eq. (5.17), T'(t) is the seasonality function. Here, the time series multiperiod seasonality
method is used. The Fourier series is applied to the daily and seasonal changes. Therefore,

the seasonality function is discussed as:
A =[1(t e Ey), -, 1(t € Cp)] (5.18)

Here, A; indicates matrix of regresses, E indicates holiday’s and 1 represents the holidays

parameter.
H, = A(t)l (5.19)

In Eq. (5.19), H, indicates holidays and [ indicates a corresponding change in the forecast.

It produces estimates of unknown variables.

5.4 Results and discussion

5.4.1 Description of Datasets

This section provides the description of the datasets. Table 5.3 shows the consumer pref-
erence regarding the appliance taken with the reason for selection. Table 5.4 shows the
rating of each of the appliances. The dataset taken is hourly time series and forecasting

was done using Facebook’s Prophet model and ARIMA model. Energy consumption has
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Figure 5.3: The flow chart of Prophet Model

Table 5.2: A sample of Smart Grid dataset

Date: 01/01/2014
Time | Energy kWh/half-hour
00:00.0 0.488
30:00.0 0.449
00:00.0 0.424
30:00.0 0.439
00:00.0 0.291
30:00.0 0.262
00:00.0 0.308
30:00.0 0.138
00:00.0 0.404

unique characteristics. First, the electricity consumption for the year 2016 was predicted
using ARIMA model. However, to make use of ARIMA model, it is to be made sure that

the data is stationary.
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Table 5.3: Preference matrix for different devices

SN | Time/ Priority
Reason
1 | 00:01- Fridge | Air con- | Tubelight | Microwave| Sandwich Dishwasher| Hair Vacuum | Washing | Clothes
03:00 ditioner oven Maker dryer cleaner machine | dryer
Reason Fridge is essential for use all the 24hrs. The other items are taken according to priorities during the course of the day
2 | 3:01- Fridge | Air con- | Tubelight | Dish Microwave | Sandwich | Hair Vacuum | Washing | Clothes
6:00 ditioner washer oven maker dryer cleaner machine | dryer
Reason Dishwasher is placed as the fourth priority here. Some people sleep early and wake up early.
3 | 6:01- Fridge | Tubelight| Dish Hair Sandwich Microwave | Washing | Vacuum | Clothes Air con-
9:00 washer dryer maker oven machine | cleaner dryer ditioner
Reason It is time to go to school and office in the morning.
4 | 9:01- Fridge | Washing | Vacuum | Clothes Microwave | Sandwich | Hair Dish Air con- | Tubelight
12:00 machine | cleaner cryer oven maker dryer washer ditioner
Reason | People leave home for office by 9:00am. Thereafter, the priority for people at home is to clean the house and wash clothes.
5 | 12:01- Fridge | Clothes | Air con- | Microwave| Dishwasher | Hair dryer | Vacuum | Washing | Tubelight | Sandwich
15:00 dryer ditioner oven cleaner machine maker
Reason It is the lunch time, so Microwave oven is used. Besides, the ambient temperature is high. So, air conditioner is also used.
6 | 15:01- Fridge | Dish Air con- | Tubelight | Microwave | Sandwich | Washing | Clothes Hair Vacuum
18:00 washer ditioner oven maker machine | dryer dryer cleaner
Reason It is time to take an afternoon nap and wake up for tea in the evening
7 | 18:01- Fridge | Tubelight| Microwave Hair Air condi- | Sandwich | Dishwasher Vacuum | Washing | Clothes
21:00 oven dryer tioner maker cleaner machine | dryer
Reason | Now, time for people to return from office. take bath and use the hair dryer. After dinner they relax using Air conditioner.
8 | 21:01- Fridge | Tubelight| Air con- | Microwave| Dishwasher | Hair dryer | Sandwich | Vacuum | Washing | Clothes
24:00 ditioner oven maker cleaner machine | dryer
Reason Some people return late from the office, and usually have their dinner at 9:00pm.




A stationary time series data has its mean, variance and other statistical properties
constant over a given time frame. The data used here is shown in Table 5.2. It is a
collection of data from the source [134]. The aforesaid data helps in the visualization and
analysis of the changes. In addition, the future trend of the variables under analysis can
be predicted using Machine-learning Algorithms. The entire dataset used is from smart
meter energy user data from households. It had half-hour time stamps and generated
energy data in kWh/half-hour. This data comprised of 1 million values, from which our
final dataset of 149,999 were extracted. The dataset used for analysis with 100,000 and
a test dataset with 49,999 values. A sample of the final dataset is shown in Table 5.5. A

total of 24 appliances were taken into consideration for the analysis.

Table 5.4: Home appliances rating used in households

SN | Name of the appliance | Rating (KWh)
1 | Fridge 0.2
2 | Tubelight 0.055
3 | Air conditioner 4
4 | Microwave 1.7
5 | Dishwasher 1.5
6 | Hair dryer 1
7 | Sandwich maker 1
8 | Vacuum cleaner 1.4
9 | Washing machine 0.5
10 | Clothes dryer 2.5

——Actual Complete Data

o B N W & U @ N © ©

Total Load Data (kW)

-1
1/1/2014 0:00 8/9/2014 0:00 3/17/2015 0:00 10/23/2015 0:00

Date & Time

Figure 5.4: A stationary time series data has its mean, variance and other statistical
properties constant over the given time frame.
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5.4.2 Prediction using ARIMA model

The combined dataset is shown in Figure 5.4, which consists of the data from 2014 to
2015. In the beginning, it was predicted based on the electric consumption for the year
2016 using the ARIMA model. Before applying the ARIMA model, it is to be made sure
that the data is stationary. With the graph plotted in Figure 5.4, it can be observed that
the data is not in stationary mode.

The difference between the present and the previous period gives us the first differencing
value as shown in Figure 5.6 The obtained values are then plotted to check if the statistical

properties are constant. If still not constant, second differencing is obtained using the first

differencing values.

Original Load data 2014-2015

—

Original Load data

=N WA U ®OO

Original Load data (kW)

- O

1/1/2014 0:00 7/20/2014 0:00 2/5/2015 0:00 8/24/2015 0:00 3/11/2016 0:00
Date & Time

Figure 5.5: Actual Load Data for 2014-15

Figure 5.6 depicts the data undertaken and the autocorrelation present in the datasets.

The method of differencing needs to be applied, repeatedly, till the data obtained becomes

Autocorrelation

‘ ““‘[mﬂlmnnnmm'nﬂﬂ“[|IH”

Figure 5.6: The first differencing applied to data-Autocorrelation.

stationary. The checking of the correlation between the data with its past values is called

autocorrelation. For this, the autocorrelation function plot (ACF) is used. The plot shows
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the correlation between various points . The correlation coefficient is plotted on the x-axis
with the number of lags on the y-axis. ACF plot is mainly used to determine which one

among them is to be used as data.

Autocorrelation

101 ¢
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0.4 1

02 -
00 ?
-0.2 1 l

Figure 5.7: Autocorrelation present in the datasets.

—— Standardized data
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Date & Time

Figure 5.8: The standardized data with a prediction of day ahead
When differencing is done, the data obtained generally oscillate. This means that the
subject data has achieved the constant values of statistical variables.

That is, the data is now stationary and ready to be worked upon using ARIMA model.

Subsequent to making the data stationary, the parameters (p, ¢, d) are as follows:
e p: order of the AR term,

e (: order of the MA term, and
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Table 5.5: Consumption dataset from households

Date: 04/10/2016

Units of all the columns are in kW except Column 2 in Wh and Column 3 in (Wh/hh)
E represents base 10 with its superscript on the right side

Time | Energy | Wh/hh Gene- AC Furnace | Cellar 1st floor | Dining Micro Total
ration Lights lights room wave Load
30:00 8.00E-02 | 4.00E+401 | 5.78E-05 | 9.53E-03 | 5.34E-03 1.26E-04 | 1.12E-02 4.30E-03 | 4.73E-03 | 3.10E-01
00:00 1.09E-01 | 5.45E+01 | 1.53E-03 | 3.64E-01 | 5.52E-03 | 4.33E-05 | 2.35E-02 3.59E-03 | 4.45E-03 | 7.28E-01
30:00 1.13E-01 | 5.65E+01 | 1.85E-03 | 4.18E-01 | 5.50E-03 | 4.44E-05 | 2.35E-02 3.52E-03 | 4.40E-03 | 6.26E-01
00:00 4.10E-01 | 2.05E+402 | 1.74E-03 | 4.11E-01 | 5.56E-03 | 5.94E-05 | 3.40E-03 3.40E-03 | 4.26E-03 | 7.83E-01
30:00 5.40E-02 | 2.70E+401 | 3.00E-05 | 1.72E-02 | 5.30E-03 1.19E-04 | 2.39E-02 3.92E-03 | 4.41E-03 | 1.99E-01
00:00 4.30E-02 | 2.15bE+401 | 4.42E-04 | 1.27E-01 | 5.42E-03 | 5.44E-05 | 2.38E-02 3.81E-03 | 4.40E-03 | 4.98E-01
0 Lower_bound_predictions
——Upper_bound_predictions
9 ~——Prophet_forecast

——trend_exhibited

—Total Load Data

Load Prediction
w

-5
1/1/2014 0:00 10/28/2014 0:00 8/24/2015 0:00 6/19/2016 0:00 4/15/2017 0:00
Date & Time

Figure 5.9: Prophet forecast analysis between actual and predicted data.

e d: number of differencing required to make the time series stationary

In Figure 5.7, the blue line represents the consumption data of predicted values for the
year 2016. After extensive computation, these three values were set to be (1,0,4). Finally,
the model was trained on the data relating to the years 2014-2015 to obtain a prediction
for 2016. The data can be considered as stationary if it has constant amplitude and
oscillates in the given time frame. In the case of signal with noise, ARIMA model acts
as a filter to extract the data of the signal from the given system. The extracted signal
is then worked upon to carry out future predictions. For fitting the data on the ARIMA
model, it is important to make the data stationary using the differencing technique to

obtain a standardised data as shown in Figure 5.8.

5.4.3 Prediction using Prophet model

The electricity consumption data from 2014 to 2015 was used to work out with the help
of the Facebook Prophet Model. The forecast for the data of 2016 was done using the
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model’s inbuilt predictions. Figure 5.5 depicts the data from 2014 to 2015. The model was
trained on this data to predict the electricity data for a later year. Figure 5.9 summarizes
all the computations carried out in the process. The predicted values are in quite a good
sync with the original data, and hence forecast was made for the year 2016. There could
be certain variations in the actual data of 2016, and a margin of upper and the lower
bound were created. Figure 5.9 indicates the trend of the predicted data. Figure 5.10

shows the trend exhibited by the predicted data for the electricity consumption for a
year; the seasonality is considered.

Table 5.6: Performance comparison of Arima and Prophet for different Evaluation

parameters
Model MSE | RMSE | MAE | MAPE
ARIMA | 1.06877 | 1.03381 | 0.6239 | 1.1932
Prophet | 0.67546 | 0.82186 | 0.5308 | 1.0399
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Figure 5.10: Comparison between real data and predicted data Facebook Prophet
Model.

Table 5.7 shows the optimized parameters values of ARIMA and Prophet models. The
parameters are optimized through a random approach in which a random set is generated,
trained the model on the generated model, and make predictions. The set of parameters

is selected that gives the highest prediction accuracy.

Table 5.7: Optimized parameters for the ARIMA and Prophet model

SN | Model | Parameters
ARIMA | P(A=4), Q(Integration =1), d(differences=1)
2 | Prophet | T(Trend =1.4), S(seasonality =4), H(holiday=1)
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Figure 5.11: Demand Side Management on predicted data
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Figure 5.12: The difference between actual and predicted data

The various components of the Prophet model included were weekly, yearly and daily
components and the trend exhibited by the predicted values. Figure 5.10 shows the pre-
dicted and actual values for 2016.

The values predicted, as shown in Table 5.6 with the original 2016 data, are compared
for both the ARIMA and the Prophet model. In case of Prophet model, the mean square
error is 0.67546 and the mean absolute error is 0.5308. The same is 1.06877 and 0.6239,
respectively for ARIMA model. It is seen that the root mean square error and mean
absolute percentage error of Prophet model are significantly less than those of ARIMA
model. Hence, after comparing the two models, it has been found that the DR from

Prophet model has better overall performance.

Facebook’s Prophet Model is selected for carrying out DSM in the subject research. The
data was fed to the appliances at home and the appliances switched off one-by-one on
the basis of priority of usage. Figure 5.11 shows the DSM on the predicted values. The
demand response was carried out between the total load and the generated electricity.

For the DSM, the difference between the original and the predicted values of the year
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2016 are calculated and presented is shown in Figure 5.12. The trend, over different time
lengths, is shown in Figure 5.13 and can be useful for controlling the electric consumption

of the appliances in households.
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Figure 5.13: Charts (top to bottom): Trend, Weekly, Yearly and Daily-datasets used in
the Prophet model

5.5 Conclusion and future scope

The forecasting of demand and supply of electrical energy is essential and critical in
achieving efficiency and economy in the running of an SG. The time-series data available
for the purpose in a real-life situation is, at times, discontinuous. The same has to be
the basis for a forecast in the absence of alternatives. The ARIMA model is seen pro-
viding good forecast if data provided is complete. But the same is highly expensive as
its computation requires computer systems with memory and computational speeds of

a very high order. The Prophet model while offsetting all the above limitations of the
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ARIMA model generates a reliable forecast even in the absence of a few values in the
data. Therefore, it is felt that the Prophet model is preferable compared to ARIMA in a

real time data.

Here, we used households datasets that consist of 10,00,000 records. Due to large datasets,

we used ARIMA and Prophet for higher accuracy and lower error rate.

Further, due to the unavailability of the datasets, of different years, the performance of the
Prophet can not be checked. However, it may give better result in next year prediction.
In future works, we need to explore more time series prediction models in real time. Also,

we need to explore optimization algorithms for parameters tuning of the models.
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Chapter 6

Ensembling of Data Anomaly Detection Tech-

niques in Energy Prediction

The rapid increase in various technologies which are interconnected with electrical en-
ergy networks generates huge data which is called Big Data (BD). These large data have
created potential irregularities in energy consumption in Smart Grid (SG). Therefore,
Anomaly Detection Techniques have a great role to detect abnormal data. Detecting ab-
normal data will help to increase large storage space for storing the time-series data.
The varieties of data arise with respect to time and become a challenging work for data
management. Data preprocessing is a basic part of data management in SG. In this chap-
ter, several Anomaly Detection Techniques such as Isolation Forest (IForest), K-Nearest
Neighbour (K-NN), Open Support Vector Machine (OSVM), Histogram, Local Outlier
Factor (LOF), and Stochastic Outlier Selection (SOS) are used. All these techniques have
been used by Long Short Term Memory (LSTM), Auto-Regressive Integrated Moving
Average (ARIMA), and Prophet models. Moreover, these models are used with different
Anomaly Detection Techniques which can be used for energy prediction. Further, the re-
sults are compared with different evaluation metrics for five different datasets. It is found
that Anomaly Detection Techniques with LSTM, ARIMA, and Prophet models provided

better performance.

6.1 Introduction

Due to latest improvement in industries and technologies in the SG the energy con-
sumption has drastically increased. Therefore, there is a great need energy consumption
prediction Anomaly Detection Techniques. Anomaly detection is an identification of rare
experiments with extreme value that is totally different from other data points. It is the
process of discovering incidence in a dataset which are dissimilar from the huge number of
the data. This is used in various application province. This approach performs a heavily
role in finding intrusion detection, misuse detection and behavioral analysis and traffic
in the networking system. This application is used in Data Leakage prevention (DLP)

system. Moreover, it has a vital role in the medical realm to detect vital functions of
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patients.

We have various techniques such as IForest, K-Nearest Neighbour (KNN), Local Outlier
Factor (LOF), Open Support Vector Machine (OSVM) and Stochastic Outlier Selection
(SOS). Recently, anomaly detection techniques are emerging at a large level. [Forest is
very important Anomaly Detection Technique which is an unsupervised machine learning
approach as it selects features randomly. Moreover, Khaledian et. al discussed IForest in
realtime synchrophasor abnormality detection and classification [135]. The K-NN is su-
pervised learning algorithm as it explains the variance in the data. OSVM is used in
classification and regression method. SOS is unsupervised machine learning method as it
takes input features matrix or dissimilarity matrix. The histogram is used for Anomaly
Detection Technique where it shows the distribution. LOF is unsupervised Machine learn-
ing technique as it computes low density deviation. Feng et. al defined anomaly detection
techniques such as KNN, SVM, Neural network and Bayesian network based on cloud
network [136]. These methods work in the real-time for anomaly detection. We have en-

able in various anomaly detection techniques for forecasting energy consumption in the

SG.

Development has made grid economically more strong and have better load distribution.
Therefore, demand and supply can be manage in a proper way and hence price can
be reduce. Asaleye et. al evaluated an hourly load profile which is effectively trained.
Therefore, this model provides error-free and more accurate electric power system [114].
Here, they have used hybrid model of Bidirectional Long Short Term Memory (BI_.LSTM)
and ARIMA model for predicting more accurately by changing electrolytic capacitors.
Wang et. al have defined ARIMA electrolytic capacitors which was not working properly.
Therefore, it is used in linear and non-linear phase of time series data [115]. Gupta et.
al explained about short term wind power prediction where ARIMA model is used for
better performance [137]. Here, Luo et. al described issues with real-time price forecasting
method as it performs better result by using various methods. J. M. Lujano et. al designed
the optimized demand response for controlling proper demand response in SG [138].
Here, Kim et. al used backpropagation for controlling green house and predicted internal
temperatures [139]. Ma highlighted the about review of power spatio temporal Big Data

technologies, applications, and challenges [140].

6.1.1 Related Work

The anomaly detection techniques have great role in energy consumption prediction in
maintaining the demand and supply gap in SG. It provides better solutions for power

utility. Since, energy prediction is necessary part for managing energy consumption, there-
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fore, it is desirable to use anomaly techniques. These techniques can handle challenges of

Big Data by minimising the error between actual and predicted value.

Khaledian et. al explained synchroniser anomaly detection. Here, they have used clas-
sification (SyADC) tool for analyzed data where they categorize the data points. They
selected the window of data points and defined combination of three unsupervised meth-
ods such as [Forest, KMeans and LOOP [135]. Real-time observing and control of the
SG used for the improvement of reliability and operational efficiency of power utilities is
difficult. However, Mogha et. al evolved a real-time anomaly detection framework. These
frameworks based on smart meter (SM) where data are collected at the consumes’s do-
main as it is designed to detect the anomaly events at both lateral and customer levels.
They defined hierarchical structure of the network [141]. Vinnikov et. al described about
the same period the annual rain has been increased by 6 percent on the land in the
35 degree to 70 degree [142]. Hence, they designed mesh generation which is creating a
mesh (subdivision of a continuous geometric space into discrete geometric and topological

cells).

Barth et. al discussed about various types of unstructured mesh generation [143]. More-
over, they highlighted a supervised learning as well as analytical-based anomaly detection
technique. Liu et. al analysed a Lambda system by using the in-memory distributed com-
puting architecture in which they used spark and extension of Spark Streaming. Here,
model refreshment, iterative detection are supported by the system and the evaluation is
created empirically. The results are effective and the scalability of the proposed lambda
[53].

Guha et. al discussed Title Insurance (TI), Robotic Process Automation (RPA) for used
manual tasks in I'T business but it has not taken any support of Artificial Intelligence
(AI) and Machine Learning (ML) [144]. Since, increasing huge data the problems of
detecting anomalies are increased, Deep learning is new advanced and fast technology.
Therefore, Jindal et. al defined a hybrid model which is a combination of AD, using Auto
encoders (AE) and a One-Class Support Vector Machine (OSVM) defined top down
scheme which is based on Decision Tree (DT) and Support Vector Machine (SVM) [34].
They proposed combination of DT and SVM classifier analysis which is capable gathered
data of electricity consumption. They discussed about the data mining algorithm which

applied to power system and decision tree (DT). It is called classification and regression
tree (CART).

Liu et. al explained the performance, such as computational efficiency, uncertainty man-
ageability and interpretability [145]. They explained about the modelling trends in do-

mestic energy consumption, which is based on density-based classifiers. They focused on
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techniques which estimates the volume of outliers. The Density-Based Spatial Clustering
of Applications with Noise (DBSCAN) and Ordering Points are defined. These techniques
recognize the Clustering Structure (OPTICS) and Local Outlier Factor (LOF). Hurst et.
al discussed about the detection of commonly occurring energy consumption within nat-
urally creating groups with similar characteristics [56]. Moreover, they highlighted smart
meter analytics from a software performance outlook. First, they designed a performance
benchmark, they included common smart meter analytics tasks which included off line
feature extraction. They detected anomalous points by making model and a framework
for online. Secondly, they described an algorithm for generating large realistic datasets

which are taken from a small data.

At last, Liu et. al implemented the proposed benchmark using five representative plat-
forms [33]. Efstathopoulos et. al highlighted about the SG design modelling and commu-
nication [146]. Murrilo et. al defined the Jacobian-based Saliency Map attack [58]. Perales
et. al discussed classification behaviours [147]. Here, Xu et. al explained diagnosing rare
diseases or cancer subtypes by machine learning tools [148]. Here, they discussed about
seven different outlier detection techniques. They recognized the occurrence of NTL in an
Irish datasets. They have defined k-means clustering algorithm in the pre-processing step.
Yeckle et. al defined about structured and comprehensive state-of-the art. It is based on

outlier detection techniques [149].

These techniques are in the context of time series. Blazquez tried to characterize an outlier
detection techniques [150]. Elmenshawy et. al highlighted an anomaly based Intrusion
Detection System (IDS) [151]. It is designed for SG utilising operational data. This is
taken from a real power plant. Here, many machine learning and deep learning models
were deployed. They introduced novel parameters and feature extraction in this study.
They have showed evaluation analysis for the efficacy of the proposed IDS. They defined
about events, it is anomalous based on their patterns. Here, they provided to stakeholder
both a visual representation of the candidate anomalies. The top-10 anomalies for a subset
of Smart Meters has been represented. Osypova et. al defined Clustering Techniques for
Non-technical Losses detection report [152]. They defined bloom filter which has a unique
data structure and algorithms. This data structure is called the classical bloom filter. This

recent technique is called probabilistic counting.

Therefore, it can efficiently generate histograms for flowing data in one pass with sub-
linear above up. So, this method is suitable for data processing in SG. However, where
limited calculational resources are available on the selectors, they analyzed the presen-
tation, back and forth, and capacity of this data structure. They evaluated it with the

real data which is collected through the frequency disturbance recorders. It is estab-
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lished using the FNET /GridEye architecture. This method can recognize the frequencies
of all unique items with high accuracy. They identified low memory overhead therefore
data outliers can be conveniently identified. Efficient Histogram Estimation for SG Data
processing with the Loglog-Bloom-Filter. Yao et. al explained stakeholder both visual
representation of the candidate anomalies. The top-10 anomalies for a subset of Smart
Meters (SM) has been represented. Here, the authors defined clustering techniques for

Non-technical losses detection report [153].

Aimal et. al discussed about generative model where abnormal data is detected. An effi-
cient CNN and KNN data analytics are used load forecasting in the SG [154]. Goldstein et.
al explained about Histogram-Based Outlier Score (HBOS) where unsupervised anomaly
detection algorithm is used [55]. Yao et. al explained Histogram estimation for SG data
processing is efficient with the Loglog-Bloom-Filter [153]. Anwar et. al highlighted an
EMS’s Optimal Power Flow (OPF) module can be exploited by accidental or deliberate
changes in a power system model [57]. Tran et. al explained the usage of multiple methods
in a systematic and ranking-based pattern which reduces in terms significant errors [155].
There are the possibilities to identify anomalies in model because of algorithm-related
issues. Furthermore, Pereira et. al suggested genetic unsupervised and scalable framework
for anomaly detection in time series data which is based on a variational recurrent auto
encoder [156]. They defined about attention in the model about a variational self attention
mechanism (VSAM). It is capable to provide better performance of the encoding-decoding
process. Sharma et. al defined permutation and combination of four classification tech-
niques, four feature weighting and four feature selection approaches [157]. Mookiah et. al

highlighted about graph where data is converted into graph [54].

In Table 6.1 literature survey for anomaly detection techniques are defined. Here, authors
discussed about various techniques such as Isolation Forest (IForest), K- Nearest Neighbor
(K-NN), Stochastic Outlier Selection (SOS), OSVM and Histogram in their works.

6.1.2 Motivation

Energy prediction is a critical task in SG because its complexity and nonlinear nature
with many datasets. Different anomaly detection techniques are adopted by the authors
to reduce these complexities. But very limited works have been done to take huge datasets
to check validity of their proposal. Massive use of classification and regression analysis
is the great challenge during implementation, when large data are taken. The literature
review shows that very little work has been done with respect to anomaly detection
techniques for energy prediction. Anomaly detection techniques can not be handle by

using conventional machine learning approach. Further, these technologies are involved

97



Table 6.1: Literature survey for Anomaly Detection Techniques

SN | Authors Techniques | Description Application/
[Ref,year] domain
1 Newsham et. | Isolation IForest is an unsupervised learning algorithm | Anomaly detec-
al (2010) Forest [135] | for anomaly detection. It works on the princi- | tion

ple of decision tree and isolating anomalies.

2 Aimal et. al | K-NN [154] It is supervised machine learning approach. | Prediction of

(2019) The Euclidean distance algorithm is used to | classification
calculate values to detect anomaly points. (Speech  recog-
nition)
3 | Hurst et. al | LOF [56] LOF is considered as outlier if its outlier based | Detect outliers
(2020) on local neighborhood. It will recognize an

outlier which is considered the density of the
neighborhood. LOF condemns well when the
density of the data is not equal throughout the

dataset.
4 | Sendric et. al | OSVM [34] OSVM is a supervised machine learning | Classification
(2019) model. It is used in classification algorithms | and Regression

for two-group classification issues. When SVM
model is given to sets of labeled training data
for each category.Then, they can categorized
of new text.

5 | Amelec et. al | SOS [158] SOS takes as input either a feature matrix or | Affinity based
(2019) alikeness matrix. The outputs for each data | outlier selection
point is an anomalous probability. Instinc-
tively, a data point is examined to be an out-
lier when the other data points have deficiency
of sympathy with it.

6 Yao et. al | Histogram It helps in count of the number of observa- | outlier detection
(2014) (153, 55] tions in each bin which is created for visual-
ization. We can easily observe the distribution
i.e. weather it is Gaussian, skewed or exponen-
tial. Histogram helps in outliers detection.

with large datasets. Some optimization tools are needed to find early convergence.

Further, energy prediction is one of the techniques to understand the proper utilisation
of the energy resources and therefore, we need to analyse the Big Data (BD) and use
it for load forecasting. Proper load forecasting may lead to reduce the demand and gap
of electrical usage. It is regulated by structures which are called gates. Gates are the
mode where information is optionally chosen. These gates are working with signed neural
network and a point to point multiplication operation. There are mainly three types of
gates such as input gate, output gate and forget gate. Further, load forecasting techniques
involve large datasets and to get early convergence we need some optimization tools along
with LSTM. Few authors have proposed different algorithm to develop load forecasting
with big data but they have not analysed the results in terms of multi-threading approach

of IForest-LSTM which improves the speed of the convergence. These isolation detections

98



lead to reduce the demand and gap of electrical usage.

6.1.3 Contribution

It is very useful to handle the non-linearity in the input and output data through many
anomaly techniques. These anomaly techniques helps to reduce the abnormal data for
energy prediction. The dataset is downloaded from the American Electric Power orga-
nization (AEPO) where PJM (Pennsylvania -New Jersey-Maryland) interconnection is
introduced in 1956 [159].

The contribution of the proposed work is defined below.

1. Different Anomaly Detection Techniques are compared and tested as a preprocess-
ing technique with LSTM, ARIMA and Prophet models and results analysed with

different performance metrics

2. Different Anomaly Detection Techniques such as forest, K-NN, Histogram, SVM,
SOS, and OSVM have been used and compared their preprocessing algorithm on

different datasets

3. The novelty of the work lies in the preprocessing techniques on the LSTM, ARIMA
and Prophet model where different Anomaly Detection Techniques have been com-

pared

4. The novelty of the work lies in the preprocessing techniques in LSTM, ARIMA and

Prophet model where different Anomaly Detection Techniques have been compared
Our major contributions are described as follows:
1. The accuracy of prediction of consumption of energy is improved
2. Reduce the execution time of algorithms

3. Enhance the classifier to increase the prediction accuracy

6.1.4 Organization

In this chapter, Section II describes the detail description of the methodology and work-
flow of our proposed model. Section III defines about the performance of the models
along with evaluation parameters. After that, Section IV explains outline of the results

and discussions. Finally, Section V discuss the conclusion of this work.
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6.2 Material and Methods

6.2.1 Dataset and its description

In this subsection, we have used univariate time-series dataset. We acquired the datasets
from Pencilum New Jersey Maryland Interconnection (PJM) [159] which is situated at
United States. It resides in the Eastern Interconnection grid operating in electrical trans-
mission system. It contributes services to the Delaware, New Jersey and North Car-
olina. We have used five datasets mainly North of Illions (NI), Common Wealth Edition
(COMED), DAYTOM, American Energy of Power (AEP) and Dominian Virginia Power
(DOM). The duration and explanation of the datasets is described in Table 6.2. Table
6.3 shows the sample of dataset of the North of Illions (NI). In this table, date, time
and the amount of consumption of energy are discussed. Table 6.4 shows parameters
of LSTM. In this table, various parameters such as Batch Size, Epochs, Data interval
size, Activation Functions (Sigmoid, Tanh and Relu) and number of hidden layers of the
LSTM model are discussed. Batch size is used in machine learning and it is the number
of training. For example it is utilized in one iteration. This is the number which can be
divided into the total dataset size. Activation function is a node that is put at the end
or in between Neural Networks. It helps to decide if the neuron would fire or not. Table
6.5 shows parameters of Prophet Model. In this table, many parameters such as Trend,
Seasonality and Holidays are defined. In Prophet Model, Trend is a pattern where val-
ues of data are in increasing or decreasing order over long time period. Time series data
comprise seasonal variations and Seasonality are cycles which repeats it’s data over time.
Here, by default, Prophet fits weekly and yearly seasonality where the time series is long
more than two cycle. All occurrences of the time series data are included during Holidays.
Table 6.6 defines parameters of the ARIMA Model. In this table, many parameters such
as Auto-Regressive, Integrated and Moving Average (p, d, q) are discussed. Fourier series

is used to calculate values of p, d, q such as 4, 1, 1.

6.2.2 Anomaly Detection Techniques

Anomaly detection is a process to detect unexpected or abnormal data points in the
system. It is an important approach to know fraud activities, suspicious activities, network
intrusion and other abnormal occurrences. This may have more significance, but hard to

detect. Therefore, various anomaly detection techniques are described below.

1. TForest: IForest is an unsupervised machine learning approach which is used for

anomaly detection. It works on a forest of Isolation Trees (ITrees). It is based
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Table 6.2: Description of the datasets

SN

Dataset

Duration Type

No. of rows | Description

NI [159]

2004 to 2018 | hourly

58451 Northern Illinois hub (NI) measured
energy consumption (hourly based) in
Megawatts (MW)

COMED

[159] | 2011 to 2018 | hourly

66498 Commonwealth Edition (COMED) is
hourly based Energy Consumption
data. Energy is estimated in (MW)

DAYTON [159]

2004 to 2018 | hourly

121276 DAYTON is name of company of light
and power (hourly based Energy Con-
sumption) data. It is estimated con-
sumed energy in Megawatt (MW).

AEP [159]

2004 to 2018 | hourly

121274 American Energy of Power (AEP)
is hourly based Energy Consump-
tion data. The energy is estimated in
Megawatt (MW).

DOM [159]

2005 to 2018 | hourly

116190 Dominian Virginia Power belongs to
(DOM) which is hourly based Energy
Consumption data. The energy is esti-
mated in Megawatt (MW)

Table 6.3: Sample dataset of Northern Illinois (NI) hub

Date Time | Consumption of Energy (MW)
2004-12-31 | 01:00:00 9810.0
2004-12-31 | 02:00:00 8509.0
2004-12-31 | 03:00:00 8509.0
2004-12-31 | 04:00:00 8278.0
2004-12-31 | 05:00:00 8089.0

Table 6.4: Parameters for LSTM model

SN Name Parameters Values
1 | Number of hidden layers 3
2 Data interval size 30
3 Epochs 300
4 Batch size 16
5 Activation Function Relu

on Decision Tree (DT) by selecting random features from the datasets which are

given. Then, it chooses split value randomly between the maximum and minimum

values which are the selected values. The following equation represents calculation
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Table 6.5: Parameters for the Prophet model

SN | Name Parameters | Values
Trend 1.4
Seasonality 0.50
Holiday 0.05

Table 6.6: Parameters for the ARIMA model

SN | Name Parameters | Values
p (AR) 4
q (Integrated) 1
d (differences) 1

of anomaly scores for new points.

S(x,m) = 2~ Eh@)/em) (6.1)

where, x = data point m = Sample of data

h(x) indicates average search hight for x from ITrees. ¢(m) indicates average value
of h(z)

if average value is 0, then 2° = 1 which indicates anomalous point and if average
value is 1 then 271 = 0.5 which indicates regular point. This formula indicates
what is the depth point and the particular point x across the trees which we have

constructed, compared to the finding depth.

Steps of Training;:
(a) Step 1: Building a forest of isolation trees (ITrees)

(b) Step 2: Take sample of dataset and build an ITrees until each point is isolated
(c) Step 3: Randomly select features

(d) Step 4: Randomly partition by using recursively partitioning (where number
of splitting are required to separateness a sample which is equivalent to path

length from the root node to the termination node)

The Figure 6.1 represents methodology of proposed work and Figure 6.2 shows
the sample of forest of Isolation Trees (IT). The Figure 6.3 indicates procedure of

IDT, where red colour data point shows anomalous point. Moreover, there are two
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features such as x and y as well as four observations for checking anomalous point.
The data point is spitted in four parts. The first condition is that the one decision
signal which is normally results from an anomaly. If x is larger than 150, then the

result is an outlier indicates in red colour. Green colour indicates normal points.

. K-NN: The K-Nearest Neighbours (K-NN) algorithm is a supervised machine
learning algorithm. It can solve both classification and regression problems. This
method can be used to find the abnormal occurrences. In this method, a genera-
tive model is discussed for anomaly detection. Generative model can generate new
data events. For any data point, the length to its Kth Nearest Neighbour might
be viewed as the outlying score. Pod (Python package) supports three K-NN de-
tectors: largest, mean and median, which is use as outlying score. Individually, the
distance of the quiet neighbour, the average of all the K-NN and the median dis-
tance to K neighbours. It is the main concept that the same results should be close
to each other in K-NN algorithm. The K-NN is used mathematically in terms of
‘similarity’ which could be translated as ‘distance’. Here, we used the Euclidean
distance algorithm to take some closest observations. We calculate the number of
closest neighbours for each variable. The highest value decides the membership of
the current notice. The following equation shows the calculation of the anomaly

score for new points.

E(D) = /(22 — 21)2 + (y2 — y1)? (6.2)

Where E(D) is Euclidean distance and x1, x2, y1, and y2 are variables of data.
Algorithm of KNN

(a) Step 1. Input dataset

(b) Step 2. Trained data is loaded

(c) Step 3. Select from the characteristics

(d) Step 4. For each position in data: do

(e) Step 5. Discover Euclidean distance (ED)

(f) Step 6. ED is accumulated in sorted list

(g) Step 7. The initial k point is selected

(h) Step 8. Acknowledge results on the basis of majority of values
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(i) Step 9. end for S(g-j + 1) - g* Where S presents Recursive Feature Elimination

(RFE), j presents important calculation and g presents feature.
(j) Step 10
(k) End

3. SOS: Stochastic Outlier Selection (SOS) is unsupervised anomaly-selection ma-
chine learning algorithm. It takes feature matrix or dissimilar matrix as an input.
This approach provides outlier probability to find output for each data point. A
feature matrix is a set of features that transformed data into a dissimilarity matrix
by using Euclidean distance. In SOS, a data point is considered to be an outlier
when the other data points have insufficient affinity with it. Moreover, t-Distributed
Stochastic Neighbor Embedding (t-SNE) method used to keep the local structure of
a high-dimensional dataset [158]. It is used by SOS method to select outliers. The
t-SNE is an unsupervised and non-linear method. It is used for data investigation
and visualizing high-dimensional data. In another way, t-SNE arranged the data in

a high-dimensional space.

4. OSVM: The Open Support Vector Machine is a supervised machine learning model.
It has the capability to analyze data and identify designs. SVM approach is applied
for both classification and regression works. In classification method the outcomes
are represented in categories and in regression the outcomes presented in real num-
bers. Basically, the SVM algorithm is where given a set of training labeled data
which belongs to one of two classes. The SVM model is dividing the training sam-
ple points into separate categories. This model predicts by recognizing points to
one side of the gap to the other side. Moreover, over sampling is used to replicate
the existing samples. Therefore, two-class model are created. It is not possible to
forecast all the new patterns of abnormal data from limited examples. Therefore, a
collection of limited examples can be costly. So, in one-class SVM, only one class
data is trained which is known as ”Normal class”. It is very useful for anomaly
detection. OSVM is a very important technique where the kernel function provides
additional flexibility to the OSVM algorithm. It is called one-class classification
(OCC) and known as unary classification. It is similar to unsupervised concept
drift detection by using OSVM [144]. It learns a decision function for good per-
formance of Anomaly Detection Techniques. It acquires knowledge of a decision
function for nice performance. It separates the two classes by using a hyper plane
with the largest possible margin. In OSVM, hyper sphere is surrounded by classes
of instances, instead of hyper plane. Hyper sphere is set of points at a constant

distance from a given point which is called its centre.
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SVM algorithm steps:
(a) Step 1. Import the dataset
(b) Step 2. Explore the data to figure out what they look like

¢) Step 3. Pre-process the data

)
)
()
(d) Step 4. Split the data into attributes and labels
)
)
)

e) Step 5. Divide the data into training and testing sets

(
(f

(g) Step 7. Make some predictions

Step 6. Train the SVM algorithm

5. Histogram: A histogram is a presentation of the distribution of the numerical
data. In this technique, the data are binned and count for each bin. A histogram
is an aggregated bar chart where several possible aggregation functions such as
sum, average and count can be found. Histogram-Based outlier Score (HBOS) [55]
is statistical unsupervised anomaly detection algorithm. This algorithm is far less
costly as compared to nearest neighbour and clustering based outlier detection
technique. HBOS works on arbitrary data which provides a standard fixed bin width
histogram. An HBOS algorithm is presented, which scores recorded in linear time.
It shows independent characteristics which make it much faster than multivariate
approaches. It is capable to detect global outliers as reliable as by using the most
recent algorithms, but it performs poorly on local outlier problems. Now, for each
dimension d, an individual histogram has been calculated. Here, the height of every
single bin represents a density measurement. If the maximum height is 1 then
histograms is normalized. This provides surely in equal weight of every characteristic
to the outlier score. Finally, the HBOS of every instance p is calculated by using the
corresponding height of the bins where the instance is located. By using following

equation, we calculate the value of every instance.

HBOS(q) = Z log(1/hist;(q)) (6.3)

where ¢ indicates every event and d represent dimension.

6. LOF: Local Outlier Factor (LOF) is an unsupervised Anomaly Detection Tech-
nique. It calculates the local density deviation in data points. The data points are
measured with respect to its neighbors. If the sample which has a lower density than

neighbours is considered as an anomaly or outlier. The Local outlier factor (LOF)
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algorithm notices the relative density of data points and finds anomalous values by
deliberating the local deviation of a data point after comparing with its neighbours
[55]. In order to measure local density, LOF shares core-distance and reachabil-
ity distance with DBSCAN. It can share Ordering points to identify the clustering
structure (OPTICS) which is an algorithm for finding density-based clusters in spa-
tial data. Its basic idea is similar to DBSCAN (Density Based spatial clustering of
application with noise). Time-Pattern Profiling (TPF) approach performs very well
to find an anomalous point from Smart Meter data in energy consumption [56]. In
TPF the patterns profiler examines data values in any number of String attributes.

It is capable to assign patterns as stated by the series of character types.
Algorithm: Anomaly Detection

(a) Function dataControl

(b) Pass In: datablock

(¢) Function dataManagement

(d) Pass In: data block to accumulate

(e) Pass Out: dataset when finish for data

(f) Filtering and pre-processing

(g) End function

(h) Pass In: filtered data

(i) Function anomaly dectection

(j) Pass In: filtered data block

(k) Send to three classifiers

(1) FOR each classifier set anomaly threshold
(m) ENDFOR

(n) Pass Out: anomalyScores

(o) Endfunction

(p) Endfunction

(q) Function decisionComputation

(r) Pass In: Anomaly Scores
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(s) Pass Out: evaluation of outliers
(t) IF > anomaly threshold THEN
(u) Log Time/User to report

(v) ELSE go to next time period

(w) ENDIF

(x) Endfunction

6.2.3 Prediction Models
1. LSTM:

Long Short-Term Memory (LSTM) is a part of deep learning model. It is a subset of
machine learning which is related to artificial intelligence. This is the most promi-
nent model for time series dataset for future prediction of consumption of energy.
This model predicted energy with feedback connections in the network. LSTM has
a memory which is capable to keep previous information in the system. However,
this approach has the capability to solve the time series related problems. The main
issue of the RNN is ”Long term dependency” therefore to overcome theses problem
LSTM is used. Here, the cell state is the key of the LSTM. LSTM has the capacity
to add or remove the knowledge and monitor by the framework which are called
gates. Gates are the way where knowledge is freely chosen. LSTM has three types
of gates such as input gate, output gate and forget gate. These gates are working
with activation function such as the sigmoid, Tanh and RELU. It is working with
a point to point for multiplication operation. In this section, the machine learning
model can help to provide better performance with assembling of different anomaly
techniques. It can classify anomalies in time series data. In this subsection, the cell
of LSTM contains various components such as forgetting gate F which determines
the information should be discarded or kept in a candidate layer (C). It takes all
the feasible values which is to be added to the cell state. An input gate, which is
used to improve the cell state. The output gate O is used to know next hidden
state. Further, H indicates the hidden state and C indicates the Cell state. These
are vectors which used in this model. recent LSTM cell Is check out as the time
step t. In the following equations /*’ is an element-wise Multiplication and '+ are
an element-wise addition. First, the input and previous hidden state are passed
through the forget gate of the LSTM cell which uses the sigmoid activation func-

tion. It uses the sigmoid activation function because it needs to decide, whether to
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forget information or not. If 0 is close to forget then it is discarded, and the closer

to 1 means to keep information.

There are different equations used in this model are defined below.

N
Z}k =o(c, + Z xiky? +n—1,k) (6.4)

n=1

Here, zjlk is dependent variable where weight of each layer is calculated with bias
value c;. In this equation, result of the vector is calculated by output vector of
the previous layer. Further, o is an activation function, 3 is independent variable,
x is weight of layers and c is biased value which is associated with input layers

respectively. The output layer is given as follows.

¢, = maz,eszy, (6.5)

where, qék is the maximum pooling layer of LSTM for storing time information.
LSTM gives solution by consolidating memory units that can updates the hidden

state. The input gate is given as per the below equation.

In this equation, F; and W, indicates as an input vector for forget gate. The W;
represents as the weight vector for the forget gate. The V; represents input vector
for candidate gate and G(i-1) is used as the earlier cell input or the invisible state.

The new state of the LSTM is represented by following equation.

Ey=0W,xTr+ Goy x V) (6.7)
where, E, is an output vector at the time step of t. The W, is the output weight

vector for forget gate. The V, an output vector for candidate gate and G(o-1) is

used as the output or unseen state. The recent time step is mentioned as below.

ip = o (WyiPt + WyiP, — 14+ WeixCy — 1+ b;) (6.8)

where, i, is a input gate and the hidden states determine through the input gate, 7,

is input state at a time ¢, C} is cell state at time ¢ and Wi * C} is weighted input.
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Forget state is given as per the following equations .

fo = c{WofPt + Wifl — 1+ W.f*c, — 1 +bs} (6.9)

Here, f; is the operation of forget gate at time ¢ which contains of LSTM and the
output of each gate shows by ¢, j and o, W are the weight matrix of every gate unit
corresponding. The F; is the crucial features of electric energy consumption. The
output of the pooling layer at time t and which is used as input of the memory cell.
The C} is cell state at time t and b is benchmark of the forget gate. The operation

of the output gate and cell state are given below.

pe = ge x dy — 1+ ji ¥ o{ Xodgt + zpc) — 1+ bg} (6.10)

dy = gr xdy — 1+ jp * o(x,dqt + z;diy — 1+ by) (6.11)

The feature vector is one of the important parameters of the LSTM. It is mention

as per the following equation.

iy = pyxo{d;} (6.12)

Here, 7; is a feature vectors. The last layer of the feature vector is mentioned as

follows.

e =Y m" = 1o(i =1+ —1) (6.13)
k

Last layer €7 is fully connected layers. Here, we use LSTM to predict energy con-
sumption in 60 minutes. o is an non-linear activation. z is weight of the j"* node
for layer (m — 1) and the k** node for layer k, and ¢/*~'. The bias is determined by

k™ node for layer m and ¢ .
[*] = Element -wise multiplication

[+] = Element-wise addition

Gi=o0Y;*xVi+ 1 — 1% Xy) (6.14)

109



Here, G, is forget gate of LSTM, Y; is input vector and Xy is input vector. The V;
and Xy are represented the weight vectors for the forget gate and candidate gate.

The I; — 1 is the former cell output.

dy = tanh(Y; * V. + I,_1 x X;) (6.15)

Where, d; is the current memory state at time step t. Tanh is an activation function
of the candidate layer, Y; is input vector, V. is weight vector, I, —1 is previous output

and X; is weight vector.

Jt = O'(ift * ‘/z + It,1 * Xz) (616)

Here, J; is input gate at time step t, V; and X; are weight vectors for input gate

and output gate.

pr=0Yi* Vo + 1 1) * Xo) (6.17)

Where p; is an output gate at time step t, Y; is input vector, V, and X, are weight

vector of output gate and candidate gate.

dt = gt * dt—l + lt * C_lt (618)

Where d; = Current Cell Memory, g; is an forget gate vector,

Gt = D¢ * tanh(dt) (619)

Here, GG;_; is Previous Cell Output, d;_; is Previous Cell Memory p; is Current Cell
Output.

. ARIMA Model:

It is a generalised form of Auto-Regressive Integrated Moving Average which is used
to predict points of time series data. These two approaches are fitted in time series
data and make data understandable. It works on lagged observations for forecasting
current results. Moreover, previous knowledge is necessary for future prediction of
energy. It makes series stationary by using different orders of different process. The
ARIMA model defines data by using time series data for future prediction. This

model is used for both linear regression as well as multiple regression. Multiple
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regression model describes forecasting the outcome of dependent variables which are
based on variables of independent variables. The main aim of the ARIMA model
is for forecasting future values of the Time Series data. The model is discussed
about ARIMA (q, e, r) where ¢, e and r are non-negative (where number is zero
or positive number) mathematical values. Here, q indicates order of the AR term
e indicates order of MA term and r indicates difference which is required to build
time series stationary from non- stationary. We seek the values of ¢, e and r using
auto-ARIMA. The auto-ARIMA method gets to know the most quality parameters

for an ARIMA model resolving on a sign.

A=bt €+ aXii+ > Bre(t—k) (6.20)
=1 k=1

where A; indicates the consumption of energy at time t, b indicates obstruction of

the signal at r

previous point z; — ¢ with linear co-efficient o;. The ARIMA handles daily station-
ary signals that has no meaning of constant. It assume Gaussian noise such as &;
compounds over r time periods. Here, It is contributed linearly to the signal t-k
with co-efficient fy|.

fW) =W?+2W + 1 (6.21)

In this equation, f(W) is dependent variable and it indicates the prediction of the
energy consumption in time series data. Here, W2, 2W are independent variables

and defines first order differentiation for making stationary to non-stationary data.

In another equation the prediction of the energy consumption in time series data is

described following:

Vil=ag— vl =1 — oyl =2 — ... —pymyl —p+e
—ale(tl — 1) — o2etl —2) — ... — aetl — ¢

Where at time t1, v;1 and € are predicted value and random error of data ¢ (v;1 —
1)...p indicates model parameter, a;...r indicates model parameter q and r are
represented autoregressive and moving average orders equation (3) where it shows

some important cases of the ARIMA models, If 12 = 0, then equation (3) becomes
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an AR model of order q2, When r2 = 0, the model is decreases to an MA model
works with order r2; Auto-Regressive Integrated Moving Average (ARIMA) is a

model where prediction of energy is based on past data.
Prophet model:

The main ambition of the Facebook’s Prophet package is to give a simple, automated
technique to predict huge number of various time series data. It is an Additive
Model (AD) which is a non parametric regression model. This is developed by
the Facebook for future prediction of data. This model predicts non-linear trends
which are fitted with yearly, weekly, daily seasonality and holiday effects. The main
objective of this technique is time Series analysis for prediction of power in Smart
Grid. There are three devices used for categorization of power, mainly Interruptible
devices, Non-interruptible devices and Base devices [160]. These following equations

indicate consumption of energy with time series data method.

Gjb= i Z 0,0 % rwy,(t) (6.22)

t—1 inel N

G;b represent total energy consumption
ineIN presents Interruptible Appliance

o;(n) indicates Power rating U is total time slot rw;(t) is the state of each Inter-

ruptible Appliances at time slot

rw, is each base appliance by o, is power rating.

A(t) = X () + T(t) + I(t) + F(t) (6.23)

A(t) indicates consumption of time series data method X (t) represents the data
trend function 7'(t) indicates the seasonal based data [(¢10) indicates the holidays
based data F(t10) represents the error data

Prophet trend function, i(t11) highlighted by a piecewise linear growth model. It is
called a saturating growth model. The maximum load data do not show a saturating

growth which is a piecewise linear growth model which is represented as following:

ir = (m+a®) o)t + (o +a(t)Vo)t (6.24)
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Here, m is growth rate § indicates adjustment rate o is offset parameter o is change-

points

bjt = {1 if t > Uy 0 otherwise (6.25)

rwpl; = Z 04f appliancesis of f 1if appliancesis on (6.26)

Base appliances is like fixed appliances which are unable to manage, the pattern of
consumption of energy and all operations period of appliances is unable to changed.
It is important for appliances that which must be on when user wants to start ON

such home appliances TV, Freeze and another devices.

The seasonality function is manifasted by following equations:

U(t) = (cacos(2/pin/q) + dysin(/pin/q) (6.27)

1

In this equation, U(t) is or the seasonality function. Here, the time series multi-
period seasonality method is used. The Fourier series is applied for the daily, sea-

sonality. Therefore, the seasonality function is discussed as:

B, =[1(t € F1),..,1(t € D,,)] (6.28)

Here, By indicates matrix of regressors F indicates holiday K shows the holiday

parameter

I, = B(t)m (6.29)

In this equation, I; indicates holiday m indicates list of holiday.

6.3 Methodology Used

In this section, the brief discussion of the methodology is discussed and it is represented in

Figure 6.1. In this work, the energy consumption dataset is calculated from PJM [154]. A

brief description of the dataset is explained in Section 6.2.1. To remove abnormal data, we

applied different Anomaly Detection Techniques such as forest, K-NN, Histogram, SOS,
OSVM and PCA. All these techniques are discussed in Section 6.2.2. Here, to improve the
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K-NN . *
: Histogram . ___| Apply different anomaly techniques to
S0OS ' remove abnormal data
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PCA :
""""""" Ensembling of different anomaly
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v

Divide data into train and test
(70% for train and 30% for test)
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Build prediction model --=-=-< ARIMA
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: orr;? Of different evaluation parameters
L MdAE L

Result Analysis

Figure 6.1: Methodology of proposed work

Figure 6.2: Sample of the Forest of Isolation Tree (IT)

performance of the prediction model, we used an anomaly detection techniques. Further,
we divided the data into training (70%) and testing (30%). For prediction of consump-
tion of energy we used LSTM, Prophet and ARIMA models. Afterwards, we evaluate
the performance on different parameters such as, accuracy, Mean Square Errors (MSE),

MaAE, correlation 7 and correlation of coefficient R2.

The Figure 6.4 shows prediction of weekly energy consumption of NI dataset. The Figure
6.5 shows prediction of weekly energy consumption of COMED dataset. The Figure 6.6
shows prediction of weekly energy of DAYTON dataset. The Figure 6.8 shows prediction
of weekly energy of DOM dataset. The Figure 6.7 shows prediction of weekly energy of
DEOK dataset.
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Figure 6.3: Procedure of the Forest of the Isolation Tree (ITree)
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Figure 6.4: Actual v/s prediction of weekly energy consumption
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Figure 6.5: Actual v/s prediction of weekly energy consumption
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Figure 6.6: Actual v/s prediction of weekly energy consumption
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Figure 6.8: Actual v/s prediction of weekly energy consumption

6.4 Results and discussion

6.4.1 Evaluation Parameters

1. MSE: Mean Square Error (MSE) is an error estimation where the average of the
squares is measured errors. Here, average square provides the difference between

the predicted value and the actual value. RMSE is given as follows.

1 n
MSE = — b — s; 6.30
DI (6.:30)

where b; is predicted value and s; actual value.

2. MaAE: The Median Absolute Error is very important due to its robust nature
to tackle outliers. Here, the loss of data is calculated by taking the median of all

absolute differences between the actual and the predicted value.

MDAE(b, q) = median(|by — q1], ..., |an — ¢u]) (6.31)
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Where b, is the actual value and ¢, is predicted value.

. R%: The coefficient of determination R? represents the explanatory power of the
regression model and calculated from the sums-of-squares terms which is following
defined.

R*=r-r (6.32)

Where R? lies in [0, 1] range and defined to be good R?, if value influences towards

1 the below equation.

. Co-relation (r) : Co-relation describes the relationship between masses of vari-

ables. It measures errors between actual and predicted values. It is defined as follows:

L S -Be - a)
V(b =0 T (0 — 27

(6.33)

where, b is the actual value, ¢ is the predicted value, b is the mean of all actual
values, ¢ is the mean of all predicted values and n is the number of instances.
Correlation lies in [-1,1] and considered to be good correlations if its value tends

towards 1 or -1.

. Mean Absolute Error (MAE) :- MAE is relationship between two variables
such as S and 7" which measures the errors. The results is explained about the
same incident. Moreover, where T versus S comparisons of predicted versus actual

value of variables, it is discussed as per the following equation.

1 n
MAFE = — S; —T; 6.34
PR (6:34)

Where T; is actual and S; is predicted values.

6.4.2 Result Summary

We found the duration of the dataset in NI from 2004 to 2018. In COMED dataset, the
duration is 2011 to 2018. In, DAYTON Dataset, the duration is 2004 to 2018. In DEOK
dataset, the Duration is 2004 to 2018. In DOM dataset, the duration is 2005 to 2018.

Here, all datasets are time series hourly based Power consumption dataset. These data

are converted into daily Based dataset. The performance of comparative results is used
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Xeon Processor with 64 GB RAM (20 core) and 1TB SSD for increase the speed of the
simulation. For better validation of the results we have used various anomaly detection
techniques with LSTM, ARIMA and Prophet. The main aim of using these datasets is
to find more accurate results. The data is converted into seventy and thirty percent for
training and testing respectively. It is to verify the compared datasets by using various

anomaly detection techniques for the large dataset. Moreover, we found more accurate
results in AEP, COMED, DAYTON, DEOK and NI dataset with IForest approach.

In this section, comparative performance of LSTM, Prophet and ARIMA model with dif-
ferent data anomaly detection techniques are discussed. LSTM-IForest, ARIMA-IForest
and Prophet-IForest provide optimized results. Figure 6.4 shows the energy consumption
of actual versus the predicted consumption of energy. The energy consumption curve is
given in MWh because the PJM encloses larger space of the USA. It shows that predicted
energy of the PJM which is very near to the actual energy. This forecasting will help to
schedule the generating units of PJM.

6.4.3 K-fold validation

Figure 6.4 shows the comparison between various anomaly detection techniques with
LSTM, ARIMA, and Prophet on datasets. Here, the variation of K-fold validation of
various data anomaly techniques with LSTM, ARIMA and Prophet models are shown.
Isolated Forest (IForest) provides more better performance. Therefore, these Anomaly
Detection Techniques are applied with LSTM, ARIMA and Prophet’s model. It provides
K-Fold cross validation more accurately. This is used in datasets which are split into a
K number of sections/folds. Here, each fold is used as a testing site at some point. The
scenario of 10-Fold cross validation (K=10) is used. This process is repeated until each
fold of the 10 folds have been used as the testing sets. Our dataset is divided into two
parts such as 70 percent for training and the duration of data such as (2006 to 2019, 2011
to 2018, 2004 to 2018, 2012 to 2018 and 2005 to 2018). We have tested 30 percent data
from (2016 to 2019, 2015 to 2018, 2015 to 2018, 2015 to 2018 and 2015 to 2018).

6.5 Conclusion

From now on, we proposed the comparative performance of analysis of various anomaly
detection techniques with LSTM, ARIMA and Prophet for forecast of the energy con-
sumption. Here, the novelty is to eliminate abnormal data from the signals. Here, we
develop accuracy by using several techniques for data. By using these approach demands

and supply can be managed. The performance analysis compared with various evaluation
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Table 6.7: Comparative performance study of LSTM model with different anomaly
detection techniques on different datasets

Dataset LSTM LSTM+ | LSTM+ LSTM-+ LSTM+ LSTM+
IForest KNN SOS Histogram | OSVM
MSE 11676.895 | 11978.564 | 25346.534 | 34278.95 23478.657 23457.89
MAE 67845.453 | 23456.784 | 23456.784 | 34567.897 | 45672.832 56397.846
NI MaAE 56789.945 | 89743.652 | 74322.907 | 67890.543 | 56789.054 56732.89
R? 0.894 0.456 0.84 0.853 0.763 0.785
r 0.893 0.789 0.564 0.845 0.675 0.86
Accuracy | 78.911 99.89 78.922 56.543 97.789 56.879
MSE 97778.191 | 11123.333 | 30238.543 | 56457.789 13567.435 12345.347
MAE 23567.562 | 2567.907 | 98567.89 78625.906 | 85463.75 34582.89
COMED MaAE 57832.67 | 23453.672 | 567239.456 | 34567.98 23577.896 34568.706
R? 0.634 | 0.989 0.763 0.875 0.789 0.894 0.563
r 0.253 0.354 0.243 0.232 0.345 0.225
Accuracy | 80.634 98.222 87.324 78.965 75.453 77.899
MSE 11567.84 11678.895 | 11967.908 | 116532.786 | 17856.789 18567.876
MAE 55463.865 | 45689.621 | 5698.789 34567.874 | 6678.456 67867.99
DAYTON MaAE 16945.943 | 18765.896 | 5678.678 38845.67 45678.784 87435.832
R? 0.896 0.975 0.678 0.934 0.878 0.654
r 0.286 0.375 0.286 0.386 0.756 0.343
Accuracy | 56.98 97.89 68.96 89.907 76.453 67.89
MSE 69646.402 | 24237.472 | 34209.683 | 678956.309 | 11976.15 45442.673
MAE 66276.149 | 69564.234 | 45368.105 | 64996.706 | 27047.724 15856.477
AEP MaAE 57409.93 | 30216.485 | 37898.951 52667.609 | 52669.609 12477.132
R? 0.777 0.716 0.896 0.874 0.938 0.982
r 0.209 0.245 0.368 0.285 0.378 0.347
Accuracy | 86.678 97.654 79.345 88.523 95.345 77.789
MSE 83609.307 | 39978.407 | 17929.712 | 97087.297 | 16927.156 81399.759
MAE 26719.569 | 97628.586 | 87688.668 | 45261.594 | 56769.005 60224.784
DOM MaAE 16812.969 | 98729.383 | 92285.668 | 18261.594 | 81468.005 50128.784
R? 0.79 0.87 0.928 0.842 0.94 0.872
r 0.268 0.32 0.363 0.236 0.369 0.286
Accuracy | 68.114 98.676 88.231 69.67 66.802 85.164

parameters such as Mean Square Error MSE, Mean Absolute Error MAE and Median

Absolute Error MaAE, Co-efficient of determination (R?), co-relation (r) and accuracy. In

future, these comparative studies will improve by using the latest algorithm for forecast

of energy in SG.
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Table 6.8: Comparative performance study of ARIMA model with different anomaly
detection techniques on different datasets
Dataset ARIMA | ARIMA+ | ARIMA+ | ARIMA+ | ARIMA+ | ARIMA+
IForest KNN SOS Histogram | OSVM
MSE 12018.972 | 30272.046 21756.946 11838.412 13643.194 30272.046
MAE 26002.621 | 47275.946 11790.755 26527.782 9503.593 4627.9461
NI MaAE 21370.734 | 13999.186 46268.864 99443.215 85286.298 42504.8677
R? 0.477 0.87 0.987 0.883 0.937 0.9886
r 0.291 0.365 0.336 0.295 0.368 0.344
Accuracy | 66.688 98.394 78.324 70.425 79.716 77.345
MSE 97778.191 | 58.333 66.381 76.492 56.922 27968.751
MAE 24071.011 | 15158.049 13245.666 24035.648 89637.82 40426.459
COMED MaAE 19021.875 | 12437.81 10191.084 18417.703 68618.67 30906.79
R? 0.973 0.447 0.826 0.871 0.989 0.976
r 0.311 0.216 0.352 0.209 0.343 0.388
Accuracy | 69.485 98.495 66.495 63.505 75.67 69.144
MSE 28445.255 | 12480.747 32796.482 26986.188 26986.188 52179.112
MAE 42545.614 | 28676.85 14463.388 41385.032 10583.411 5506.411
DAYTON MaAE 36267.457 | 25705.551 12297.331 35773.477 90145.683 44745.424
R? 0.966 0.112 0.993 0.865 0.837 0.781
r 0.305 0.334 0.315 0.204 0.368 0.391
Accuracy | 84.587 97.715 78.243 75.821 99.122 89.245
MSE 67646.402 | 23237.472 32209.683 67956.309 11876.15 40442.673
MAE 66273.149 | 37124.518 45366.105 64994.706 27045.724 15856.477
DEOK MaAE 57404.93 30213.485 37891.951 52663.609 52665.609 12475.132
R? 0.427 0.903 0.852 0.428 0.965 0.957
r 0.268 0.32 0.363 0.236 0.369 0.386
Accuracy | 80.455 97.895 94.754 85.193 78.779 89.632
MSE 83606.307 | 30902.407 14429.712 96082.297 16026.156 71995.759
MAE 18813.969 | 97722.386 72286.768 19261.494 75466.115 59124.683
DOM MaAE 16812.969 | 99726.383 82287.668 172614.594 | 71464.005 50122.784
R? 0.99 0.87 0.928 0.542 0.94 0.972
r 0.337 0.42 0.363 0.236 0.369 0.386
Accuracy | 67.114 97.676 88.231 61.67 34.345 82.456
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Table 6.9:

Comparative performance study of Prophet model with different anomaly
detection techniques on different datasets

Datasets Prophet | Prophet+ | Prophet+ | Prophet+ | Prophet+ | Prophet+
IForest KNN SOS Histogram | OSVM
MSE 22018.972 | 55473.108 31656.946 22438.412 23643.194 50272.046
MAE 36002.621 | 17696.538 12790.755 27527.782 85035.593 46279.9461
NI MaAE 21373.734 | 14999.186 88556.215 99443.215 85287.298 42500.867
R? 0.987 0.803 0.887 0.583 0.877 0.778
r 0.391 0.465 0.336 0.395 0.368 0.368
Accuracy | 77.688 98.394 83.227 70.425 84.716 67.334
MSE 95773.191 | 40221.333 50913.381 88419.492 15732.922 37968.751
MAE 24072.011 | 16158.049 13245.666 24035.648 98635.820 50423.459
COMED MaAE 26021.875 | 15437.810 15246.084 19417.703 79617.67 40906.79
R? 0.973 0.872 0.926 0.871 0.889 0.976
r 0.311 0.316 0.352 0.209 0.343 0.988
Accuracy | 69.485 98.495 66.495 63.505 75.67 64.144
MSE 28446.266 | 13480.747 42756.482 28986.188 29986.188 62179.112
MAE 22584.614 | 28675.800 14466.388 41387.032 10583.411 55043.411
DAYTON MaAE 36267.457 | 25700.551 12293.331 35776.477 90156.683 44765.424
R? 0.966 0.112 0.993 0.865 0.937 0.981
r 0.305 0.434 0.345 0.204 0.968 0.391
Accuracy | 84.587 97.715 87.224 85.821 78.233 88.123
MSE 77646.402 | 24237.472 42209.683 77956.309 22856.15 50442.673
MAE 66276.149 | 37121.518 45367.105 64998.706 28046.724 15857.477
DEOK MaAE 57407.93 | 30219.485 37896.951 52667.609 52668.609 12478.132
R? 0.627 0.678 0.652 0.428 0.865 0.957
r 0.268 0.32 0.263 0.236 0.369 0.386
Accuracy | 80.055 98.895 79.754 78.193 67.779 76.442
MSE 73606.307 | 40902.407 15529.712 97082.297 17027.156 81399.759
MAE 15812.969 | 99721.383 72286.668 142616.594 | 61466.005 60120.784
DOM MaAE 84353.232 | 29354.666 15578.897 55557.898 43267.893 56488.89
R? 0.456 0.78 0.93 0.63 0.78 0.65
r 0.265 0.36 0.367 0.267 0.786 0.267
Accuracy | 79.234 98.165 78.789 67.785 78.87 78.567
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Chapter 7

Conclusion and Future Directions

7.1 Conclusion

These former studies have manifested current advances in the evolution of Big Data
Analytic (BDA) where introduction of optimization in demand response management
application is fulfilled. The prediction of energy consumption is based on real data which
is found from PJM. There are two approaches such as random and GA are used for im-
provement of accuracy of the results. For increasing speed of convergence multi-threaded
GA — LSTM is used. After comparing it is found that GA — LST M provides better

results as compared to random approach.

Many filtering techniques are comparing with LSTM model and Filtfilt filtering pro-
vides better performance. The main ambition is to removes noises from the signals and
non-relevant added signals from the devices for managing demand response in SG. The
smoothness of large data is main purpose. Various evaluation parameters such as MSE,
MAE, MaAE, Co-efficient of determination, co-relation and accuracy are used for better
performance. Moreover, output from various filtering techniques can be fed to the LSTM
network. It is seen that better results are found which performs effectively. This study
defines the comparative performance study of the LSTM model with many filtering tech-
nology on various datasets. The evaluation matrix MAE provides a minimum value of
4627.94 after comparing other filtering techniques on datasets in the dataset of AEP. So,
the LSTM + Filtfilt filtering technique leads to minimum error.

Many time series models such as ARIMA and Prophet models are used for prediction of
consumption of energy. These models creates confidence interval which is the range of
measurement of unknown parameters. It describes interval with lower and upper levels.
The Prophet model provides more accurate results than ARIMA model. It is more reli-
able than ARIMA model. The many factors of the Prophet model included with weekly,
yearly and daily factors and the tendency exhibited by the predicted values. The val-
ues are predicted with the original 2016 data. These are compared for both the ARIMA
and the Prophet model. In the mean square error of Prophet model is 0.67546 and the
mean absolute error is 0.5308. Similarly, the values are 1.06877 and 0.6239 respectively
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in ARIMA model. The root mean square error and mean absolute percentage error of
Prophet model are less than those of ARIMA model. Therefore, after comparing the two

models it is seen that the DR from Prophet model provides better performance.

Ensemble of data Anomaly Detection Techniques such as K-NN, OSVM,LOF, IForest and
Histogram are used for the Prediction of energy consumption in SG. These techniques
are used by LSTM, ARIMA and Prophet models. The results are compared with various
evaluation parameters with five many datasets. Here, LSTM model provides better result
with COMED dataset. ARIMA model shows better performance with DAYTON model.
LSTM model performs better result with AEP dataset. The Prophet model performs
better result with DOM dataset.

7.2 Scope for future work

Since, the proposed methods showed good performance as compared to the latest tech-
niques, but it is always needed a scope for development. This part completed for the
future supervision with respect to the proposed work. In the future, we would enlarge
the proposed work regarding various characteristics as described as follows. For example,
the plan proposed for prediction of consumption of energy using random and GA-LSTM
algorithms which can be upgrade by using recent algorithm. In addition for the economic
growth multi-threaded GA will be used to upgrade the speed of convergence in future in
SG. Further, various filtering techniques can be optimized for increasing storage space.
Many schemes such as ARIMA and Prophet model can be used to create better effi-
ciencies and faster convergence. In future, the work ARIMA forecasting approach over
personalities can be explored. There are very important potential for classification of the
product portfolio are remaining in various computational matters. The next essential step

is to refined anomaly detection techniques concerning better optimal results in SG.

Finally, the ensembling of data Anomaly Detection Techniques can be improve the various
models for energy prediction in SG. The comparative performance of different anomaly
detection techniques by using LSTM, ARIMA and Prophet can be explore in future for
prediction of energy from the SG sensors. In future, reduction of the load on the storage
and enhance the performance of the model can be elaborate by using different anomaly

detection techniques.
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