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Abstract—The abundance of data nowadays can offer infinite
opportunities and possibilities if being systematically explored.
Exploration of the data can be achieved through the application
of big data analytics (BDA). Consequently, a number of BDA
models are seen developed in a number of sectors. Energy is one
of the sectors that can potentially benefit from the BDA initative.
Consumers’ energy related data that come from sources such
as smart meters and billing systems are good candidates for
the data. Through the application of the BDA on consumers’
data, useful information such as consumption pattern and trend
can be obtained. Studies showed that awareness on the energy
consumption is able to contribute up to 20% saving in its
use. Furthermore, BDA models in energy sector, particularly on
electricity that address the consumers side of the sector are still
lacking. Therefore, in this research, a BDA model for household
electricity consumption tracking and monitoring was developed
based on the common BDA models’ layers. Using the descriptive
and predictive analytics to analyse the big data amassed from
the consumers, the model provides the required information and
prediction that enables the consumers to view, track, compare
and plan their electricity consumption at home. Evaluation
results showed that the model is deemed applicable and able to
attain its objective. Through the proposed BDA model, consumers
can be better guided in managing their electricity consumption.

Index Terms—BDA framework, machine learning, framework
development, predictive analytics, descriptive analytics

I. INTRODUCTION

Our life nowadays is surrounded with data. Through the
widespread availability of the Internet-based communication
platforms such as online social media and email, coupled with
the proliferation of mobile devices, people around the globe
consciously or unconsciously provide and share information,
creating the big data [1]. Big data has become a phenomenon
and a buzzword. Everyone is looking forward to experience
the infinite possibilities and opportunities that the big data
have to offer. Clive Humby in his legendary speech in 2006,
analogised big data to the new ‘oil’. It is valuable, but if
unrefined, it cannot really be used [2].

Gaining insightful information from the big data calls for
the right technique to be used. Thus, the term big data analytics
(BDA) emerged, which was defined as an advanced analytics
technique to acquire valuable information from the big data
[3] [4]. A number of BDA models or architectures are seen
proposed in a number of sectors, including in healthcare [5],
public administration [6], environmental care [7], tourism [8]
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and wireless sensor network [9]. In the energy sector, two BDA
models were at least found [10] [11]. The first model aims to
assist decision making in smart grid management while the
second aims to practice innovative ICT-solution using smart
meter data analytics. However, both models are focusing on
the providers side and as far as our exhaustive literature search
is concerned, research work on BDA model for the consumers
side of the energy sector, particularly one that focuses on the
domestic consumers, is absent.

The importance of providing means for the consumers
to know their electricity consumption behaviour cannot be
underestimated. The benefits, amongst others, is the motivation
for them to reduce their electricity consumption and save.
A study done by [12] showed significant change of around
10.5% less in electricity consumption when consumers were
alerted periodically about their actual consumption against
the predicted consumption. Another study that looked into
the effectiveness of feedback in energy consumption also
found that consumption saving of up to 20% can be achieved
depending on the types of the feedback, either self meter
reading, direct display or frequent billing [13] [14]. Thus,
it can be seen that awareness on the state of the electricity
consumption did influence consumers’ behaviour towards en-
ergy saving. Furthermore, household or domestic consumers
constitute the most part of the electricity consumers in terms of
numbers. In Malaysia, for example, 81.7% of Tenaga Nasional
Berhad (TNB)! consumers are domestic. The large portion
of domestic consumers will significantly impact the overall
electricity supply and demand volume managed by the energy
providers.

Realising the influence of consumers awareness on their
electricity consumption behaviour and motivated by the lack of
BDA research that focuses on the consumers side of the energy
sector, a BDA model for household electricity consumption
monitoring and tracking is proposed in this research. Using
descriptive and predictive analytics on the mined consumers
data, the model has the ability to display, describe and predict
electricity consumption of a particular household, given its
profile such as appliances owned, appliances usage behaviour,

'A government-linked company, which is the main electricity provider in
Malaysia
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type of house and total house area. Evaluation results showed
that the model has the necessary elements in providing the
needed information to help the consumers track and monitor
their electricity consumption. It can also help them to plan
their electricity consumption. The rest of this paper is struc-
tured as follows. Section II explains about the BDA model
constructed. Section III describes the evaluation performed on
the BDA model and finally, section IV concludes the paper.

II. BDA MODEL FOR HOUSEHOLD ELECTRICITY
CONSUMPTION

The BDA model for household electricity consumption
tracking and monitoring comprises the five layers that are
commonly present in the current BDA models. The layers
are data sources, data pre-processing, data analytics, data
warehouse and data presentation, each of which is described
next.

A. Data Sources

The role of the data sources layer is to acquire and collect
the raw data to be analysed. In a BDA model, this layer
is made up of a list of components where the data come
from. In the context of electricity consumption, the data can
come, for example, from the devices that are connected to the
smart or advanced metering infrastructure (AMI). The data
can also come from the customers’ databases. While data
from the databases are structured, data from the AMI may be
semi-structured or even unstructured. Nevertheless, the data
gathered at this layer would become the input variables to be
used for the analysis and if predictive analytics is employed,
the data also act as the predictors, as they are the variables
that are likely to influence the future results.

In our BDA model for household electricity consumption
tracking and monitoring, the predictors are made up of six
factors. The six factors were found to be influencing the
household electricity consumption based on the literature
review performed and validated through a survey involving
the residents of Putrajaya. The six factors are the number
of household members, household income, dwelling size,
appliances ownership, appliances usage behaviour and past
electricity consumption record as shown in Fig. 1.

B. Data Pre-processing

The data pre-processing layer is needed to transform the raw
data into the required format for analysis. There is a collection
of techniques available for the big data pre-processing includ-
ing cleaning, transformation, normalisation, feature extraction,
missing values imputation and outlier treatment [15] [16]
[17]. Selecting a pre-processing technique is dependent on
the thorough understanding of the business objectives and the
nature of the data and the learning method used [18]. In this
model, the data are quantitative and are made up of contin-
uous numerical values and the learning method employed is
regression. Therefore, the pre-processing techniques used are
outlier treatment, cleansing and normalisation. Data cleansing
or cleaning is responsible for improving the data quality by

removing redundancy as well as correcting data inconsistency.
Normalisation is about distribution adjustment of each variable
attribute in order to have the same unit norm or scale.

C. Data Analytics

Cleansing and normalisation left us with the final dataset
that is more reliable and more appropriately formatted to
be used by the data analytics process. The role of the data
analytics process in the data analytics layer is to analyse the
pre-processed data using an appropriate algorithm in order
to mine the hidden values, patterns and behaviours. Four
types of analytics are possible. In ascending order of difficulty
level, these are descriptive (“What happen’), diagnostic (‘Why
does it happen’), predictive (‘what is likely to happen’) and
prescriptive (‘What to do next’). The last type is a combination
of descriptive and predictive analytics that goes beyond by
suggesting actions based on the predictions made and shows
the implications of each decision option [19]. In this model,
two types of analytics were used; descriptive and predictive.

1) Descriptive Analytics: Descriptive analytics describes
and summarises the basic features that had been implied upon
the whole population of a given dataset. The summaries were
presented in graphical form in order to facilitate the decision
making process. The given dataset was also presented as
per central tendency, variability and spread. For example, the
pattern of electricity consumption by household in particular
period of time, the monthly average consumption by the
household, the monthly average usage of the localities and the
distribution of the consumption among the appliances used in
a particular household can be visualised.

2) Predictive Analytics: Predictive analytics influences the
trends and the behaviour patterns if the future events are
to change. Even though the interest of prediction is more
towards future prediction, the predictive analytics can also
be applied to the past, present and future unknown events.
In this model, machine learning technique is being applied.
Machine learning is able to learn from a given dataset and
produce automated analytical model for data analysis without
being explicitly programmed, i.e., it makes predictions based
on the history of the data. Machine learning can be divided into
two types; supervised and unsupervised learning. In supervised
learning, the training data include both the input and the
desired results, and the learning methods used are regression
and classification [15]. In unsupervised learning, the training
data given are not included in the correct results [15] and
the learning methods used include clustering and association
rule. Supervised learning is employed in this model as the
training dataset on the electricity consumption includes the
inputs (factors) and the results (the electricity consumption).
For supervised learning, the techniques vary from regression,
which is normally being used for output variables produced in
continuous numerical format, to classification, which output is
mainly categorical. As the required output for the electricity
consumption prediction in our model is in the form of con-
tinuous numerical format, the regression algorithm had been
selected. It is also the most popular machine learning method
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Fig. 1. BDA model for household electricity consumption tracking and monitoring.

used in consumption prediction [20]. There is a wide range of
regression extensions practiced in big data. In this model, the
multiple linear regression (MLR) method is used to produce
the consumption prediction using the formula in [21]. Five of
the six predictors mentioned earlier would be the independent
variables (IVs) to be used for the analysis and one predictor
(past electricity consumption) would be the dependent variable
(DV).

D. Data Warehouse

Data warehouse is the place where the large datasets of pre-
processed data that are ready for analytics process are kept.
Data in the data warehouse will be consumed iteratively by the
pre-processing and the data analytics layers. As the volume of
the data is exponentially huge with heterogeneous data format,
an appropriate data storage architecture has to be employed
with the ability to handle large scale datasets computation in
parallel using cluster nodes. The most utilised data warehouse
for big data implementation is Hadoop distributed file system
(HDFS). HDFS is designed to reliably cater and host large
scale datasets across multiple nodes redundantly in order to
handle fail over and faulty events. Non-relational database
called NoSQL databases can also serve the purpose. In this
research the built-in database in the selected analytics tool is
used in prototyping the model. However, prototype develop-
ment is not described in this paper due to the space constraint.

E. Data Presentation

The last layer, which is the data presentation is needed
to present the output that was mined from the complex and
massive datasets to the consumers. It can be done through
dashboards, online monitoring, reports, sets of recommen-
dations and alerts to assist the data-driven decision making.
Choosing the appropriate tools is crucial in order to convey
and visualise the right message. In the data presentation layer
of our model, results from the descriptive analytics is presented
through the visualisation of the consumption patterns such as
the household monthly consumption, the average consumption
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Fig. 2. The consumption pattern dashboard.

by the neighbourhood and the consumption distribution of the
appliances in the household (Fig. 2).

The consumption prediction results that are produced using
the MLR method is also presented in this layer. The prediction
is done based on the selection of the future events whether to
predict consumption usage by certain appliances, behaviour
and household characteristics such as number of household
members and household income. The results are presented
to the users through the web-based customer engagement
dashboard, which can be viewed using the computers and
mobile devices (Fig. 3).

III. EVALUATION AND DISCUSSION

Four experts from the academic and the industry were in-
volved in the interview sessions to evaluate the BDA model for
household electricity consumption tracking and monitoring.
Two experts from the industry came from the ICT industry
in general and one from the electricity provider. The different
domains, hence experience, are expected to be able to capture
broad and diverse opinions on the model.

A. Data Collection

Each expert was identified using a unique identification
number starting from El to E4. Other information collected
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includes their position, department and experience in data
management. These details are shown in Table 1. Each of the
experts was given an evaluation questionnaire comprising 12
close-ended questions (including sub-questions) in the form
of statements and two open-ended questions. The close-ended
questions used the five-point Likert scale with 1 being strongly
disagree and 5 being strongly agree. The questions are listed
below.

Q1. Consumers should be guided on their household electric-
ity consumption.

Q2. A model that enables consumers to view, track and
compare their household electricity consumption can help
them to plan the electricity consumption.

Q3. To what extent do you agree that the following predic-
tors in the data sources layer would give values to the
household electricity consumption?

a) Number of household members
b) Household income

¢) Dwelling size

d) Appliances ownership

e) Appliances’ usage behaviour

f) Past electricity consumption data

Q4. Descriptive analytics that shows the information on ‘what
has happened’ on electricity consumption such as the
yearly usage pattern, average neighbourhood’s consump-
tion and appliance’s consumption tracking of the partic-
ular household are important.

Q5. Predictive analytics that is able to show information on
‘what could happen’ on the electricity consumption with
the particular input variables is important.

Q6. Consumption patterns can help consumers to view, track
and compare their electricity consumptions.

Q7. Consumption predictions can help the consumers to plan
their electricity consumptions.

The two open-ended questions are:

Q8. From your point of view, do you think this model is
usable in practice? Please give your rationale.

Q9. Do you have any suggestions to improve the proposed
model? If yes, please state them.

Based on each expert’s preference, the interview session
was done either virtually (email and phone conversation) or
physically (face-to-face). Prior to the interview sessions, the

experts were supplied with the interview guide and evalu-
ation questionnaire through email. The guide contained the
explanation on the BDA model for household electricity
consumption monitoring and tracking to be evaluated and an
example of how the model was instantiated (the prototype).
After reviewing the supplied documents, the experts responded
and indicated their preference for the interview sessions. One
expert opted for the face-to-face interview, while the remaining
three opted to provide their evaluation results through email.

TABLE I
THE EXPERT’S DETAILS
ID | Domain | Position (Department) Experience
(year)

El | Industry ICT Expert (Information Manage- 10

ment), MAMPU
E2 | Industry | ICT Expert (System Development), 13

MAMPU
E3 Academic| Senior Lecturer, UNITEN 10
E4 | Electricity| Executive, Research & Develop- 20

Provider | ment

B. Data Analysis

Analysis on the expert evaluation feedback was performed
using descriptive statistics and content analysis. The data
gathered from the experts are shown in Table II. Reliability
analysis was performed on the data to measure their internal
consistency using Cronbach’s Alpha method. The value pro-
duced was 0.992, which indicated strong internal consistency
according to [22].

TABLE II

CLOSE-ENDED QUESTIONS’ EVALUATION RESULTS
Question No. | Median Question No. | Median
1 5.0 3e 4.5

2 5.0 3f 4.5

3a 4.5 4 5.0

3b 4.0 5 5.0

3c 4.0 6 5.0

3d 4.0 7 5.0

Based on the evaluation given by the experts, it can be seen
that there is a unanimous agreement on the need for the con-
sumers to be guided on their household electricity consump-
tion. This is based on the fact that all of the experts gave the
same agreement level, which is strongly agree (median=5.0),
to the first statement (Q1). In this regard, information on their
current electricity usage can serve as the reference. The same
agreement level of strongly agree (median=5.0) was also given
to the second statement (Q2). This confirmed the need for a
BDA model to be developed to facilitate consumers in tracking
and monitoring their electricity consumption. Findings by [12]
can be further reflected, which stated that the knowledge on
the consumption information became one of the motivations
to save the household electricity consumption. Besides, the
Energy Independence and Security Act [23] also revealed that
the ability to compare the consumption between peers could
lead to performance improvement.
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The expert evaluation also covered the five IVs and one
DV included in the data sources layer of the model (Q3a to
Q3f). As can be seen from Table II, the responses received
from the experts slightly differ with regard to their values or
contribution to the BDA model for electricity consumption
tracking and monitoring. The relevance of the first IV, which
is the number of household members (Q3a), obtained strong
agreement from the evaluators (median=4.5). The next three
IVs on the household income, the dwelling size and the
number of appliances’ owned (Q3b to Q3d) fell between the
strongly agree and agree levels (median=4.0). The last IV on
the appliances’ usage behaviour (Q3e) gained higher agree-
ment level with median=4.5. Finally, the only DV included in
the model, which is the past electricity consumption data (Q3f)
also obtained the agreement level between strongly agree and
agree (median=4.5). Therefore, with regard to the predictors, it
can be concluded that the four experts had strongly agreed on
the relevance of the proposed predictors for the BDA model for
household electricity consumption tracking and monitoring.

The next two close-ended questions evaluated on the rele-
vance of the two types of analytics implemented in the BDA
model; descriptive and predictive. Three out of the four experts
gave the highest level of agreement to the two statements
(Q4 and Q5), giving the median of 5.0. The last two close-
ended questions (Q6 and Q7) sought the experts’ opinion with
regard to the extent to which they agree that the consumption
patterns can help consumers to view, track and compare their
electricity consumption, and the consumption prediction can
help the consumers to plan their electricity consumption. As
shown in Table II, both questions received strong agreement
(median=5.0). This agreement level showed that the presented
information on the electricity consumption is unanimously
regarded as essential and valuable to the consumers.

C. Completeness and Applicability

The last part of the evaluation aimed at assessing the
applicability of the BDA model developed and looking for its
potential improvement from the perspective of the experts. As
mentioned earlier, these were achieved by means of two open-
ended questions (Q8 and Q9). Table III shows the responses
received from the experts.

With regard to the applicability, the model received unan-
imous agreement from all experts. One of them foresees the
model to be a medium to engage the utility provider with the
consumers where important information can be shared. It is
also seen as being able to serve as a platform to gain co-
operation from the consumers in electricity saving initiatives.
Through the model, the consumers can be educated about the
electricity saving behaviour, which significantly influences the
household consumption [24] [25] [26] [27].

In terms of the improvement, three items were suggested
to be included in the model. These are prescriptive analytics,
weather data and awareness, which are highlighted (italicised)
in Table III. Prescriptive analytics is the highest analysis
level in the classification analysis model [28]. It is able to
recommend the ‘what to do next’ and to show the cause-effect

TABLE III
ANSWERS TO THE OPEN-ENDED QUESTIONS

ID | Model Applicability (Q8) Suggestion for Improvement
Q9

El | “Agree. The model is “No suggestions. Agree with
practical.” the model.”

E2 | “The model is a new model “Take into consideration of
in Malaysia context that could | prescriptive analysis during
increase consumer’s the data analytics stage.”
awareness about the
electricity consumption. It
could educate consumers
about their pattern of
consumption and how to save
electricity. It shows the
transparency between the
utility provider and
consumers.”

E3 | “Yes. The customers can view | “Agree with the model. May
their electricity consumption.” | also look at the weather data

as it could affect electricity
consumption. Also to
study/verify why only focus
on descriptive and predictive
analytics.”

E4 | “Agree.” “Try to explore another factor

such as weather and
awareness.”

relationship amongst the analysis results with the specific
actions taken. It is a combination of descriptive, diagnostic
and predictive analysis. Performing the prescriptive analysis
is time-consuming and requires comprehensive datasets of
the studied area [29]. Due to the limitation of the currently
available data, it will be addressed in the future work.

Secondly, there was also suggestion to include weather data
into the BDA model, such as outdoor temperature. It is agreed
that the weather was one of the essential factors that affect the
electricity consumption as findings found by [30] [31]. They
proved that the coolness and warmth of the outside weather
contributed to the consumption profile of each household.
However, this research is only focusing on the indoor factors,
i.e. data that are collected from within a household. The model
can be extended in the future to include the outdoor data.

The last suggestion was on the inclusion of awareness on
electricity saving. In general, the household energy consump-
tion was related to two types of factors, the objective and the
subjective factors. The objective factors, such as income and
number of appliances owned, do not depend on a person’s sub-
jectivity. Whereas, the subjective factors are related to personal
intention and awareness. Subjective factors are categorised as
intrapersonal factors by [24]. As intrapersonal factor, dedicated
instrument has to be used to measure the awareness level.
Therefore, this research only focused on the quantitative data
that came from the objective factors. Subjective factors can
be included in the future when the measurement instrument
becomes available.

IV. CONCLUSION AND FUTURE WORK

Opportunities for the BDA model implementation that is
focusing on the consumer side of the energy sector is plenty.
In this paper, the development of a BDA model for household
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electricity consumption tracking and monitoring is presented.
The model, which uses descriptive and prescriptive analytics
aims at providing the consumers with the analysis results that
can assist them to better manage their household electric-

ity
be

consumption. Based on the evaluation performed, it can
concluded that the proposed BDA model for household

electricity consumption tracking and monitoring is deemed
usable and able to achieve its objective. Future work includes
extending the model to include external (outdoor) factors such
as weather data.
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