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Abstract

Experiments based synthetic data has proven to be very effective in simulation models, scientific studies and
research purpose. Using several approaches, flexibility and accuracy can be obtained. Synthetic data generation is
very useful in cases of limited data availability. This includes cases at which data is available but protected under
certain confidentiality by private data collectors and not made available for research purposes. This paper presents
a brief survey on synthetic data generation and states some approaches that can be used to carry out synthetic data

generation.

I. INTRODUCTION

Due to rapid growth in technology and massive increase A.

in connectivity to the internet, a large amount of data is
continuously generated [1]. This data is useful in many
applications like monitoring and controlling battery
pack state of health, prediction of remaining useful life
(RUL) of a battery [2]. Due to its wide usage, data has
faced some difficulties which can be challenging and
painstaking. Despite its wide usage, there are two main
challenges of data acquisition: firstly, certain
applications require large amount of data which may be
difficult to acquire [3]; secondly some data even if
available, may still be protected under confidentiality
by private data collectors and not freely available for
academic or public use [2]. One solution to employ is
the use of synthetic data generation (SDG). SDG is the
process of generating data artificially for the purpose
of preserving privacy, testing systems. It can also be
used for creating training data for machine learning
algorithm. It can further be used to generate data that
meets specific needs and conditions that are not
available in existing (real) data. When compared with
real data, synthetic data has huge benefits which
includes: (i) being able to replicate all important
statistical properties of the real data without exposure
of real data, (ii) ability to create data to simulate not yet
faced problems and (iii) synthetic data also aims at
preserving multivariate relationships between variables
and not just specific statistical properties.

Synthetic data has found use in many applications
which includes: Monitoring, predicting and controlling
battery pack state [5], wind turbine fault detection [4],
Modeling and evaluating electric vehicle charging
sessions [2], probabilistic analysis of hybrid energy
systems [7], and so on. In this paper we review three
approaches which has been applied for the purpose of
generating synthetic data used: Markov chain, ARMA
model and GAN. We discuss their applications in SDG.

II. SYNTHETIC DATA GENERATION APPROACHES

In this section we briefly explain the approaches used
for synthetic data generation.
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A. MARKOV CHAIN:

This is a stochastic model used to describe a sequence
of possible events in which the probability of each
events depends only on the state attained in the
previous events. They are based on the traditional
probability matrices of various steps [8]. In
construction of a Markov model, the state of the system
must firstly be determined. In [6], generation of the
synthetic data requires two steps; first the EV data set
1s used to generate transition probability matrices,
based on which new current profiles can be generated
using the Markov chain propagation (stochastic model).
Next is the voltage profile generation which uses two
features, the clustering and neural net structure, the
output of this network gives the voltage behavior
corresponding to the synthetic current profile as shown
in Fig. 1.
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Figure 1: Simple flowchart for ARMA model

current profile

Voltage clusters are used as intended targets for neural
net structure employed, the clustering algorithm along
with the neural net structure is applied to help improve
the level of accuracy.

B. ARMA MODEL:

The Autoregressive moving average (ARMA) is used
for analyzing a stationary time series. It was put
forward by the American statistician G. E. P. Box and
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British statistician G. M. Jenkins [9]. In [7] ARMA
model is used to model autocorrelation in residue time
series (measurements with seasonal trends subtracted)
after model is trained over historical data by finding
optimal parameters, the combined model is used to
generate synthetic data over historical data by finding
optimal parameters, the combined model is used to
generate synthetic data.
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Figure 2. Simple flowchart for ARMA model

C. Generative Adversarial Nets (GAN):

GANSs are frameworks that can train deep generating
models. There are two networks in a GAN: a
generating network G, and a discriminating network D.
The generator is used to generate new plausible
images while the discriminator classifies images as
real (from the domain)
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Figure 3: Simple flowchart for GAN model

or fake (generated). In [4], the GAN is used to develop
a rough fault data refiner which is used to make the
rough data more similar to the real fault data. G is used
to synthesize the data resembling real data while D is

used to distinguish the synthetic data from the real one.

A flowchart of the process is shown Fig. Il below.

. CONCLUSION

In this paper a brief survey of some methods used in
synthetic data generation was presented. This
approaches has been used to solve the challenge of
limited data. This next step to this work is to implement
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the deep learning method used in synthetic data
generation in application to real world problems.
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