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input data we have, the requirement data format of the tool(s)
we will use and the expected output. Introducing the bias
while modifying the dataset may accidentally happen during
pre-processing which can be the limitation of the work such
as inappropriate aggregation may result in a substantial error
or inaccurate statistical analysis result. Therefore, the
objective of this work is to apply the requirements for a
“clean, tidy and ready to use” database for regional energy
load profile. Essentially, understanding the concept of data
cleaning, transformation, integration and reduction is
required to apply which technique fits with the case.
Extensive studies in energy modeling using regression
methods [6]–[9], machine learning techniques [10]–[14] or
other statistical analysis methods [15]–[18] are emphasised
on data analytics, which makes the pre-processing method is
fundamental. Therefore, it is important for us to apply the
data pre-processing method in our work: regional energy
load profile.

Abstract— Incompleteness, noise, ambiguity, inconsistency
and different format of data sources in collection make it
requires a pre-processing method before modeling the energy
load profile. Data pre-processing is commonly referred to
converting the data into a proper data form or database model,
or clean and tidy dataset prior to statistical analysis. Since our
work is emphasised on data analytics namely temporal
resolution load profile, then the data pre-processing is required
as a fundamental part of the model. Cleaning, transformation,
integration and reduction are the four common techniques in
data pre-processing. The pre-processing techniques are
employed in each of our dataset: temperature, public holidays,
population and energy consumption, and emissions. Our
findings show that the synthetic raw data could minimize the
pre-processing techniques since the data are generated using a
specific algorithm and it is also important to understand the
nature of data in collection, which helps in selecting the ideal
technique. The selected data pre-processing techniques in this
work help to provide the proper datasets as the inputs for
modeling regional energy load profile in an efficient way, by
not introducing bias.

The paper is structured as follows. Section 2 presents the
related works; Section 3 proposes the selected method and
framework; Section 4 presents the analyses and evaluates the
results; Section 5 concludes the paper with the research
implications for future works.

Keywords— Data pre-processing, cleaning, transformation,
integration, reduction, energy modeling, load profile.

I. INTRODUCTION

II. RELATED WORKS

Data pre-processing is a required step to support various
data sources and formats that suitable to be used in the next
analysis phase. It is widely used in many areas: health,
transport, energy, tourism, finance, etc., and applicable to all
work or studies that involve raw data or dataset. Depending
on the existing data collection, a pre-processing process that
consists of some tasks may require. In practice, a dataset
usually needs to be pre-processed [1]. It is due to the
incompleteness, noise, ambiguity and inconsistency data in
collection. Studies have identified that data corruption,
missing values and outliers are the main typical problems
need to handle [2]. Besides, the different time resolution,
different unit, different format of the input data and the
requirement of the tools we used in the next step make a preprocessing activity mandatory.

A data pre-processing method focuses on data reduction
by eliminating the unnecessary attribute, has been introduced
in power sector [19]. Studies have identified that the purpose
of data reduction technique is mainly to improve efficiency.
It may delete a large number of redundant data, and to
improve efficiency [4], [5], [19]. It also reduced the search
space of data mining methods. Data reduction was proposed
by Pawlak in the 1980s by introducing the Rough set theory,
which is mathematical tool for imperfect data analysis:
vague, imprecise, inconsistent and uncertain knowledge
[19]–[21]. Therefore, a combination of rough set theory and
database technology is applied as an efficient solution in big
data analysis. The pre-processing method is developed using
standard Structured Query Language (SQL) by developing
two algorithms: obtaining attributes core method and
attributes reduction method of power grid information table.
The validation through experimental results show that the
method can provide a useful attempt to big data mining [19].
A related study to overcome the missing values has been
proposed by employing interpolation technique. Interpolation
is defined as the process of finding and constructing the
unknown values based on the known values. It employs

Data pre-processing is commonly referred to converting
the data into a proper data form or database model, or clean
and tidy dataset prior to statistical analysis [3], [4]. Recently,
there are four common tasks in data pre-processing:
Cleaning, transformation, integration and reduction [4], [5].
The recent task is called discretisation, which is also part of
reduction. Data pre-processing is sometimes iterative and
may involve a series of looping. It is depending on what
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Lagrange interpolation, which is simply a reformulation of
the Newton polynomial that avoids the computation of
divided differences [22].

TABLE I. PRE-PROCESSING TECHNIQUES: PROBLEMS AND SOLUTION [4]
Task
Problem/issue
Solution/Technique
Cleaning
Missing data
Ignore the record
Determine and filling the
missing value manually
Use an expected value
Noisy data
Binning methods
Clustering
Machine learning
Inconsistent data
External reference
Knowledge engineering tools
Transformation Different format, Normalisation
scale or unit
Aggregation
Generalisation
Integration
Different standards Combine data into a consistent
among
data database
sources
Reduction
Complex analysis Reduce
un-necessary
or infeasible
observations, variables or
values

Furthermore, a pre-processing system namely SumatraTT
is developed with the focus on data transformation of cultural
heritage data. Similar with our case, the incompatible data
formats and database models makes the data pre-processing
task here is required. In this interpreter tool, it is applied a
template in every transformation and defined a set of
parameters in metadata. The transformation is conducted
using
XLS-T
(Extensible
stylesheets
language
transformation) standard. Sumatra TT can solve standard
pre-processing tasks such as copying data, formatting of
values, calculation of a new attribute, data filtering, reporting
and visualisation. Furthermore, it can also perform some
advanced task such as splitting a dataset, time-series
processing, extracting contradictory records and supporting
import or export of Prolog facts [3].
The approach of pre-processing smartcard data is
required to improve data quality in passengers’ transit
systems. The method starts by conducting some basic checks
on the raw ride data by ensuring the mandatory attributes are
available, performing some range of basic checks to each
attribute and ensuring the required look-up tables are
sufficiently populated. Furthermore, the identification and
correction of tap-in and tap-out is performed. The third step
is the rides aggregation into trips, and the last step is to
analyse the data from the tap-in and tap out, in order to
identify suspect faulty vehicles and data supply. This data
pre-processing approach helps to implement better transport
planning data, improve Automatic Vehicle Location (AVL)
system and reduce revenue loss [23]. In practice, there are
many data pre-processing tools such as R, STATA, SAS and
Python.

IV. ANALYSIS AND RESULT
The purpose of modeling the regional energy load profile
is to provide the temporal resolution pattern of regional
energy consumption. The generic framework is started by the
regional data collection (Fig.1). In this case, we have
selected Amsterdam as the case city to apply our
methodology. The next step of the framework is to do the
data pre-processing, which is the main focus of this paper
before data modeling step. The regional model consists of
residential, commercial and services, and industrial sector.
The residential model at the regional level is the result of
household aggregation model. The household load profile is
modelled using the Pflugradt’s model. Pflugrandt’s has
developed the model with a strong focus on the behavioural
aspect. The basic element to model a single household is the
desire and the expressesion of the need to do something. The
model has specified: weight, threshold and decay time as
desire properties [27], [28]. The last part of the framework is
data clustering where the data is clustered at three level:
seasonal average, typical days and location, namely
spatiotemporal resolution.

III. METHODOLOGY
As mentioned, some common techniques in data preprocessing involve cleaning, transformation, integration and
reduction. Cleaning task will correct the data by filling in the
missing values into data warehouse or dataset [24] using
specific technique, such as interpolation [22], smoothing
noise data, identifying or removing outliers and resolving
duplicates and inconsistencies, while minimising the
introduction of bias into the data. The transformation
translates and/or scales the variables into the required or
desired formats or units. It also covers normalisation and
aggregation, where the data are transformed into appropriate
form for specific data mining algorithms purpose.

Fig. 1. The framework of regional energy load profile

A. Data collection and selection
In this work, the data collection contains of socioeconomic data, climate data and electricity consumption
data. People, households and geographic locations, are
associated with demographic variables. Defining a specific
point of time is essential in order to do the data selection
according to the defined period. For instance, we should
define which year of the hourly temperature dataset, number
of population, age groups, employment rate and electricity
consumption information to be enclosed in the analysis. The
selected data should cover the same period of time.

Data integration is utilising multiple databases, data
cubes, or files and combining these various sources or raw
datasets into one data warehouse or a single dataset. In this
phase, the various datasets will be re-organised into a desired
single dataset where all required information are in place.
Reduction task will reduce the volume and keep the same
analytical results includes removal redundant records and
variables [4], [5], [25]. Normally, it is conducted after the
integration and transformation are done. Recently, some
studies have proposed discretisation technique, which is part
of reduction task, where numerical attributes is replaced by
the nominal ones [26]. Here we identify the common
problems and present the solution based on each technique in
data pre-processing (Table 1).

The nature of our data in collection is panel dataset,
which is a cross sectional data sample at specific point in
time. In this case, we have defined to model the load profile
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of year 2015. The selection of period is important, so the
data are balance since it is retrieved in the same period. A
synthetic population dataset was developed for Amsterdam
by a ClairCity partner. It is generated by a combination of
Iterative Proportional Fitting (IPF) and mixed integer
programming. Households electricity is estimated using two
simple linear regression models [29]. Thus, the household
information, number of population, and annual electricity
consumption are collected from the synthetic population
dataset. We select the hourly temperature dataset, number of
population, age groups, employment rate and electricity
consumption information of 2015 at Amsterdam level. The
temperature dataset is in hourly resolution that consists of
8760 observations. We select 440,397 households that
consists of 810,574 inhabitants from the synthetic
population of Amsterdam. The annual electricity
consumption is calculated based on the household
consumption profiles created by the synthetic dataset.
The temperature dataset is retrieved from The Royal
Netherlands Meterological Institute (KNMI) which is the
official Dutch national weather service [KNMI]. In specific,
we select the data from Schiphol (ID: 240) weather station.
It is the nearest station to Amsterdam and still in the same
region: Noord-Holland. The feature provides an interactive
selection of hourly dataset functionality. Furthermore, the
age group and employment rate information are obtained
from Central Bureau Statistics (CBS) The Netherlands.

in kWh, thus the transformation to another unit is not
necessary.
Furthermore, the latitude and longitude variables will be
employed for spatio analysis purpose. Integration technique
is also not required to do in data pre-processing, since we
just keep this dataset as it is. We perform integration after
modeling. For instance, the integration of hourly
temperature value and hourly energy consumption value in a
new dataset as the result of modeling.

Fig. 2. Example of integration result in modeling phase

2) Temperature:
The data source of hourly temperature is provided in .txt
file that consists of four variables: station code, the hour in a
day and temperature. The value of temperature is in 0.1
degree where celcius is the unit. As mentioned, the data is
selected for year 2015, therefore there are 8760
observations. In this dataset, cleaning technique is not
required as there is no missing, noisy or inconsistent data in
the dataset.

B. Data pre-processing techniques
In this section, we will present which technique(s) is applied
in each data or dataset and discuss it in more detail, to
prepare the desired data for modeling phase.
1) Population and energy consumption:
The data source of Amsterdam synthetic population and
energy consumption is available in CSV file. Based on the
nature of our data, residential data cleaning is not required
to do, since we have obtained the comprehensive synthetic
data of population and household electricity consumption at
the city level. All data are generated and consist of
residential users. Thus, removal the non-residential users is
not required in this case. Since it is a synthetic dataset where
the electricity consumption is generated by the algorithm,
then it is also not required to remove the missing-value of
residential user and zero-use residential user. The dataset
consists of variables: Neighbourhood code, household ID,
latitude, longitude, location type, dwelling type, dwelling
year, dwelling heating availability, household occupancy
type, head of household gender, head of household income,
age groups, electricity use, gas use, property of car, wood
heater and emissions. This dataset contains 440,397 records.
For efficiency due to the size of this dataset, although not all
variables are required, in this case we do not apply common
reduction technique but some indirect forms of reduction.
Since all the required variables will be query for modeling
purpose. In fact, this query selection can be also defined
indirectly as a reduction technique. We also sum the annual
energy consumption of all households as the total
consumption of residential at the city or regional level. The
total annual electricity consumption based on synthetic
dataset is 1,258,109,443 kWh. In this case, it is also a form
of reduction where multiple values are being represented as
a total value. The desired unit for electricity consumption is

Fig. 3. The temperature dataset in .txt

Reduction technique is conducted since the station code
variable is not required in the modeling tool. Furthermore,
due to the different standard between the data source and the
modeling tool, we transform the dataset from .txt to .csv by
reducing the first variable: station code and normalised the
temperature value. The aim is to transform the value of the
data source into a format, scale or unit that is required by the
tool we used. Finally, this new dataset is compatible with
the modeling tool we use and ready to be the one of the
inputs of our model.

Fig. 4. The temperature dataset in modeling tool
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has been solved by the interpolation technique from the data
source. Furthermore, the transformation of load value from
MW to kWh is performed. The reduction is also required by
reducing the Coordinated Universal Time variable and
keeping the time stamp of Central European Time (CET)
variable, which is time zone of The We also reduce the
interpolated_values field for efficiency purpose. Therefore,
the new dataset consists of two fields: CET time stamp and
total load in kWh. The integration is perfomed during the
modeling by integrating these two variables with emissions
dataset.

3) Employment rate, age group and public holidays
The employment rate and age group are not in the form
of datasets. Both of them are the information of the share of
employment and unemployment rate, and the share of
population age group in the region, during the selected
period. Therefore, there is no pre-processing techniques in
this case. We identify the unemployment rate from various
sources that is vary from 7% to around 10%. We decide to
select 10% as the unemployment rate. We categorised the
population age into 3 groups: 0-15 years old, 15-65 years
old and above 65 years old.

5) Emissions area
The emissions area dataset is available in CSV file. This
data set is important to perform spatio analysis. The
reduction techniques is performed to eliminate some
variables and filter the observations based on the energy
sector: residential or commercial. The dataset consists of
eight variables: year, city, zone, codvariable, energysector,
pollutant, emission and unit. In this case, we eliminate year
and city variables, since we have defined to model year
2015 and Amsterdam as the case city. The latitude and
longitude variables will be applied for spatio analysis
purpose.
6) Emissions point
The emissions point data is available in CSV file and
consists of eight variables. We use the variables: latitude,
longitude, and emission, and reduce the other five variables.
The latitude and longitude variables will be applied in
Shapefile for spatio analysis purpose.

Fig. 5. Age group share in Amsterdam

We employ the weighting proportion of the share of
employment rate and the share of age group as the regional
profile, before defining or selecting the household profiles
in the modeling tool. Public holidays data is integrated in
the model as one of the independent inputs like temperature
dataset. The data contain all the public holiday dates in a
year. Therefore, it is not required to apply any preprocessing techniques in this data.

7) Shapefile of the city
Shapefile store the spatial data in shapefile format. The
shapefile of Amsterdam is accessible at Central Bureau
Statistics, The Netherlands official site. In this case, the
emission locations from emissions area and emission point
datasets are stored to show the value of emissions based on
temporal resolution result. For spatio analysis purpose, we
have distributed our temporal resolution result into each
emission locations (Latitude, Longitude). Therefore, this
integration technique is useful to perform spatio-temporal
resolution analysis.

4) National load
The national load dataset is available in CSV file from Open
power system data [30]. It will be used as the load pattern
for commercial and industrial sectors. The dataset has four
variables:

The following table has summarised all pre-processing
techniques that we applied in each of our dataset.

TABLE II. NATIONAL LOAD FIELD NAME AND DESCRIPTION
Fieldname
Type
Description
(Format)
utc_timestamp

Datetime

cet_cest_timestamp

Datetime

Interpolated_values

String

NL_load

Number

TABLE III. SUMMARY OF PRE-PROCESSING TECHNIQUES IN DATA
COLLECTION

Start of time period in Coordinated
Universal Time.
Start of time period in Central
European (Summer) Time.
Marker for missing data column in
source data and has been
interpolated.
Total load in The Netherlands in
MW

Data
collection
Temperature

Public
holidays
Population
and energy
consumption

The source of load value is retrieved from ENTSO-E
data portal and power statistics. ENTSO-E is the European
Network of Transmission System Operators. It represents 43
electricity Transmission System Operators (TSOs) from 36
countries across Europe [31]. In this case, the missing data
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Data property
Open dataset from
national
meteorology
office: KNMI
Open data
Synthetic dataset
Owner: ClairCity
partner

Nature and type Pre-processing
of data collected
techniques
Time series
Reduction
dataset
Transformation
Hourly resolution
Discrete/categori
cal data

None

Panel synthetic
dataset:
1. Population
2. Household
3. Dwelling
4. Location
5. Energy

Reduction

study, since the nature of the data may be unique. It is also
interesting to study the selected techniques we have
employed in pre-processing and modeling phases in relation
to efficiency.

consumption
6. Emissions

National load
Emissions
area

Emissions
point
Shapefile of
the city

Region/city’s
Annual share
None
employment rate
information
Open public data
Owner: CBS, The
Netherlands
Region/city’s age
Annual share
None
groups
information
Open public data
Owner: CBS, The
Netherlands
Open dataset
Time series
Reduction
Owner: Open Data
dataset
Transformation
Platform
Hourly resolution
Owner: ClairCity
Area data,
Reduction
partner
Geographic
Information
Systems (GIS)
data
Owner: ClairCity
Point data, GIS
Reduction
partner
data
Open public data
Shapefile, (GIS)
Integration
Owner: CBS, The
data
Netherlands
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