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a b s t r a c t 

The electricity consumption of a residence depends on many 

factors such as the habits and economical status of the oc- 

cupants, the properties of the household and many more. To 

shed more light on the subject a data set for households was 

created. The data were collected in Greece through an anony- 

mous survey that comprises 26 questions, resulting in 188 

data points from 104 households from different time peri- 

ods. Each data point contains attributes that are divided into 

four categories. In the first category, the information is about 

the household data such as the type and properties of the 

residence. Next, occupants’ socio-economic features are gath- 

ered. In this category information for the number and type of 

the occupants, the employment status and the total income 

of the residents is included. The third category of attributes 

is about the energy-related occupants’ behavior. Finally, the 

location of the household was provided from the users to 

estimate the weather conditions for the provided time. Data 

augmentation was performed to discover non-trivial relation- 

ships between the data points. Thus, a secondary set of fea- 

tures was computed based on the raw attributes and is also 
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included. The provided data set can be used to extract in- 

sights that could be valuable during the imminent energy 

crisis. 

© 2023 The Author(s). Published by Elsevier Inc. 

This is an open access article under the CC BY-NC-ND 

license ( http://creativecommons.org/licenses/by-nc-nd/4.0/ ) 
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pecifications Table 

Subject Electricity Consumption of residential installations 

Specific subject area The electricity consumption in a household is affected by multiple factors such 

as the occupants’ habits, their level of energy awareness, the weather 

conditions, etc. This information is usually known to the Distribution System 

Operators but is not publicly available. The collected data set contains several 

features regarding the characteristics of the household and its residents 

alongside with the weather conditions and the corresponding electricity 

consumption of a given period. Note that the data set contains the overall 

household electricity consumption that was obtained from the electricity bills. 

These data can be used to create user profiles with similar characteristics and 

consumptions to determine the most influential factors related to the energy 

overconsumption. Hence, unique insights and recommendations can be 

produced for each group of users. 

Type of data Table 

How the data were acquired The data were collected in Greece through an anonymous survey comprising 

26 questions. The survey was created in Google Forms and was published 

online. 

Data format Raw, Analyzed 

Description of data collection The initial data was collected through an anonymous online survey that was 

distributed among colleagues at several universities and other public fora in 

Greece, while weather data provided by the National Observatory of Athens. 

The survey contained 26 questions. 

Data source location Country: Greece 

Data accessibility Repository name: 

Electricity Consumption Data 

Direct URL to data: 

or 

https://figshare.com/articles/dataset/Data _ Sheet _ Energy _ xlsx/21867933 

DOI: 10.6084/m9.figshare.21867933 

The survey can be found in the following link: 

https://forms.gle/nx118et8hC8BtpUB8 

alue of the Data 

• These data constitute a unique, previously unseen source of information related to electricity

consumption in Greece. 

• This dataset can be used from machine learning researchers, electricity domain specialists,

statistics organizations (regional, national, or international) and Industry companies. 

• The collected data could provide some insights on energy awareness of the public based on

various social and economic factors. 

• The dataset can be used to extract information regarding the way that the electricity con-

sumption of a residence is affected by its characteristics. Thus, targeted solutions could be

proposed in order to avoid energy waste. 

http://creativecommons.org/licenses/by-nc-nd/4.0/
https://figshare.com/articles/dataset/Data_Sheet_Energy_xlsx/21867933
https://doi.org/10.6084/m9.figshare.21867933
https://forms.gle/nx118et8hC8BtpUB8
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1. Objective 

The generation of this dataset occurred because of the need to look for the factors that in-

crease energy overconsumption of domestic consumers. Previous studies [4–6] have shown that

energy consumption can be determined based on a number of factors including socio economic

features of the residents. Furthermore, it is important to estimate the energy awareness level of

people in Greece. Using these data, machine learning engineers can implement more targeted

recommendations, or home energy management, systems, to tackle the environmental problem

that now exists. Finally, these data can be used by energy companies for solar panel installation

suggestions to customers in an optimal way, based on their socio-economic profile. 

2. Data Description 

This dataset was created based on the answers of 26 questions. The goal was to collect var-

ious information about households in Greece regarding their characteristics and the habits of

their residents. All questions that were studied in this survey and their extracted features, have

been classified into four categories: 

(1) Household details 

(2) Occupants’ socio-economic characteristics 

(3) Energy-related occupants’ behaviors 

(4) Electricity consumption 

Moreover, some extra features about the weather conditions prevailing in each household’s

region have been extracted, based on provided information. For each category of questions, two

tables are provided; one that summarizes the extracted variables and another one augmented

with variables obtained after processing the data. 

2.1. Household Details 

First, the participants had to answer a couple of questions to provide some information about

their household. This information relates mainly to the characteristics of the house, i.e., its type,

its size, the number of bedrooms it has, its age, its location and the type of heating appliances

it contains. It should be noted that the existence of electric heating affects greatly the electricity

consumption of a household. These features are outlined in Table 1 . To replace categorical vari-

ables with ordinal ones and facilitate processing, the Age, the Household size and the Dwelling

type variables were grouped, and a sample of the dataset is presented in Table 2 . 

2.2. Occupants’ Socio-Economic Characteristics 

Another category of questions that were provided to the participants concerned the social

and economic features of their residence. The questions were about the number of people who

live in the house and their educational and financial status. The extracted variables are shown

in Table 3 . Another sample of the dataset is presented in Table 4 , augmented by the following

indices: A inc , A dec , A gauge , Education Index (EI) which are designed to quantify the ages of the

people living in a house. 

(1) A inc = 0.5 ∗ Children + 0.75 ∗ Teenagers + 0.9 ∗ Adults + 1.0 ∗ Elders, assuming people

consume more energy as they grow older. 

(2) A dec = 1.0 ∗ Children + 0.9 ∗ Teenagers + 0.75 ∗ Adults + 0.5 ∗ Elders, assuming people

consume less energy as they grow older. 
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Table 1 

Household properties. 

Variable Type Measurement Unit Statistics Grouping 

Dwelling type Categorical 1. Single family home 

2. Semi-detached 

home 

3. Townhome 

4. Apartment 

16 (9%) 

34 (18%) 

6 (3%) 

132 (70%) 

Single-family → 1 

Semi-detached → 0.7 

Townhome → 0.4 

Apartment → 0 

Household m 

2 Numerical Avg: 109, Std: 

63.4 

0m 

2 - 60m 

2 → 0 

61m 

2 - 80m 

2 → 0.2 

81m 

2 - 100m 

2 → 0.4 

101m 

2 - 140m 

2 → 0.6 

141m 

2 - 200m 

2 → 0.8 

> 200m 

2 → 1 

Bedrooms Numerical Avg: 2.48, Std: 1 

Age (Grouped by 

Age grade) 

Ordinal 1. 0 - 5 

2. 6 - 15 

3. 16 - 30 

4. 30 + - 

30 (16%) 

72 (38%) 

50 (27%) 

36 (19%) 

0 - 5 → 0 

6 - 15 → 0.33 

16 - 30 → 0.66 

30 + → 1 

Electric Heating Categorical 1. Yes 

2. No 

1. Yes: 55 (30%) 

2. No: 133 

(70%) 

Area code Numerical N/A 

Table 2 

Augmented household data. 

Dwelling Dwelling Grade Household m 

2 Size Grade Bedrooms Age Age Grade Electric Heating Area Code 

Single family 1 117 0.6 3 16-30 0.33 No 57003 

Semi-det. 0.7 100 0.4 2 16-30 0.33 Yes 54634 

Townhome 0.4 25 0 1 30 + 1 Yes 54640 

Apartment 0 142 0.8 3 30 + 1 No 54248 

Apartment 0 75 0.2 2 16-30 0.66 Yes 54636 

Apartment 0 35 0 2 0-5 0 Yes 54636 

Table 3 

Occupants’ socio-economic features. 

Variable Type Unit Statistics Details 

Occupants Numerical Avg: 2.87, Std: 1.2 Total number of occupants 

Children (0-10 years 

old) 

Numerical Avg: 0.25, Std: 0.59 Number of children 

Teenagers (10-18 years 

old) 

Numerical Avg: 0.29, Std: 0.57 Number of teenagers 

Adults (19-69 years 

old) 

Numerical Avg: 2.2, Std: 0.94 Number of adults 

Elder (70 + ) Numerical Avg: 0.1, Std: 0.35 Number of elders 

Full timers Numerical Avg: 1.33, Std: 0.8 Number of full timers 

Part timers Numerical Avg: 0.22, Std: 0.46 Number of part timers 

Grads Numerical Avg: 1.33, Std: 0.91 Number of people that 

graduated from university 

Post grads Numerical Avg: 0.55, Std: 0.72 Number of people that 

received a post-graduate 

degree 

Income Ordinal 1. 0 € - 10.0 0 0 €
2. 10.001 € - 20.000 €
3. 20.001 € - 40.000 €
4. 40.0 0 0 € - 60.0 0 0 €
5. > 60.0 0 0 €

27 (14%) 

63 (34%) 

72 (38%) 

17 (9%) 

9 (5%) 

Total annual income of the 

family 
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Table 4 

Augmented Socio-economic data. 

Occupants Children Teenagers Adults Elders A inc A dec A gauge Full timers Part timers Grads Post Grads E.I. 

3 1 0 2 0 2,3 2,5 2,5 2 0 2 1 0,64 

2 0 0 2 0 1,8 1,5 2 2 0 2 2 1,00 

4 2 0 2 0 2,8 3,5 3 2 0 2 2 1,00 

4 0 2 2 0 3,3 3,3 3,5 2 0 0 0 0,83 

5 3 2 2 0 4,8 6,3 5 1 1 0 0 0,83 

4 2 0 2 0 2,8 3,5 3 1 0 2 2 1,00 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

(3) A gauge = 0.5 ∗ Children + 0.75 ∗ Teenagers + 1.0 ∗ Adults + 0.5 ∗ Elders, assuming adults

and teenagers consume more energy than children and elders. 

(4) Education Index (EI): an index to measure the educational attainment of a group of peo-

ple. The formula is based on two factors: Mean Years of Schooling (MYS) for adults and

elders and Expected Years of Schooling (EYS) for children and teenagers. The EYS in Greece

in 2019 was 17.91 [3] and this value was used in our calculations. The MYS was calculated

under the assumptions that the average duration of university studies is 4 years for the

first degree and 2 years for a master’s degree or a PhD. The formula for calculating Edu-

cational Index was based on [2] and is the following: 

EI = 

EYS 
18 + 

MYS 
18 

2 

2.3. Energy-Related Occupants’ Behaviors 

This category contained questions that were about participants’ energy-related habits. The

goal is to quantify how aware the occupants of each household were about their energy foot-

print. All variables of this category are ordinal, except from the water heater existence index

which is a binary categorical one. Table 5 describes the variables of this category. 

2.4. Weather Data 

These data were exported from other sources after the participants defined their area code.

The area code was used to find the closest weather station from the National Observatory of

Athens stations network. Through this process, the 113 houses from the questionnaire were cat-

egorized into 24 clusters. Each cluster was directly linked into a specific weather station from

which were obtained hourly recordings of temperature and humidity for a three-year period to

cover the consumption periods of all the provided electricity bills. A sample from the central

station’s data, located in the city of Thessaloniki, is presented in Table 6 . 

Regarding the electricity consumption of the buildings various additional variables were cal-

culated for each weather station and hourly record. The computed variables are summarized in

Table 7 . The first two additional variables are Heating Degree Hours (HDH) and Cooling Degree

Hours (CDH) give a rough indication of Heating and Cooling loads of a residence [1] . HDH and

CDH are calculated by subtracting the actual hourly temperature from base heating and cooling

temperatures as shown in the following two definitions: 

HDH = 

{
0 , T > T HB 

T HB − T , T ≤ T HB 

CDH = 

{
0 , T < T CB 

T − T CB , T ≥ T CB 
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Table 5 

Energy-related occupants’ behavior. 

Variable Type Measurement Unit Statistics Details 

Recycling Ordinal 1. Rarely 

2. Sometimes 

3. Often / Always 

25 (13%) 

45 (24%) 

118 (63%) 

Values that represent how often the occupants 

recycle their waste . 

Energy class Ordinal 1. Rarely 

2. Sometimes 

3. Often / Always 

15 (8%) 

73 (39%) 

100 (53%) 

Values that represent how often the occupants 

check the energy class of the products they 

buy. 

Thermostat Ordinal 1. Rarely 

2. Sometimes 

3. Often / Always 

25 (13%) 

15 (8%) 

148 (79%) 

Values that indicate how often the occupants 

reduce the desired temperature in the 

thermostat. 

Smart plugs Ordinal 1. Rarely 

2. Sometimes 

3. Often / Always 

170 (90%) 

12 (7%) 

6 (3%) 

Values that represent how often occupants use 

smart plugs to monitor their consumption. 

Awareness Ordinal 1. Rarely 

2. Sometimes 

3. Often / Always 

102 (54%) 

77 (41%) 

9 (5%) 

Values that represent how often the occupants 

compare their energy consumption with 

friends and family. 

Water heater Categorical 1. Yes 

2. No 

65 (35%) 

123 (65%) 

A binary variable that indicates if the house 

has a solar water heater or not. 

Table 6 

Initial weather data retrieved from the central station of Thessaloniki, Greece. 

Date Time Temperature ( °C) Humidity 

…

11/05/2019 7:00 13.9 0.86 

11/05/2019 8:00 14.9 0.84 

11/05/2019 9:00 15.6 0.74 

11/05/2019 10:00 19.4 0.62 

11/05/2019 11:00 20.9 0.55 

11/05/2019 12:00 21.9 0.45 

11/05/2019 13:00 22.4 0.5 

Table 7 

Augmented weather data from the central station of Thessaloniki, Greece. 

Date Time Temperature ( °C) Humidity HDH CDH 

11/05/2019 7:00 13.9 0.86 0.07 0.00 

11/05/2019 8:00 14.9 0.84 0.03 0.00 

11/05/2019 9:00 15.6 0.74 0.00 0.00 

11/05/2019 10:00 19.4 0.62 0.00 0.00 

11/05/2019 11:00 20.9 0.55 0.00 0.00 

11/05/2019 12:00 21.9 0.45 0.00 0.00 

11/05/2019 13:00 22.4 0.5 0.00 0.02 

11/05/2019 14:00 23.4 0.45 0.00 0.06 

 

t
 

w  

T

The base temperatures for heating, T HB, and cooling, T CB , may vary depending on the location,

ype, year of construction and energy class of the building. For simplicity reasons, T HB and T CB

ere set to 15.5 and 22 °C respectively. As an example, Table 7 contains the weather data of

able 6 augmented with the aforementioned variables. 
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Table 8 

Electricity consumption variables. 

Variable Type Statistics Details 

Start Date Date The first day of the billing period 

End Date Date The last day of the billing period 

Days Numerical Avg: 106.4, Std: 32.7 The length of the billing period in days 

Kwhs Numerical Avg: 1259.2, Std: 1030.8 Overall household consumption in the billing period 

Table 9 

Augmented electricity consumption data. 

Start End Days Kwhs Kwhs/day Kwhs/day/m 

2 HDD CDD 

27/09/2021 26/01/2022 121 2267 18,73553719 0,073472695 570,387 3,408 

30/07/2021 26/09/2021 58 887 15,29310345 0,059972955 1,3 285,55 

26/08/2021 28/12/2021 124 651 5,25 0,027631579 557,829 84,787 

25/04/2021 26/08/2021 123 583 4,739837398 0,024946513 64,7 439,212 

21/10/2021 20/02/2022 122 1464 12 0,137931035 722,244 0 

22/06/2021 20/10/2021 120 1584 13,2 0,151724138 18,633 547,275 

30/09/2021 17/10/2021 17 52 3,058823529 0,047058824 15,696 0,3 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

2.5. Electricity Consumption 

The participants of this survey were also asked to provide some details about their total elec-

tricity consumption in Kwhs from one or more past electricity bills along with the corresponding

calendar period. Based on the total consumption and the period, additional information was ex-

tracted for each household. The features of this category are summarized in Table 8 . After some

processing, information about the consumption in Kwhs per day, the consumption in Kwhs per

day per m 

2 and also the Heating Degree Days (HDD) and the Cooling Degree Days (CDD). A

sample of these data is presented in Table 9 . 

3. Experimental Design, Materials and Methods 

To reach the data acquisition phase, the form of an online survey was decided to be used,

due to its simplicity of implementation, straightforward completion by the participants, as well

as the relatively easy collection of results. Even though the main attribute aimed to be obtained

from the questionnaire was the electricity consumption, it was necessary to extract also related

information that would provide more insights on the consumption profile of the participants.

Therefore, the questionnaire was designed to extract various properties such as the geographical

location, household attributes, income information, educational level and energy-related behav-

iors of the participants. Finally, some features were transformed into a different type of data

than their initial one, to facilitate future usage in scientific implementations such as machine

learning models. 

4. Power Analysis 

According to its definition, power analysis is the calculation to estimate the smallest sample

size that is needed for an experiment. However, in our case no experiment was performed. This

dataset was created based on answers from a questionnaire about participants’ electricity con-

sumption data and their personal habits that may affect this consumption. Therefore, a power

analysis of the data is not useful to evaluate the quality of them. 
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There is no funding for the present effort. There is no conflict of interest. The data are avail-

ble in public domain. No human/animal subject was involved in experiments. Data not retrieved

rom social media platforms. 

For our survey, no ethical approval, from an appropriate committee, was necessary for us

o conduct the study. Each participant provided information about the electricity consumption

f their household, some details about the construction of their house, about the occupants of

hem and finally about their daily habits that might affect electricity consumption. Therefore,

ur dataset does not store identifiable data that require ethical review and it meets current Data

rotection regulations. 

onsent 

The distributed questionnaire included questions about the electricity consumption of the

articipants and also about their daily habits that might affect this consumption. Each partici-

ant gave consent in the questionnaire’s URL to begin the completion process of the form. 
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