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A B S T R A C T

Data-science is a key component of modern science since it fuels AI, ML and data analytics, etc. As the electrical
grid has been modernized into a smart grid, it has also become increasingly dependent on data science to
monitor and control grid activity. Realistic data is essential to evaluating the algorithm’s workability but it
is difficult to obtain real smart meter data due to strict privacy and security policies of many countries. In
this paper, using the prophet library, we code and develop a prediction-based Synthetic Data Generator GUI,
which generate the synthetic data sets.
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1. Introduction

Smart grid becomes the most researched area in the energy sector
due to its tremendous benefits for consumers and utilities [1]. Smart
grids are becoming more and more data-intensive as a result of the
massive amounts of data (Big data) collected from all connected smart
nodes in real time. Specifically, smart meters are essential to moderniz-
ing the electrical grid towards a smart grid. According to [2], big data
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will play a significant role in smart grids since more distributed energy
systems and electric vehicles will be connected to the grid. With the
growth of big data of issues, it is becoming increasingly necessary to
have powerful algorithms to deal with them. As a consequence, smart
meter data analytics studies were conducted in greater depth. In the
field of smart meter data analytics, algorithms are tested using smart
meter data in order to improve performance. To test the effectiveness of
developed algorithms, a large amount of real-time data is required [3].
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Table 1

Paper Analytic
framework used

Processing
scheme

Seasonality and
trend removal

[5] Spark AR Centered moving
average

[2] Spark AR Moving average
[6] Generative

Adversarial
Network (GAN)

ARIMA –

Unfortunately, many countries have privacy and security related poli-
cies that make it difficult to obtain smart meter data sets [4]. Synthetic
data are widely utilized to mitigate the above problem without compro-
mising privacy and security issues. The following Table 1. summarizes
various research works related to synthetic data generation by various
authors.

Nowadays, AI algorithms can be used to generate synthetic data,
but they are randomly generated, and their likelihood of being similar
to the original data is very low. There are many big data frame-
works available for generating synthetic data, including Hadoop-Hbase,
Cassandra, Elasticsearch, MongoDB, and Spark. In addition to that,
a variety of time series analysis models have been used to produce
the synthetic data above, including AR-Auto-Regressive, MA-Moving
Average, ARMA-Auto-Regressive Moving Average, and ARIMA-Auto-
Regressive Integrated Moving Average. In the above models, source
data sets are used to predict the future data set based on time con-
straints. Stationarity conditions such as constant mean and variance
should not be present in the source data set in order to achieve
prediction for the input data set [7]. Moreover, the source data set
should be free of seasonality and trends to obtain better predicted
data set [6]. ARIM is the most commonly used model for synthetic
data generation. However, it is important to select p, d, and q appro-
priately in preprocessing to remove seasonality and trends. Without
this preprocessing, the predicted results will greatly differ from the
original. Various programming languages are available for generating
synthetic data generators, including Python, R, Scala, Julia, Java, SQL,
MATLAB, and JavaScript. But out of all, Python is most predom-
inantly used because it is open-source nature and its huge library
support base, it is the most commonly used programming language.
This paper models a Smart meter Synthetic Data Generator (Smart
meter-SDG) using the Facebook prophet (FBprophet) library in Python.
A main advantage of using Python is that it accepts pandas’ libraries,
which are ideal for handling large data sets. The Pandas framework
is capable of tuning the data sets. Also, the two libraries are used
differently based on the requirements of the program. In comparison to
the above-mentioned library model to deal with prediction, the Prophet
library offers the greatest advantage in that it automatically removes
seasonality and trends. Prophet library eliminates the need for pre-
calculation to remove trends, seasonality, and other factors that affect
time series analysis. Using the FBprophet library, we code and develop
a prediction-based Synthetic Data Generator GUI, which generate the
synthetic data sets. The source CSV (real-time) file is used to generate
synthetic data in CSV format depending upon the number meter and
number days to be calculated. With FBprophet, time series data can be
forecast based on an additive model that integrates seasonality, yearly,
weekly, and daily trends, as well as holiday effects into non-linear
trends. The algorithm is most effective when there are several seasons
of historical data and strong seasonal effects in the data series.

2. Software description

2.1. Methodology

Programming for synthetic data generators involves two main parts:
1. Data cleaning 2. Synthetic Data generation. Tkinter, FBprophet,

and Pandas are the main libraries used in this project. Time series
prediction is performed using the FBprophet library. The data cleaning
and processing of CSV files is done using Pandas and Tkinter is used
to develop GUI for the proposed data generator. This source data set is
obtained from UK Power Networks’ project named ‘‘SmartMeter Energy
Consumption Data in London Households’’ dated between November
2011 to February 2014, which was a 10 GB CSV file containing 167 mil-
lion rows with 5600 unique half-hour energy consumption records [8].
Out of 5600 unique customer IDs, 20 consumer data sets are selected as
input sources for synthetic data generation. The initial CSV file contains
the user ID, tariff mode, as well as every half hour energy consumption
data and datetime of the reading. Fig. 1 illustrate the working model
of synthetic data generator.

2.2. Implementation

2.2.1. Pre-processing algorithm
As part of Pre-processing, the Hugh data source file is imported us-

ing the Pandas data Framework. Compared to Pandas, Pandas handles
large data files efficiently without time delays. The initial part of the
coding mainly focuses on separating the 20 different consumers based
on consumer user ID. Each consumer’s weekly energy consumption
data is filtered and converted into a unique source CSV file. A similar
procedure is followed for the remaining 20 consumers, resulting in 20
different source CSV files. These filtered files are used as input files for
Smart meter-SDG and with that source file FBProphet library predict
the results

Stage 1. Importing raw source file with Pandas framework

Stage 2. Select 20 different consumers based on the consumer id and save
it as separate CSV file using pandas frame work

Stage 3. Filter weekly data set from each consumer ID using filter command
of pandas and store it as the source data file for data generator prediction

Stage 4. Repeat the stage 3 process for all 20 consumers to generate 20
different CSV source file

2.2.2. Data generation
In this code block, the data from CSV will be processed to obtain

the predicted results for the synthetic data generator. In order to
interact with the user, the Tkinter library and its dependencies are
incorporated to formulate the GUI. Two entry widgets are created to
get data from the user for the number of meters and the number of
days to be predicted. Based on the user entry of number of meters
i.e n< = 20 out of 20 csv files n files are selected and feed as input
file to the generator for prediction. The prediction is made through
the FBPprophet library based on input of the number of days. It is
not necessary to check the seasonality and trend in the data set since
the library itself automatically removes them when working with the
FBProphet library. CSV file should contain two columns named ds (data
and time) and 𝑦 (variable to be predicted using FBProphet).

As well, the ds column is converted to the actual date time data
type before proceeding. Since the source data set is 30 minute-based,
prediction is performed for a period of T = 48*t, where t = number
of days. In total, 337 rows of energy consumption information are
included in the input data set. A total of 337 data points are divided
into 300 test points and 37 training points. In Python, machine learning
algorithms and neural algorithms use trains and tests to predict future
values. By using a pandas data frame, a number of separate csv files are
created depending on the number of days. In addition to that, n number
of CSV files also generated which contains all components predicted by
the library.

Stage 1. GUI is activated using Tkinter library

Stage 2. Users are asked with two input parameters to decide how many
days and how many meters data needed
2
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Fig. 1. Working model of data generator software.

Fig. 2. GUI to get inputs from user.

Table 2

Papers Application

[11] Generating synthetic load patterns
[12] Clustering approach
[13] Synthetic data generation in smart home
[14] Consumer privacy mitigation
[15] Non-intrusive load monitoring in households
[16] Demand Data Generation for ML
[17] Synthetic Electric Power Systems
[18] Smart meter data analytics

Stage 3 After submission depending upon the no of meter input given by the
user the number of CSV file to be loaded to the data generator is identified

Stage 4 From the source file data sets train and test data points are
calculated to make the prediction

Stage 5 Depending upon the no of days (T), the prediction data set is
generated using FBProphet library

Stage 6 Finally based on the no of meters (n), predicted results are saves
as n different data set in the form of CSV file using panda’s data frame

3. Impact overview

3.1. Real time applications

Multiple studies [9,10] have shown how synthetic data can help in
smart grid data analytics to enhance the efficiency of scientific research
and simulations. The research articles which highlight the necessity for
synthetic data in smart grid data analytics for improvising the data

Such a necessity was extended to demand side management with
forecasted energy consumption to alert the consumer to shit their load
to off peak. The energy consumption details are also forecasted using
the synthetic data. The direct beneficiaries of the software we present in
this study are researchers in smart grid data analytics and utilities who
need to implement demand side management with forecasted energy
consumption. The penetration of ML and AI in smart grid, researchers
need to test various algorithms on smart grid model and management
program. Developing successful AI and ML models requires access to
large amounts of high-quality data. Hence, for their decision making
process they are heavily dependent on real time data set to train
the developed AI and ML. But the lack of such real time data had
limited the range of research on smart grid analytics. To mitigate these
problems there is a need of synthetic data which resembles the real
time data closely. It was reported in a study [19] that 70% of the time,
the synthetic data produced results that were on par with the real data.

With the developed software researcher can get the required amount
of predicted or forecasted data set by interacting with the GUI with
proper inputs. From https://github.com/pogog/synthetic-data-generat
or.git, the software framework can be download and executed with any
python editing environment. After successful running of the framework
desired output are generated in the form of CSV files for research
purposes. Furthermore, our method can be easily adapted to demand
side management with forecasted input (synthetic data) to improve the
energy efficiency on the consumer side. DSM based on the historical
data is one approach more commonly used in smart grid. But collecting
and accessing that historical is very difficult and time consuming. In
that scenario the develop software can forecast the data based on the
real time data and it can be used for DSM. The developed Smart meter
SDG uses FBProphet library to process very basic data set of energy
consumption details without delay for 𝑇 number days. In this software
a simple GUI is developed to interact with user to get the necessary
details from the user to run the program. Fig. 2 illustrate the GUI of
analytic algorithms in smart grid are listed in the following Table 2. developed software.
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Fig. 3. Generated CSV data set with predicted value for 365 days.

3.2. Outcomes

Generally collecting real time data for testing is tedious and time
consuming. For that synthetic data is the better option to testy the
various algorithms in data analytics since it is readily available and
can be collected without time delay. Furthermore, our software can
handle a huge volume data set with less delay and produces the desired
output CSV files. When compared with other methods stated in [2,5,20]
in this developed software seasonality and trends are automatically
removed from the time series source data set which results more
simplest algorithm development with less number of coding to design
the synthetic data generator. Fig. 3 shows that the CSV files for 3
houses are generated successfully for 365 days and Fig. 4 shows the
all components predicted with FBProphet library.

In this developed software, synthetic data sets that are closely
related to the original data set are predicted and generated based on
the user’s requirements and their comparative analysis is visualized
in Fig. 5.

FBProphet library is used to generate the synthetic data set in which
the challenges in time series data computations like seasonality and
trends are automatically removed. This library reduces the computation

Fig. 4. Generated CSV data set with all components of predicted value for 365 days.

Fig. 5. Comparison of actual consumption with predicted data in different generated CSV files.
4
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time and complexity in the developed software to produce the syn-
thetic data. Scientists, researchers, and developers can test smart meter
algorithms using synthetic data sets without compromising privacy
or security. This software can be further developed with some more
controlling parameter like seasonal selection, cluster selection etc.
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