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ABSTRACT

Time-series forecasting is one of the most challenging tasks due to the ubiquitousness
of the Time series data. Some examples include Astronomical data, weather data,
Electricity usage, stock and exchange rates data collected over time. Whereas, in many
applications, the availability of labeled data is quite less either due to the privacy or low
rate of generation of data.

As a result of this, the small amount of data leads to low performance and
overfitting of the machine learning models. In order to deal with small data and low
performance, we implemented a generative model based on statistical relational
learning and a two-tier ensemble forecasting model to predict the result based on
machine learning and deep learning.

Considering the advent and future of the Internet of Things, we choose the smart
grid environment to implement the proposed approach because of the availability of the
large benchmark dataset UMass Smart* Dataset - 2017 release of smart homes in a
locality by taking the reading of appliances and weather conditions with a sampling rate
of 1 minute. Use of this dataset helps us in building a robust model that also gets better
insights from the data in order to find out the relationship between the device data and
the factors affecting the device data to generate the synthetic data from the existing
data.

The proposed scheme also shows a significant improvement over the existing
load forecasting methods over short-term and long-term load forecasting models with

an accuracy of 95.6%
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CHAPTER 1

INTRODUCTION

Forecasting Plays a vital role in real-world applications to predict future states or
outcomes. These future states or outcomes can help one to govern the decision making,
whether that can be done through predicting the valuation, customer churn, demand, or
preventative maintenance costs.

Accurate forecasting is all dependent on large historical data to predict the
results using statistical models or machine learning algorithms. These algorithms gather
patterns from the data to distinguish one situation from the other one. These patterns
can only be recognized if there are a sufficient number of samples to cover all the
variations that formulate the result or increase in the number of features that leads to

result for the defined time stamp.
1.1 Motivation for Data Forecasting in Smart Grid

With the addition of the Internet of things (IoT), major appliances today requires extra
electricity unit. With the inclusion of [oT, ICT, and other smart technologies, there has
been a transition from electrical grids to smart grids. So, there is a need to increase
adaptability and efficiency in terms of load forecasting. To minimize the energy
wastage and maximize the optimization, we need to add a high level of flexibility in
the smart grids. In order to increase adaptability, the smart grid should take decisions
based on the demands. Hence the ability to load forecasting as per the future needs is
imperative [1]. The forecasting of the aggregated demand will depend upon the demand
generated by its individual components/buildings. These components/buildings can be
old or new.

With this increase in the number of units under the smart grid electricity
optimization has been a significant concern. This increase in units also leads to an
increase in data, which makes all the previous work on load forecasting insignificant
and also makes the prediction of energy forecasting a challenging issue. To mitigate
this issue, one needs to create a model that can preprocess/train over a large amount of
data and provides us accurate predictions.

Nowadays as the energy usage data is easily available by the advent of smart meters,

so to mitigate the energy wastage and optimize the energy usage there is a need of an



adaptive model that can accurately predict the short term as well as long term energy
load forecasting. Existing systems can only predict the load forecasting either for short-
term or for long-term up to a significant level of accuracy [2-3]. They also use only the
usage (total energy usage) parameter to predict the result; weather conditions are not
taken into account, which affects the forecasting in a significant manner. Weather and
climate conditions' data is also easily available due to the weather satellites for every
specific region without any efforts.

So the availability of the benchmark dataset UMass Smart* Dataset - 2017 release of
smart homes in a locality with weather conditions associated to it makes our work easier

and helps us to proceed towards the problem that we tackled.

1.1.1 Problem Statement

As from the motivation part, we come to know that load forecasting is heavily
dependent on the data of the region, and there is a need to develop a system for both
short and long-term load forecasting.

To mitigate these issues, we need to develop a generalized system that can
forecast the result for short and long-term with better performance than the existing
system irrespective of the data size i.e., for small datasets too.

So we need to develop a system that can take a small dataset, get insights from
the dataset, and then from these insights generates synthetic data to create a large
dataset. And this large dataset serves as the input to the forecasting model which will

predict the outcome.

1.1.2 Synthetic Data Generation

Data plays a critical role whenever it comes to automate a system using machine
learning. But the availability of data publicly of a particular locality is a primary
concern. As ongoing transformation from traditional grids to smart grids lead to less
amount of data collection of that region. Or due to the privatization of the electricity
sector makes availability of electric data usage publicly due to privacy concern or to
generate income by selling data.

But using the dataset from a particular locality will not serve as a solution to
create a robust system. And using the small dataset for training the forecasting model
lead to low performance and overfitting of the model. The only solution to this problem

is to create synthetic data from the existing data. The process of synthetic data



generation is quite typical as we have to start from the large dataset and retrieve its
properties without affecting its structure and internal data dependencies. The major task
is to find out the inner relationships and creating the new data maintaining these internal

relationships.
1.1.3 Load Forecasting

Load forecasting is mostly used by the energy supply companies or power utilities to
forecast the demand by the consumer over a given period. This given period can be a
short-term (up to few hours), medium-term(up to few weeks) or long-term( up to few
years) which will help the provider to maintain the balance between the load-demand
gap and availability [22]. Short term load forecasting is useful in predicting the peak
hours and based on that make the system reliable and decrease the load on the grid by
providing the equivalent supply during the non-peak hours. Whereas the medium-term
load forecasting is quite useful in predicting the scenario of load and demand on the
working days and non-working days in the commercial building, apartments, etc. And
long-term load forecasting is used to predict the economic demands that can be useful
in future upgrades for the supply systems. Most of the companies forecast over medium
and long-term periods [24,25] as it helps them to perform the extension if required in
the factories, manufacturing plants, etc.

For better decision making, accurate load forecasting is economically
advantageous. But accuracy of the load forecasting depends on the nature of the data
such as time stamp size, the number of features, factors affecting the energy
consumption e.g., weather, natural disasters, or other technical faults. And based on the
nature of the data usage of an appropriate algorithm lead to prevent the incorrect energy
billing [23].

1.2 Goals

On a high level, we wish to implement an automated generative model that can generate
the synthetic data of multivariate time series and further this data will serve as input to
the forecasting model to predict the load. Our main goal should be measured along the

following three dimensions:



1. Generalizability: The system should be able to forecast the results irrespective
of the size of the dataset (~from 500 rows to unlimited)or type of time series
dataset, without any modifications.

2. Accuracy: The output generated from the synthetic data should be as realistic
as possible, i.e., the synthetic data bears all the properties of the real data and
lead us to predict the result as predicted from real data.

3. Optimized: The system generated from the model should be optimized on a
computational level, i.e., can be used over the CPU based or GPU based
architecture. And is easily upgradable as per the machine learning framework

in which it is based.

1.3 Thesis Roadmap

The rest of the chapters of the thesis are organized as follows:

e Chapter 2 provides the Literature Review and background work done by the
researchers.

e Chapter 3 then provides a brief overview of technical concepts and
terminologies that are required to understand the experimental setup.

e Chapter 4 covers the Experimental setup and implementation details of the
system.

e Chapter 5 is about the results of the implemented system and provides a brief
overview of evaluation metrics that are used to validate the findings.

e Chapter 6 then summarizes with the conclusion part, our key findings, and

contributions.

By the end of this thesis, you will get a better understanding of the generative

model for synthetic data generation and a generalized model for load forecasting.



CHAPTER 2

LITERATURE REVIEW

2.1 For Load Forecasting

Existing systems can only predict the load forecasting either for short-term [3-5] or
long-term [2,6]. But they didn’t take into account the amount of data which is a major
issue. With an increase in data, how efficient the model will be, i.e., adaptive
concerning the data. The adaptiveness can be in the form of more optimization or less
overfitting. The previous models lead to overfitting with respect to a large dataset.
Models should have less parameter and less training size. Most of the existing models
didn’t take into account the weather condition which is a major factor in predicting the
energy [2-9] and those who took, didn’t make an adaptive model with respect to the
amount of data [9-10].

Mocanu, Elena, et al. [1] proposed the system estimating energy consumption for the
smart grid using Factored Condition Restricted Boltzmann Machine (FCRBM). The
major disadvantage in this model lies in the dataset Individual household electric power
consumption” dataset, which doesn’t take into account the weather condition. Also, it
uses FCRBM, which involves a higher number of parameters, and The forecasting is

done with 1 minute, 15 minute, hourly, and weekly resolutions.

Amarasinghe, Kasun, et al. [2] proposed a system which uses CNN for predicting
energy load forecasting on “Individual household electric power consumption dataset.”
This model was built for long-term forecasting but didn’t take into account short-term
forecasting. The dataset doesn’t take into consideration weather conditions. The

prediction was made on 60-hour resolution.

Raza, Muhammad Qamar, and Zuhairi Baharudin. [3] proposed a hybrid neural
network forecasting model having a three-layered feedforward neural network with
backpropagation using SAPSO which is a combination of simulated annealing (SA)
and particle swarm optimization (PSO) called SAPSO for only predicting short term
demands. It showed a better result than a conventional neural network, and due to fewer

parameters can be easily modified.



Kuo, Ping-Huan, and Chiou-Jye Huang [4] proposed a model of CNN with three
convolution layers and three pooling layers for short-term load forecasting. But didn’t
consider the weather data. The overall performance of the CNN-1d is given in average

cumulative variation of Root-Mean-Square Error, which is 11.65942 too large.

Ahmad, A. S., et al. [6] proposed a Group Method of Data Handling (GMDH) and
Least Square SVM (LSSVM) combined to make a hybrid model known as GLSSVM,
to forecast building electrical energy consumption. The data is collected from Johor
Tourism Action Council Johor, from January 1999 to December 2008, in Malaysia.

Here also the dataset didn’t take into account the weather conditions.

Seetha, Hari, and R. Saravanan [5] used a fuzzy version of the neural network,
namely Fuzzy back propagation network (Fuzzy BP) for short term electric load
prediction. The fuzzified inputs were fed to the system, and crisp valued output was
obtained. The author also shows a comparison of Fuzzy Backpropagation Network with
MLP based BP network where Fuzzy based BP network performs better than MLP with
BP.

Ho, Kun-Long et al. [7] proposed a multilayer neural network with an adaptive
learning algorithm is designed for short term load forecasting. The whole model was
tested on the Taiwan Power system. Then the user predicts the output on an hourly
basis, i.e., short-term forecasting. Paper also presents the comparison of the simple
neural network with back propagation versus the adaptive learning based neural
network where the proposed adaptive learning based neural network converges much

faster than the simple neural network with Backpropagation.

Bakirtzis, A. G., et al. [8] proposed development of an Artificial Neural Network
(ANN) based short-term load forecasting model for the Energy Control Center of the
Greek Public Power Corporation (PPC). The forecasting was done on a seven-day time
span based on the daily load profile. The daily load profiles show better results than the

twelve-noon profile, which trained on the 24 hours of load data collected.

Lijesen, D. P., and J. Rosing [9] proposed a forecasting procedure which is based on
forecasting the nominal and residual loads and then summing them to obtain the total

load forecast. It takes into account the weather information, but the forecasting is based



on an hourly basis, i.e., short-term forecasting. The average RMS error of the model is

2.1 percent per day. The weekly and seasonal forecasting is proposed as future work.

Roberto Buizza et al. [10] proposed an ANN-based model for Load Forecasting With
Weather Ensemble Predictions. Load forecasting is based on medium-term load
forecasting. Also, the author showed that the weather conditions that are being taken in
this scenario uniquely affect the load forecasting as compare to weather forecasting

data.

Sapankevych, Nicholas 1., and Ravi Sankar [11] presented a survey on time series
prediction for using support vector machines (SVM). Autor gives a detailed review of
time series problems being solved by the SVM and then also conclude by a comparison

of the SVM model with other machine learning models.

As most of the past work is based on either short-term or long-term load
forecasting, which is a major drawback. As to predict the load forecasting, it will lead

to training both types of models on the same dataset.
2.2 For Synthetic Time Series Data Generation

Data generation is quite tough in the late 90s, but after the proposal of Generative
Adversarial Networks by Ian J. Goodfellow [26], lots of efforts were being made by
the researchers in the field of data augmentation especially in Image Processing field.
But still, there is a need for creating a system that can generate the synthetic data which
can be useful in many fields as most of the field uses the statistical data. Considering
the demand now focus is also drawn in this area too, but still, much work is required in
this area as to create a model that augments the data which attains maximum properties

of the real data.

Anderson, Jason W. et al. [27] proposed a framework for generating synthetic data
from IoT. The framework is based on extraction the structure of XML file and then
from that structure sustaining the internal properties of data create a synthesis set of
values that comprises all the real data properties without compromising the personal

privacy concern.

Hu, Joseph W. et al. [28] proposed a framework to create the shadow RDBMS
database from the original database. That data is fed into the system as a JSON string



then with algorithm Histogen column-wise data got generated and for further Batchgen
and BFS traversal algorithm is used to create the table and maintain the parent-child

level relationship.

Myung, Rohyoung, et al. [29] proposed a technique for analysis and generation of the
data in the IoT environment. The Data analysis process consists of filtering,
discretization, and finding out the dependency and correlation between the data to
generate synthetic data. The author also compares to the proposed technique with the

Markov chain based model.

Patki, Neha et al. [30] build a system that can create synthetic data from the relational
databases. This model is based on generative modeling that uses the statistical
parameters in consideration to find out the relationship between the data point. Further,
the author tested the synthetic data for training purposes and found out that the
generated data can replace the real data. But the given model is only applicable to

relational databases. The author suggests the time series data generation in future work.

Esteban, Cristébal et al. [31] proposed a generative model based on RNN to generate
time series data. Data set used in this is ICU data with more than 224 million entries.
The basic ideology behind this is to use the memory feature of RNN to predict the
relationship of the particular timestamp with the preceding ones. Then further
performance is measured by using the random forest classifier trained on real and

synthetic data using the AUROC evaluation metric.



CHAPTER 3

TECHNICAL BACKGROUND

To understand the experimental setup in this chapter, we provide the technical aspects
of the methodologies used to create the system. This chapter gives you a thorough study
of the key concept that made the whole system in a sequential manner as used in the
system. The section starts with a brief overview of the system and then proceed with

the technical concept and terminologies require to understand the whole scenario.
3.1 Overview

The entire system is divided into two parts. In the first part, the process of synthetic
data generation takes place, and in the second part, the forecasting model is used to
train over the data and predict the result. The process starts with the multivariate time
series data of energy usage of a smart grid with a time stamp of one minute. And then
a generative model with statistical relational learning to create synthetic data. After that,
the data is used as input for the load forecasting model based on machine learning and
deep learning. To get a full understanding, we start with the time series data and then
learn Machine learning and deep learning in a theoretical manner. After that, the basic
building block of the generative model will extract the feature and relationship from
the data, i.e., statistical relational learning concept is discussed. And then the details of
the generative models are going to be addressed. Finally, the second phase of the
system, i.e., the forecasting models will be discussed that are being used to build the

system.
3.2 Concepts and Terminologies

3.2.1 Time Series Data: Time series data as the name signifies the data about
something that happened in a series of the time interval. Time series data is a structured
data type that consists of rows and column about the event that occurred over a period.
Mostly time series data is available in tabular format. But when the entries are quite
large, then we represent them either in the excel format or CSV (comma separated file)

or tsv (tab separated file) formats.



Time series data can be of multiple types based on the no of the columns or feature it

consists of, i.e., it can be univariate, bivariate, or multivariate time series data.

RETD P: 1 Pclass Name Sex Age SibSp Parch Ticket Fare
0.126883333|  0.170658836128453
892 3 Kelly, Mr. James male | 34.5 0 0 330911 | 7.8292
25651 | 2.55727688476776
3800566667| 3513003080020 893 3 Wilkes, Mrs. James (Ellen Needs) female =~ 47 1 0 363272 7
0162466667 | 0.181097542877393 894 2 Myles, Mr. Thomas Francis male 62 0 0 240276 | 9.6875
02432 0.200858226866639 895 3 | Wirz, Mr. Albert male 27 0 0 315154 8.6625
1ASSHOBET|  14dTHEaBocennts 896| 3 Hirvonen, Mrs. Alexander (Helga E Lindquist) female 22 1 1 3101208 | 12.2875
6260033333  3.36416155338537
897 3 | Svensson, Mr. Johan Cervin male 14 0 0 7538 9.225
0027766667 |~ 0.054410719958546
008395 | 0.0992957965599891 898 3 | Connolly, Miss. Kate female 30 0 0 330972 7.6292
3048916667 3.10140314614636 899 2 Caldwell, Mr. Albert Francis male 26 1 1 248738 29
Y [ 900 3 | Abrahim, Mrs. Joseph (Sophie Halaut Easu) female 18 0 0 2657 7.2202
0020166667 | 0.0904578204051588
901 3 | Davies, Mr. John Samuel male 21 2 0 A/448871 2415
0.2851|  0.197064865729522
02041|  0222716067810611 902 3 | llieff, Mr. Ylio male 0 0 349220 7.8958
0040933333 0.0765431465472989 903 1 Jones, Mr. Charles Cresson male 46 0 0 694 26
04779 0.115356016343547 904 1 Snyder, Mrs. John Pillsbury (Nelle Stevenson) female = 23 1 0 21228 | 82.2667
SOMDOOTT) COpieOsshpstrod 905| 2 Howard, Mr. Benjamin mle 63 1 0 24065 26
0.0017| 0.0594515595590129
906 1| Chaffee, Mrs. Herbert Fuller (Carrie Constance Toogood) female 47 1 0 W.E.P.5734 61.175
0.0341|  0.056383663068613
0.041966667| 0.0656160089310237 907 2 | del Carlo, Mrs. Sebastiano (Argenia Genovesi) female 24 1 0 SC/PARIS 2167 27.7208
0010416667 0.0794416732805566 908 2 | Keane, Mr. Daniel male 35 0 0 233734 12.35
LIS | 0.106050887205749 909 3| Assaf, Mr. Gerios male | 21 0 0 2692 7225
0.269333333|  0.292587003431115
910 3 limakangas, Miss. Ida Livija female =~ 27 1 0 STON/O2.3101270 7.925
135465 1.804489616346
0038216667| 0.0904704334552025 911 3 | Assaf Khalil, Mrs. Mariana (Miriam") female 45 0 0 2696 | 7.225
0.0467| 0.0248679298084711 912 1| Rothschild, Mr. Martin male 55 1 0 PC 17603 59.4

Fig 1. Bivariate and Multivariate Time Series Data

e Univariate Data: Univariate data has an only single column; it can be either age or

price etc. entries. E.g., Children’s Height.

* Bivariate Data: Bivariate data consists of two columns where the first column will
be of feature, and the other column is treated as the target value. Stock market data with
time stamp is a mostly used example of bivariate data. Fig 1. Shows the pattern of

bivariate data.

e Multivariate Data: In multivariate data, the data consists of multiple column values
that serve as the feature space of the input parameter and single or multiple target values
that serve as the output of the data at a particular time stamp. The feature space can be
adjusted during the data pre-processing step, which will select only the features that are
useful to achieve the resulting metric. This type of data is also represented as tabular
format or csv, tsv format to store the records. Fig 1. Shows the example of Multivariate

data type.
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3.2.2 Machine Learning: Machine learning is the field of Artificial intelligence in
which the system is being able to learn from the data through pattern recognization
without programmed explicitly.

The primary objective of machine learning is to develop the program or
algorithms that can extract the information from the data as that of a human being or
better than a human being.

The process starts with the data about the particular problem that the program is
going to solve. And then the data pre-processing is used to segregate the unwanted data
which is out of the scope of that particular problem. After that, the learning phase of
the algorithm starts, which learns from the data by observing the relationships, insights,
and patterns in the data either by direct or indirect experience. The whole process is
done without human assistance. Machine learning is divided into three categories as

mentioned below:

e Supervised learning: In this category, the computer needs to learn the
mapping from the input to output with given samples. This is commonly used
as the maximum of the real world application has labeled data nowadays, e.g.,
Time series forecasting or regression problems, classification tasks with
labeled data. As the target variables are given in this approach, the model has
to find out the mapping between feature space and target variables. Then an
evaluation is done based on comparing the actual values with the predicted
ones.

e Unsupervised learning: This is entirely different from the supervised
machine learning as in this the data is fed without the labeling, the algorithm
all alone have to found the labels. These algorithms perform a different number
of operations to find out the mapping to a number of operations to find out the
mapping to in order to distinguish the data related to different classes, and this
process is called clustering. Clustering is basically to find out the relationships
between the data point either can be based on distance metric or by some other
means.

e Reinforcement learning: This category uses the feature of both the categories
mentioned above. This is based on a reward-based system with a goal-oriented
mechanism. This uses the reward as a function to proceed further as a feedback

variable. Nowadays, reinforcement learning plays a vital role in implementing
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autonomous systems, e.g., autonomous vehicles, playing games, generating

synthetic data, etc.

Supervised Learning Un-supervised Learning
Classification Clustering
N N
X o X X 3 O
X1 X1
Fig 2: Supervised Learning with Labeled Data & Unsupervised Learning
with Unlabeled Data
Regression Classification
1 Epoch = 1309
—_ Moc.iel MF)deI
10 :-: Test Set o 2 ’ : zlesaelfrsne/
- © .~
> g a L J . ... .
- -

0.0 0.2 0.4 0.6 0.8 10 T T T
X Gene 1

Fig 3: Example of Regression and Classification Task

Sometimes the Machine learning Algorithms are divided based on the output type of
the system, which is nothing but the subcategories of the Supervised and Un-supervised

Algorithms:
e Regression: This is a type of supervised learning. If the output is continuous
rather than the discrete ones, then it is called a regression system. E.g., Time

series, weather forecasting, stock market prediction, etc.
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e Classification: This one also a type of supervised learning. In classification, the
output variable is discrete, that signifies the classes in which the data/features
lie. The problem to be tackled can be a binary classification or multi-

classification.

e Clustering: This is the type of un-supervised learning mechanism. In this, the
output is in the form of groups which are unknown before unlike the
classification case. Predicting the Zero-day attacks or finding vulnerability/

anomalies in the system are its examples.

3.2.3 Deep Learning

Deep Learning is part of machine learning as it deals with getting more insights from
the data to predict the result accurately and increase the overall performance. In
Machine learning algorithms are not complex in structure as compare to the algorithms
in Deep Learning. Just take an example a shallow (having less number of neurons and
layers) neural network with backpropagation is consider under the machine learning
whereas if we increase the neurons and layer mechanism it comes under the category
of Deep Learning. The basic idea is to gain more information from the input data. Deep
Learning nowadays can be easily found in all the real world tasks either related to
natural language processing or computer vision or autonomous systems.

Deep learning is feasible due to the availability of the hardware resources to
compute at a high level, such as GPUs, TPUs, Quantum Computers. Most commonly
used machine learning models are Deep neural network, Deep Belief Networks, CNN,
RNN, LSTM, GANSs, Autoencoders.

Deep learning algorithms can also be used in all three categories, i.e., Supervised,
Un-supervised, or Reinforcement Learning. However, the significant drawback is that
initially, it requires a large amount of data as compared to machine learning algorithms.
However, if there are large data available, then it outperforms the machine learning
algorithms in many aspects. Because at a threshold point, the learning performance of
the machine learning algorithms becomes constant, whereas in the case of deep learning

it will increase concerning the data size.
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3.3 Statistical Relational Learning

Whenever we talk about statistical learning, we try to visualize the data entries as points
in a high dimensional space to understand its structure. The structural properties can
also be retrieved from the equation associated with the data points. But this
representation only tells us about structural properties, but there is still a lot of
abstraction that hides its logical properties. These logical properties are crucial in
solving complex problems. To deal with these hindrances, there comes the challenge to
develop algorithms that have effective and robust reasoning about this statistical
relationship in the data.

To deal with real-world problems, which has uncertainty at many levels,
probabilistic models came into the place for effective learning and inference. These
models made it possible to represent and learn based on the probabilistic semantics.
These models are based on the graphical models to acquire the inference from the
structure of the data. The SRL approach is mainly defined by either directed (Bayesian
Network) or undirected graphical models, i.e., Markov Networks, also known as
Markov Random Field. In our problem, we are using the Undirected Graphical
approach to find out the relationship between data points to select the data point from
the spatial environment.

The reason for choosing the undirected graphical model over the directed one
is because when we represent the data entries in the form of graph nodes, we don't need
the direction in order to propagate to find out the dependency or independence between
the points. We use the Markov Random field to withdraw the insights from the data.

As shown in figure 4, the directed graph has a parent-child relationship, i.e., in
figure 4 considering the node Xs, X7 and X3 serve as the parents, whereas the nodes
Xi3, X9 are the children to node Xg and node X4, X2 are co-parents. Figure 5, is an
example of Un-directed graphical Model Markov Random Field, where no directions
are given, only the node and the nodes directly connected with it has a dependency.

If we use the directed graphical model, then the relationship changes whenever
there is a shuftle in the input column, and that will also change the output. This is the
reason to drop this methodology in order to have consistency over multiple units

and shuffling of the input values.
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Fig. 4 Directed Graphical Model (Bayesian Network)
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Fig. 5 Un-directed Graphical Model (Markov Random Field)

Markov Random Field: These are undirected graphical models which don't specify
the edge orientations and have only its neighbor elements, in the undirected 2-D lattice,
in Markov Blanket.
Mostly Markov Random Field follows the conditional independence property,
1.e., no edge left between the two nodes in a graph if the third node gets eliminated then
conditional independence holds. This is also called the Global Markov Property.
If there is no direct edge between two nodes, then we call it Pair-wise Markov
Property. Determining the conditional independence is easier in Markov Random Field

than the directed graphs.
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3.4 Generative Modeling Method

A Generative Modeling framework has two components, a generator G, and a
discriminator D.A generative modeling framework is has inherited features from
the autoencoders. The Generator and Discriminator can be implemented using any
deep learning algorithms conditioned that both components should use the same
algorithm but just with reversed methodology from the first component, i.e., either
Generator or Discriminator. The Generator uses the noise generated in terms of
random variable z, over a uniform distribution as input, which serves as the latent
space for the Generator. Based on the input it generates the data, xG, and then
calculate the pData(xG), we try to maximize pdata(xG), which is the probability of

the generated values over that data distribution.
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Fig. 6 Architecture of Generative Modeling

Pdata(Tg) = /p(;lrc;,.z)dz
— \/‘pdata(IGlz)pz(Z)dZ

In order to perform the comparison or to have a relationship metric, Generator

takes p.(z) as distribution for comparison.
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The discriminator D simply takes data I as input and calculate pD(I) as output,
which tells whether the given input is a part of real data or related to real data. The main
function of the discriminator is to produce low probability output or minimize the
classification loss when fed a “fake” (generated) image. Therefore, D is used to find
out whether the data belongs to the real data or not.

Training of G and D is done adversially to improve by competing with each
other. Sometimes they alternate each other role just in order to increase the performance
of the system. By maximizing its score D(G(z)), The motive of the generator is ‘fool’
The discriminator that the outputs are from the true data distribution. The following

optimization problem is achieved in the generator phase of training

nlci;n Va(D,G) = 1116111 (]Ez,vpz [log(1 — D(G(z)))])

Hence the combined loss of GAN can now be written as:

lnGi'n max V(D,G) = nlc_i;n max (IEINP [logD (x)]

data

+ E.p. [log(1l — D(G(Z)))])

Il Forward propagation (generation and classification) Il Backward propagation (adversarial training)
» » 6 0o 5> » . 669 T~
GENERATIVE @ : 3°%0 60 DISCRIMINATIVE (,/g 302060 "~
NETWORK Q ° NETWORK ‘Q °
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\/
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Fig. 7 Flow of data in Generative Modeling

First, the input of random variables is given to the Generator, which is also called noise
as shown in figure 7.After that Generator is trained on these random variables in order
to maximize the classification error, then the output from the Generator serves as the
input to the discriminator along with the actual values. On which the discriminator
performs the actions to minimize the classification error, which will serve as the basis

metric for training.
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3.5 FORECASTING MODELS

This section provides you the brief introduction of the ensemble model proposed in this
paper and its components, i.e., SVM (Support Vector Machines), CNN 1d
(Convolutional Neural Nets one dimensional), LSTM (Long Term Short memory).

A. SVM (Support Vector Machines)

A support vector machine (SVM) is a machine learning algorithm that is used for
analyzing data for classification and regression analysis. SVM is a discriminative
classifier algorithm that outputs an optimal hyperplane which categories a new example
in the given labeled training data (supervised learning). It implements a learning
algorithm, useful for recognizing patterns with the help of drawing the support vectors
in complex data sets. The theory of SVM has originally been developed by Vapnik [11]
and his co-workers at the AT&T Bell Laboratories, which was based on a separable
bipartition problem. SVM is a type of learning system using a high dimensional feature
space. It yields prediction functions that are expanded on a subset of support vectors.
A version of an SVM for regression was proposed in 1997 by Vapnik et al. [12]. The
Support Vector Regression (SVR) is based on the same principle as that of SVM for
classification but with few changes. As the output is a real number, it becomes
challenging to predict the information at hand, which has infinite possibilities. In SVM
a margin of tolerance (epsilon) exists in approximation to the SVM. However, the
primary objective is always the same: to minimize error, individualizing the hyperplane

that maximizes the margin. The SVR equation is as follows:
y=Wwx+b,
Solution : min([[w][)?
Constraints : yiwx;b< ¢, (1)

WXi + byl <e
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Fig. 8. Margin Estimation in SVM

Support vector regression is a special case of SVM’s large margin kernel methods
which are used for classification to regression analysis. The most important parameter
in SVR is the kernel parameter. After scaling the data set, the next step is to use a kernel
method or function for creating the model. A kernel is a similarity function. It is a
function that is provided to a machine learning algorithm. It takes two inputs and returns
out how similar they are. Among the various kernels available, the one chosen for our
model is the linear kernel. Linear kernel having fewer parameters as compared to the
most used RBF kernel makes it easier to train besides gives us good accuracy of 99.81%
in the dataset of the single home system. Another essential factor to take under
consideration is that SVM with the linear kernel is less prone to overfitting as compared
to non- linear kernels in cases where the dataset is big as in our case.

Another three parameters include the Regularization (which tells the SVR
optimization how much we want to avoid misclassifying each training example),
Gamma (which defines how fat the influence of single training example reaches),
margin (which is a separation of the line to the closest class points). The most important
advantage of SVR is that optimality is guaranteed. As in Neural Network multiple
solutions associated with local minima as a result of this, it becomes less robust over
different samples. Semi-Supervised learning can be implemented by SVM. For this
reason, SVMs are regarded as a useful tool for effectively complementing information

gained from classical linear regression techniques.
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B. Convolutional neural networks

There is a keen growing interest in neural-based-learning because of its accurate and
superior performance in many applications, such as speech and image/video analysis.
The recent hype of deep neural networks (DNN) is because of the availability of a large
amount of supervised learning based labeled data and more efficient hardware
nowadays. The most common architectures of neural networks are Convolutional
Neural Network (CNN) [13] and Recurrent Neural Network (RNN). CNN is used to
get the spatial insight from pixels in an image in a 2-D or 3-D space. RNN is used to
identify patterns in a sequential manner from audio/speech or time series data which
can be represented in 1-D. Both CNN and RNN are multilayer neural networks. For our
work here, we have used the Convolutional Neural Network so that we will focus on
that in detail.

A convolutional neural network (CNN) is a type of artificial neural network that
uses perceptron, a machine learning unit algorithm, for supervised learning, to analyze
data. CNN has shown extraordinary performance in visual recognition tasks like
recognizing traffic signs, faces, and hand-written digits. There has been a large number
of recent works which help us to understand CNN better. Therefore, CNN is a unique
form of the feedforward neural network (FNN), also known as the multi-layer
perceptron (MLP) with backpropagation. It was proved in [14] that FNNs are capable
of universal approximation, which serves as a building block of the CNN.

For our research work here, we use CNN 1D model in which input matrix is of
dimension [W1,1] since we want the model to predict the load forecasting based on a
dataset containing weather and other parameters. The layers used in ConvNets are as
follows:

1) Input Layer: The input layer takes the matrix of size [Wy,1].

2) Convolution Layer: This layer is used to compute the output from neurons which
are connected to local regions, computing a dot product between the weights of the
input neurons and the small region in which they are connected to the input volume.
The working of Conv layer is as follows:

1). Accepts a volume of size [W1, 1].

20



Convolution +

ReLu
Faten ~_ Full
Connected
N E | Predited
\ § B /W | load
\ Convolution + | L] Forecast
Input ¢ Poolin Rel Poolin B m
et Y { Poing elu d © | L (unitshmin
-\ /
[\
Wix — ' I
A
Wit g/
Waxl X Woxl /|
Wehst  WEBEBST enst Bl
Waxl 1xW5

(W=(W1-Fr2p)St1

Fig. 9. Architecture of CNN

2). Set the values of 4 hyper-parameters that are:
a) Number of filters (K)
b) their spatial extent (F)
c¢) the stride (S): value with which we stride the filter.
d) zero padding (P): to pad the input values with zeroes around the
border or not.
3) Produces a volume of size [W2,1] where:
W2 =(W1F+2P)/S+1 )
4) In the output volume, the dn depth slice (of size [W2,1]) is the result of
performing a valid convolution of the du filter over the input volume with a
stride of S and then offset by dw bias.
Then we apply an element-wise activation function. The activation function is used to
determine the output of the neural network. The activation function is basically divided
into two parts: Linear Activation function and Non-Linear Activation Function. For our
purpose here, we will use ReLLU activation function, which is used to add non-linearity
for our data [12].
R(Z) = max(0, Z) 3)
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ReLu is basically half rectified. Its value is zero when Z is less than zero and equal to

Z when Z is above or equal zero. Its range is zero to infinity.

3) Pooling Layer: Generally we insert a pooling layer in between consecutive Conv
layers in a ConvNet architecture. The function of this layer is to reduce the spatial size
of the feature map to reduce the number of parameters, and hence to control overfitting.
The pooling layer operates on every depth slice of input and resizes it spatially, using
MAX operation. The pooling layer :
1). Accepts a volume of size [W2,1] from the above layer.
2). Set the values of 2 hyper-parameters that are:
a) the spatial extent (F)
b) the stride (S): value with which we stride the filter.
3) Produces a volume of size [W3,1] where:
Wi3=(W2F+2P)/S+1 @)
4) Introduces zero padding since it computes a fixed function of the input.

5) Note that it is not usual to use zero-padding for Pooling layers.

4) Flattening Layer: The basic function of this layer is convert the matrix obtained in
the form of [W3,1] to [1, W3] so that it can be passed to the input of neural network in
the fully connected layer.

5) Fully-Connected Layer: Neurons of a fully connected layer are connected to all
activations in previous layers, as seen in a regular neural network. The matrix after the
flattening step is passed into this layer connecting a network similar to Artificial Neural
Network with the property that it is fully connected in the hidden layers. The output of
the final fully connected layer is mapped into one neuron which learns by back-

propagation which of the final fully connected neuron.

C. Recurrent Neural Networks

Recurrent Neural Networks (RNN) are a powerful and robust type of neural network
with internal memory. In RNN the information cycles, forming loops. When it takes a
decision, it takes into consideration the current input and also what it has learned from
input previously it received. All RNN networks have the form of chain repeating
models of neural networks with a straightforward structure such as a single tanh layer.

RNN but usually have short term memory. An extension to RNN is Long-Short Term
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Memory(LSTM) network. LSTM enable RNN to remember their inputs over a long
period of time. LSTM contain their information in memory, which is just like computer
memory. In LSTM there are three gates: input (to decide whether or not to let new input
in), forget (delete the information that's not important), output (decide whether to make
it impact the current time step). These gates are sigmoids, that is the range from 0 to 1.
This enables them to do backpropagation with them. The working is as per the

algorithm 1. is given below.

Output Gate

Input Gate

Forget Gate

Fig. 10. Architecture of LSTM’s single node
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Fig 11. LSTM Cell State Working
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Algorithm 1 LSTM Cell State Working

Algorithm 1 LSTM Cell State Working

1:
2:
3:

© 2 3R

10:
11:

Input: X;: Input Array, C¢.;: Memory Unit,
h¢.;1: Previous cell output
Output: C;: Updated Memory unit, h¢: Cell output

Je=o0Wy.lhi—1, 2]+ bf) (5)
it = o(Wilhi—1, x| + b;) (6)
C|{ = tanh(We.[hi—1, x¢] + be) (7)
Ciy = f1.Cy_1 +1,.C] (8)

Or = o(Wolhi—1, 2] + b, %)
hy = O¢.tanh(Cy) (10)

procedure PREDICTION(An array of dimension [48,1])
if fi==true then Update the memory unit

ar = Cy_1 ® fy ey
else
forget it — a=C,
end if
Calculate 1, & C’;
Cy =m D ay (13)

Calculate O; & h,
end procedure
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CHAPTER 4

EXPERIMENTAL SETUP

In this chapter, an overview of the experimentation process is given as — first, the
introduction of the dataset being used. Then, the implementation is discussed.

This thesis focuses on mitigating the difficulties discussed in introduction part
by means of applying the statistical models on the benchmark dataset that also take into
account the weather condition as well as the individual component energy generation
power either by solar power or by biogas systems with a sampling rate of 1 minute.

The proposed approach in terms of a statistical model which is based on
machine learning and deep learning. It ensembles the results of the machine learning
model (SVM) and deep learning models (CNN 1D and LSTM) with a shallow neural
network. The previous work for load forecasting with neural network ensembling works
good [4], but there are some drawbacks of using them as they are prone to overfitting
that leads to the wrong prediction over the different location/components. They also
take more time to predict the results because of more number of parameters, especially
in case of short or middle-term load forecasting. In our system, we use SVM for
forecasting the demand for the short-term and middle-term load forecasting by limiting
the size of weights for deep learning models to 0 and by adding constraints in the model.
It leads to more accuracy and less prone to overfitting due to less number of parameters
and regularization and also requires less training time. For long-term load forecasting,
we use the ensemble model SVM and CNN 1D and LSTM. Here we use deep learning
models with machine learning model because as the data increases the learning curve
of the machine learning models becomes constant, but for deep learning models, it
increases with increase in data. Model is being tested on the same data with same split
ratio, and it outperforms the existing models, or the individual model tested on the same
dataset (1.5% for 65000 extra readings) in accuracy whereas the CNN-1D is used to
mitigate the overfitting in the system.

A. Dataset

The proposed methodology was implemented a benchmark dataset named UMass
Smart* Dataset - 2017 release [21]. The dataset contains electric usage for the period
2014-2016. We use house data sets of 2016 with time stamp 1 minute with weather
conditions too. We use the dataset with 1079542 readings. Attributes that the data

contains are a timestamp( 1 min), Use(kW), Gen(kW), Appliances usage(kW), Solar
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power generation(kW),icon humidity, visibility, summary, apparent- temp, pressure,
windspeed, cloudCover, windbearing, precip- Intensity, dewpoint, PrecipProbability.

The dataset for training and testing was split into 70% training, 15% testing, 15%

validation data.
CNN
e NN
SVM :/'7)7(7 |__Smart Grid

Single Home 0utput

Fig. 12 Architecture of the Proposed Model for Forecasting

B. Implementation Details

e Hardware Specification

a) CPU: Intel Core 19- 9900K (8 Cores, 16 Threads)

b) RAM: 64 GB

¢) GPU: 2* NVIDIA GEFORCE RTX 2080Ti (11 +11 GB VRAM)

d) Storage: 512 GB PCle NVMe SSD, 2 TB HDD.

1) For Synthetic Data generation
In order to generate the synthetic data, noise is fed to the generator along with the
relational insights from the data obtained from the SRL model is trained on the real
data. The generator generates an output that will serve as the input to the discriminator
along with real-world data and if the classification error of the real world data and the
synthetic data is less than the discriminator except for the values otherwise reject them.
The SRL model helps the generator to get a push start by feeding the input with
relational inferences. The input is fed in the form of the 2D lattice. We can also
configure the latent space that we are providing the SRL and generator to create the
synthetic data just by increasing the number of historical inputs. This will be the input
memory in the form of latent space for the generator to extract the insights in a better

manner based on the historical data values.

26



2) For Forecasting the Time Series Data

Preprocessing Phase: Data were preprocessed before feeding to the model.
Preprocessing step contains removing the NaN entries, formatting the timestamp,
factorizing the data, reshaping the data concerning the model (adding extra dimensions
to the data).

Training Phase: After the preprocessing phase and validation of constraints, the input
is fed into the model, and all three internal models will train with different input
dimensions based on their algorithms. Data fed into the model and all the three internal
model takes the same data as input, but the shape of the data varies in all the models.
After training of the model, the result predicted by all the models is fed into the shallow
neural network. And then the final result will be given by the neural network output

layer. Internal processing of models are as follows:

e SVM: In support vector machine input is in the form of a tuple with all the column
values except the target value. After that parameter are calculated to find out the
curve/margin that fits the data. This curve/margin line then further used to predict the

target variable as per the input is given.

* CNN 1D: In Convolution 1D, the input is in the form of an array of dimension
[48,1].This array is fed into convolution layer with hyper-parameter values stride=2,
pooling=2 and activation function or non-linear transformation using ReLLU activation
function i.e. linear rectifier unit. After the convolution layer, the results are passed to
the pooling layer where the size of the input will be decreased because this layer will
work as feature selection by means of filtering the data with max pooling. The output
provided by this pooling layer will be sent to the fully connected layer, which is nothing

but the hidden layer containing 32 nodes that are used to fabricate the output.

e LSTM: In LSTM the input vector of the form [48,1] is passed, which is first
concatenated with the previous output of the LSTM unit. Then we perform pointwise
operations (xor and or operations) by making through the activation functions (sigmoid
and tanh), and the final output is generated by the concatenating the outputs from all
the gates. This output is passed to the next LSTM unit. Along with this output, the
memory unit also gets updated by performing a pointwise operation after applying the

activation function.
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CHATPER S
RESULT AND DISCUSSION

5.1 Evaluation Metrics

We worked on different regression models in order to find out which model works well
on our dataset. The model is selected based on the following parameters:
Mean Absolute Error (MAE): In machine learning, mean absolute error (MAE) is a
model evaluation metric often used with regression models. The mean absolute error is
formulated as an average of the difference between the predicted value and true value.
Absolute Error = lg;ll = lly; — x;ll
Mean Absolute Error= )i~ % (14)
where yi is the prediction and xi is the true value.
Accuracy: Accuracy is just a metric by which you examine how good is your machine

learning model. In statistics it is formulated as:

Accuracy = Number of correct predictions/Total Number of predictions

Coefficient of Correlation (r): The strength of association between two variables is
called a Coefficient of Correlation. The most common type is the Pearson product-
moment correlation coefficient, is used to measure the linear correlation between
variables X and Y. Formula for computing The Pearson correlation coefficient is as

follows:

__Xxy
T syt (15)

Where x=x; -X, X; is the x value for i observation , x is the mean x value, y=y; -y, y; is
the y value for i observation , and y is the mean y value.

Coefficient of Determination (R): The coefficient of determination is a key output of
regression analysis. It is the proportion of variance in dependent variable predicted by

the independent variable and is denoted by r2.

AUC-ROC Curve (AUROC): AUC stands for Area Under the Curve whereas ROC
stands for Receiver Operating Characteristics. AUC part is used to find out the degree
of separability and ROC is just a probability curve.
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5.2 Results

5.2.1 Synthetic Data Generation Results

The AUROC values obtained from the synthetic data and real data by varing the
training data size and increasing the length of the time series data, i.e., number of
features. We find out that the difference is quite less and the synthetic data obtained

from the whole process is acceptable. After that we visualize the synthetic data on the

day and night basis.
Training | Data Type Length of Time Series Data
Set Size 10 20 30 40 42
1000 Synthetic | 0.966+0.013 | 0.971+0.21 | 0.979+0.54 | 0.987+0.43 | 0.988+0.49
5000 Synthetic | 0.968+0.12 | 0.97320.19 | 0.98120.072 | 0.991+0.38 | 0.990+0.14
10000 | Synthetic | 0.939+0.09 | 0.970+0.38 | 0.980+0.5 | 0.986+0.42 | 0.992+0.79
20000 | Synthetic | 0.98140.034 | 0.976+0.25 | 1.040.0 0 0.989+0.27 | 0.995+0.38
50000 | Synthetic | 0.978+0.096 | 0.983+0.91 | 0.989+0.75 | 0.988+0.19 | 0.998+0.94
1000 Real 0.988+0.055 | 0.986+0.07 | 1.0+0.0 0 1.0£0.0 0 1.0+0.0 0
5000 Real 0.98140.29 | 0.983+0.34 | 0.992+0.26 | 0.994+0.35 | 1.0+0.0 0
10000 | Real 0.996+0.31 | 0.989+0.05 | 1.0+0.0 0 1.0+£0.0 0 0.999+0.06
20000 | Real 0.983+0.357 | 0.988+0.82 | 0.989+0.73 | 1.0+0.0 0 1.0£0.0 0
50000 | Real 1.0£0.0 0 0.992+0.95 | 0.991+0.86 | 1.0£0.0 0 1.0+0.0 0

Table 1. AUROC value for synthetic and real data with different
test size and time series length
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Fig. 14 Synthetic Data Visualization

Loss visualization as shown in figure 15 also shows that the generator function loss is
decreasing and discriminator function loss is increasing to minimise the classification
error of the output of generator and output of discriminator.
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Fig. 15 Loss visualization of Generator and Discriminator
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5.2.2 Forecasting Model’s Results

The major advantage of SVM is optimality is guaranteed since the optimality problem
is convex. This is an advantage over the neural networks as it has multiple solutions
associated with local minima therefore it may not be robust over different samples.
Another advantage of SVM is that it is useful for both linearly separable (hard margin)

and non-linearly separable (soft margin). This makes it robust over linear regression.

Model Name r R Accuracy MAE
Linear model 0.98 10.96 96.4 0.001
Logistic Reg 0.99 1098 97.1 0.0007
Random Forest 0.48 0.23 56.3 15.6
SVM 0.99 10.98 99.3 0.0005
ANN 1 1 99.2 0.0006

Table 2. Results obtained from the Machine Learning Algorithms

Actual Vs Predicted
svm

Actual
4
|

Predicted

Fig. 16 SVM Prediction

With increase in data the effect on accuracy on all the above models is negligible (no
change at all after the dataset with total no of rows greater than 200000). This is due to
the degradation (constant) of performance of older machine learning algorithm to deal
with this issue we use the deep learning algorithms that completely overcome this issue

and give us significant increase in accuracy as shown in the table:
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Model Name Training Dataset(No. of Rows) MAE Accuracy
LSTM 200000 0.018 32.3%
LSTM 270000 0.007 33.63%
LSTM 350000 0.0016 36.12%
LSTM 420000 0.0013 37.06%
LSTM 500000 0.0011 37.89%
LSTM 570000 0.0010 38.47%
LSTM 650000 0.0009 39.38%
LSTM 720000 0.0009 39.97%
LSTM 800000 0.00089 40.65%
SVM 200000 0.0005 99.3%
SVM 270000 0.00054 99.3%
SVM 350000 0.00054 99.27%
SVM 420000 0.00056 99.21%
SVM 500000 0.00057 99.16%
SVM 570000 0.00057 99.08%
SVM 650000 0.00057 98.73%

Table 3. Performance of LSTM and SVM with varying the data Size

When we visualize the result from Table 3, we found out the basic property of Deep
Learning Algorithm satisfies, i.e., performance of ML Algorithms degrades/remain
constant with increasing the data size whereas for DL algorithms it increases as

shown in figure 17.

__ Deep learing
~ Algorithms

Performance
\

7 Machine Learning
7 Algorithms

T T T T T T T
80000 160000 240000 320000 400000 480000 560000

Amount Of Data

Fig. 17 Performance curve for ML and DL Algorithms

Whereas the performance of CNN-1D is not upto mark so we use that one as a model
in our ensemble model to deal with the overfitting issue.

Model Name MAE |Accuracy

CNN-1D 3.587 |5.13%

Table 4. Performance of CNN-1D
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Fig. 18 LSTM Prediction.

The overall results from the model are as shown in figure 19 and in table:

Model Name r | R | MAE | Accuracy

Ensemble Model 0.98/0.96|0.00073 95.6%

Table 5. Overall System Performance

—o— Actual
—e— Predicted

Usage (kw/min)

05

0 50 100 150 200

Time in minutes

Fig. 19 Overall System Prediction
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CHAPTER 6
CONCLUSION

6.1 Key Findings

The Key contribution of this thesis is to implement a solution that can work on both the
short-term and long-term load forecasting and gives us significantly better accuracy
without overfitting as compared to an existing solution. Also, in the case of small data,
it can generate synthetic data in order to maintain the performance of the whole and for
better forecasting. The presented solution with two-tier architecture is to calculate the
demand for smart grid over its components/building as well as an aggregate level. To
implement a better solution all the experiments are being carried out on a benchmark
data with weather data in order to get better results as weather data is an important
factor when we consider the energy consumption with different models. And after
comparison of the models being trained, we found out that for short-term load
forecasting SVM performs better with fewer drawbacks including the one of not being
good with the larger amount of data. We ensemble SVM with the LSTM and CNN 1D
by feeding their result to a shallow neural network to get the final result to make an
adaptive model with respect to the size of the data that is less prone to overfitting. This
solution will give us a significant improvement over the existing solutions with the

scope not only limited to short or long-term load forecasting.
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6.2 Contribution

The research contribution of this thesis 1s as follows:

* In order to deal with low availability of data due to privacy or other concerns, we

proposed a model to generate the synthetic data.

* A single ensemble model that can predict the demand for both shot-term and long-

term load forecasting.

* The proposed scheme is also designed to deal with adaptiveness with respect to the

size of data mean- while maintaining the accuracy and performance.

* By considering the weather condition features too for training the models makes the
model more robust as compare to existing models because weather condition plays a

key role in demand prediction [21,22].
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6.3 Future Work

e To create the more optimised and efficient Data generation model that can
generate data from small data set, i.e., Dataset size<500 rows.

e Improve the Generator part in order to deal with data other than time series, i.¢.,
classification data, relational data or unstructured data, e.g. JSON, XML
formats.

e Generalizing the forecasting model such that it can also be used in the other
regression problem in same manner as in smart grid.

e Optimising the output of the forecasting model with respect to the rate change
of the environment variables that affects it with differential equation.

e Training of the proposed synthetic data generator on more datasets related to

time series.
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