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Abstract: The field of smart meter data analytic is a relatively young field that grew because of the wealth of data generated from the
use of smart meters. This data has been used for several sustainability applications including power management and planning. This
review paper aims at presenting a unifying taxonomy to classify the various domains of smart meter analytic and their underlying
functions and techniques. The aim is to better understand the current research trends, approaches, and opportunities. The paper
reviews the functions, applications, and techniques after examining a huge body of knowledge within the three main domains of
the field, namely forecasting, knowledge discovery, and power management. In the forecasting domain, the functions are classified
based on the scale and horizon. Other domains are divided into relevant functions, algorithms, and general techniques. The review
is performed from the perspective of data science; emphasizing the data tasks such as data wrangling, analytics algorithms, and
evaluation methods for each domain. A review of the various algorithms and techniques within each function is presented, and the
paper concludes with a discussion of issues and research opportunities for smart meter data within the machine learning and data
science fields
Keywords: Power management, smart meters, data analytics, smart grid, machine learning.

1. Introduction
The 21st century’s economy grows increasingly depen-

dent on energy that utilizes smart power transfer methods.
A smart grid is an updated form of an electrical power
system, which uses smart meters as one of its main
components. This smart infrastructure is a requirement
for sustainability, as it is the first building block for
sustainable use of energy. Power management, forecast-
ing, planning, and many other functions can only be
implemented through the efficient use of this smart meter
data.

Smart meters record the power used by consumers
periodically and transmit it to the data collector through
a Local Area Network (LAN). The collector retrieves the
data and transmits it to the utility’s central collection
points. The large volume of raw data generated by smart
meters needs to be stored, cleaned, and analyzed; in
order to discover commercially usable knowledge and
gain insight. This wealth of

information can be utilized by individuals, the energy
industry, service providers, as well as regulators, and
planners. The significant potential of the massive amounts
of data collected by smart meters is heavily dependent
on the capacity to store, manage, analyze, and extract

valuable information from this data. Smart meter analytic
refers to the conversion of the massive amounts of data
flowing through different layers to actionable knowledge.
Looking at the literature, there is a need for a compre-
hensive survey that covers all aspect of smart meter data
analytics, only a few review papers cover all aspect of
smart meter analysis none of the previous review papers
covers all aspects of smart meter analytic [1]. This paper
attempts to cover this gap by providing a broad overview
of the current research spectrum while identifying future
challenges for smart meter data analytics within a detailed
taxonomy. The proposed taxonomy identifies the main
domains within the field, as well as the various functions
that are conducted within each domain. It includes a
survey of the various algorithms and techniques that were
proposed by the researchers to achieve these functions.
This classification will enumerate the current research
trends and provide a better understanding of the available
opportunities for researchers.

2. ReviewMethod and Contribution
A biblio-metric analysis of the field lead to a com-

prehensive review of the research related to smart me-
ter data analytics. Figure 1 summarizes the number of
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Figure 1. Summary of Review Papers Per Year

Figure 2. A Taxonomy of Smart Meter Analytics

review papers published annually. These review papers
generally focus on one domain of smart meter analytics.
A more comprehensive search was then conducted using
keywords extracted from around 200 review papers. This
analysis lead to a classification of the research into
the taxonomy presented in the next section covering all
domains of the field. Although several review papers
were published in the field, they mainly focus on a
specific topic. These papers can be categorized into two
groups: reviews about special domains of smart meter
analytics [2]–[5], and reviews about specific techniques
used within these domain(s) [6]–[9]. Among these review
papers only few attempt to cover all aspects of smart
meter analysis [1], [10], [11]

To remedy this situation analysis of around 200 papers
from the literature resulted in a clear taxonomy of the
domains and functions available within the field. Figure 2
presents the proposed taxonomy that spans the field of
smart meter data analytics.

Load forecasting refers to the prediction of future elec-
tricity demand in different horizons and scales. Knowl-
edge discovery refers to new information extracted from
raw databases of smart meter data by applying tech-
niques such as machine learning, pattern recognition,
classification, clustering, statistical analysis, etc. While

energy management refers to the processing of smart grid
data in order to deploy functions that are related to the
management of grid resources, such as: improving energy
efficiency, reducing the cost of energy production, re-
sponse to demand fluctuation, the introduction of dynamic
pricing, etc. In the following sections, we will discuss
each of the domains and summarize related research.

3. Domain I: Forecasting
Forecasting refers to the prediction of future electricity

demand in different horizons and scales. More exact
forecasting on multiple scales, ranging from a single
smart meter (the end-user) to an entire grid system,
is increasingly necessary for today’s competitive energy
market. As a result, load forecasting is recognized as
an essential component of the planning process in the
electric sector. Furthermore, load forecasting is critical
for customers to optimize their use of electrical energy.
It can be done on a different scale (the size of the unit at
which the load forecast is done) and on a different horizon
(the time period of forecasting); The extended discussion
of the load forecasting domain is provided by Iskandarnia
et al. [12].

Load Forecasting Techniques
Considering the data science approach, the framework

for forecasting will include the use of exploratory analysis
and statistical methods to understand trends within the
given data sets; and applying smoothing techniques in
order to remove noise prior to applying the algorithms.
Load forecasting is done based on this approach discussed
in details [12].In general, this framework includes: Pre-
Processing and Data Wrangling, forecasting Algorithms,
and evaluation of forecasting techniques Statistical tech-
niques along with machine learning techniques are widely
used in load forecasting. [13], [14]

4. Domain II: Knowledge Discovery
The second domain of smart meter data analytics

involves the extraction of new knowledge from data.
Applications in this domain vary widely and can be im-
plemented at the energy supplier’s side or the consumer’s
side. The techniques vary from classical data mining to
methods such as deep learning and meta-heuristics. The
following sections review various functions within this
domain.

A. Load Profiling
A load profile is a graph/curve that represents the

variation of electrical usage over time. Power companies
traditionally create aggregate load profiles and create
Typical Load Profiles (TLP) and group their consumers
and model each group by a Standard Load Profile (SLP).
By employing the opportunities provided by smart meters,
customers can now be classified by analyzing their load
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curves. Load profiling helps in grouping the consumers
based on similarity in their consumption behavior, and
subsequently, produces the typical load profile for each
group. A load profiling problem can be formulated as
an unsupervised machine learning task, and hence, it is
completely data-driven.

It should be noted that often load profiling produces
input for the other functions of the knowledge discovery
domain, and furthermore, it can also be employed as
input for grid management tasks. This highlights the
significance of load profiling as a key tool for smart
meter analytics. Load profiling applications are classified
as follows:

• Energy management task: Load profiling can be
used as input to electricity management applica-
tions such as demand response and security mon-
itoring. Kwac et al. [15] applied load profiling
to create a dictionary for consumer patterns. The
TLP of each consumer was matched by repre-
sentative load shapes in the dictionary, to target
consumers for demand response. Load profiling
can also be used for detecting unusual usage and
initiating warnings for such usage [16]. It also can
be used for other functions such as tariff setting,
where consumers are first divided into different
categories based on their individual information
by a clustering algorithm; then, A pricing model
is presented as a nonlinear programming problem
from the perspective of a load service company,
with the goal of minimizing the overall operating
cost.

• Cluster-based aggregate load forecasting: Load
profiling can improve the accuracy of forecast-
ing if done beforehand. When load forecasting is
performed on an aggregate scale, consumers with
common load trends are identified, and forecasting
can be extended to each group [17], [18].

• Other tasks in Knowledge discovery: Load Profiling
improves the accuracy and efficiency of other tasks
in this domain. For example, it feeds information
to outlier detection algorithms and to improve fraud
detection tasks [19]. It may also be used prior to
the occupant and load analysis tasks. Consumer
segmentation is usually accomplished using a com-
bination of clustering and classification approaches.
Following the grouping of users based on the simi-
larities of their actions by load profiling, supervised
methods (classification) can be used to extract fur-
ther information for decision-making purposes [20].

Load Profiling Techniques
There are three approaches to load profiling: engineer-

ing, statistics, and data-driven. The first two approaches
are out of scope for this paper. The data-driven clustering

components are as follows: Cluster-driven load profiling
attempts to group similar consumers into a single cluster
based on similarities in consumption patterns. Based on
the available literature, load profiling can be defined as
clustering high dimensional data with no labels, and it is
usually performed in three main stages:

• Data preparation: the dataset is prepossessed and
dimension reduction is performed to deal with the
problem of high dimensionality and compress the
size of data. This stage aims to map raw data
into a new feature space, where the generated data
are easier to separate by existing classifiers. Tradi-
tional data transformation approaches include linear
and non-linear transformations, such as Principal
Component Analysis (PCA), Kernal, and spectral
methods respectively. A review of feature reduction
techniques used for load profiling is represented
in [5].

• Load curve clustering: K-means, Fuzzy clustering
(FCM), Hierarchical clustering process, and Self
Organize Maps (SOM) are some of the traditional
and most widely used clustering algorithms in load
profiling.

• Evaluation: Smart meter readings are unlabeled
and no structural knowledge about the data set
is available. As a result, calculating the optimum
number of clusters and evaluating the accuracy
of clustering outcomes is a challenging task. The
most popular method for determining the optimum
number of clusters is to run the clustering algorithm
several times while attempting various numbers of
clusters, and then choose the number of clusters that
produces the best results in a predefined evaluation
criterion function. Clustering validity is usually
evaluated with visualization, the goodness of fit as
well as scalar measurements [21]. The clustering
quality also can be assessed with clustering evalua-
tion indexes such as the Silhouette Coefficient, and
Davies-Bouldin Index.

Traditional load profiling methods, typically suffer from
the curse of dimensionality and thus perform poorly
on high-dimensional smart meter readings. Furthermore,
on large-scale smart meters datasets, these approaches
typically suffer from large computational complexity. This
all leads to the use of more advantageous techniques
in literature such as hybrid machine learning and deep
learnings.

B. Load Profile Analysis
In general, this is an extended form of load profiling,

where factors are combined with smart meter measure-
ments to extract new knowledge about factors that affect
the load shape. Ultimately, load profiles can be affected
by exogenous factors (type of appliances, insulation) or
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context factors (occupancy, weather, seasons, holidays).
some papers that investigate these factors are: building
characteristics [22] socioeconomic factors [23], geograph-
ical location [24], appliance in use [25], regional [26],
weather and climate conditions [16].

It is important to emphasize the similarities and dif-
ferences between two functions of knowledge discovery:
occupant behavior and load profile analysis. Even though
both methods are used to discover knowledge about
factors affecting the load curve, they vary largely due
to the techniques applied to extract the knowledge. In
load analyses, clustering and classification are used; while
in occupant behavior, techniques such as motif discovery
and association rules are usually adopted.

Two approaches for load analysis are implemented in
the literature:

• Feature extraction: where methods like: PCA, deep
learning, frequency analyzer and SAX are imple-
mented as well as classification methods [24], [27].

• Investigation of existence of a factor: researchers
try to reveal knowledge about some characteristics
of the household from smart meter data [28]–[30].

Load Profile Analysis Techniques
as explained, smart meter readings are integrated with

other relevant data sets such as building characteristics,
weather information, etc. Data reduction methods such as
PCA or deep learning techniques are used to extract the
main factors. Since classification methods are widely used
in this regard, a discussion of these methods is presented
below.

Classification
For the classification of time series data, where the aim

is to exploit the sequential nature of the data, two ap-
proaches exist: (i) existing algorithms are redesigned and
modified to handle sequential data, (ii) the sequential data
is transformed to fit the input requirements of existing
algorithms.

The classification has pre-processing steps that are very
similar to those performed for load profiling; so the reader
is referred to the previous section. The major three clas-
sification classes include: Distance-based classification
[31]; Feature-based classification using techniques such
as SVD (Singular Value Decomposition), DFT (Discrete
Fourier Transform), DWT (Discrete Wavelet Transform)
and SVMs (Support Vector Machines) [32]; and Model-
based classification using statistical models like Gaussian,
Poisson, Markov Model and Hidden Markov Models [33].

C. Occupant Behavior
Smart meter data can be analyzed to discover the con-

sumer’s lifestyle. Different terms are used in the literature
for this concept, including: pattern discovery, occupant

behavior, lifestyle discovery, activity-based loading pro-
filing, and routine discovery [24], [34]–[36]. This task is
mostly performed by implementing rule-based algorithms
that are used to extract useful information from the data
set, and then to define appropriate IF-THEN rules for
the system. The output of other domains of smart meter
analytics can be used as input to this application.

Occupant Behavior Techniques
In the literature, various techniques were used for

occupant behavior identification but all of them have two
main steps: discovering frequent itemsets and generating
association rules based on the frequent itemsets. for
instance, Hidden Markov Models (HMMs) to [37] and
Association rule mining (ARM) [34]. The goal of motif
discovery is to find frequently recurring subsequences in
a time series. A univariate time series is first segmented
into distinct subsequences depending on user-specified
window size. Certain distance measures are employed to
assess the correlations between different pairs of subse-
quences. Motifs are discovered as sub-sequences with a
significant degree of similarity.

D. Load Disaggregation
Load disaggregation is achieved by analyzing the inte-

grated load of a household in order to discover the dif-
ferent appliances used by the occupant. Providing direct
and real-time feedback to the end-users on the appliance’s
consumption may contribute to energy savings. Moreover,
load disaggregation can be utilized to understand the
lifestyle of the consumers [38].

There are two main approaches to load disaggregation
[39]:

• Intrusive Appliance Load Monitoring (IALM):
IALM can perfectly anticipate the operating state
by employing sensors linked to every device in the
house.

• Non-intrusive Appliance Load Monitoring (NILM):
This method entails the practice of separating the
overall electrical load of a household measured at
a single location into separate appliance signals.
signals [40].

Load Disaggregation Techniques
The NILM method consists of two steps: extraction and

identification. The extraction phase transforms the smart
meter readings into a collection of characteristics that are
utilized for load recognition. Following categorization,
each class will be allocated with an electrical signature.
The detected events are connected with a loads signature
database in order to determine the load state (on or
off) and track the appliance usage over time. The load
is identified by using machine learning techniques [27],
[39].
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E. Fraud Detection
Energy fraud detection is a crucial component of the

smart grid. Energy fraudsters can manipulate smart meter
data in two ways: they consume more energy while
reporting less, or they report more energy for certain
meters to obtain additional advantages from the utility.
Physical tampering, such as illegal tapping, bypassing
meters, firmware modification, and cyberattacks against
the AMI infrastructure are used to manipulate smart meter
reading. Non-technical loss (NTL) in power systems is
mostly the result of electricity theft, billing problems,
and unpaid bills. Machine learning and data mining have
been widely utilized by researchers for comprehensive
intelligent data analysis in order to recognize typical
patterns of behavior so that deviations may be recognized
as anomalies.

Fraud Detection Techniques
Machine learning and data mining have been widely

utilized by researchers for comprehensive intelligent data
analysis in order to recognize typical patterns of behavior
so that deviations may be recognized as anomalies.

Fraud detection consists of the following stages [41]:

• Pre-possessing:
Raw data goes through the pre-processing stage
to extract features for the NILM algorithm. Since
feature selection has a direct effect on algorithm
output, feature selection algorithms can be used for
defining an optimal set of features [20].

• Machine learning: Two main categories of ma-
chine learning are used in: supervised methods
(for labeled data) including SVM, Artificial Neural
Networks (ANN), Optimum Path Forrest (OPF),
and The Na’ive Bayes Classifier; and Unsupervised
methods (for unlabeled data) which include self-
organizing maps and regression methods.

• Evaluation: Depending on the type of algorithm
used, different metrics are used for assessing the
performance of detection methods. Besides metrics
that evaluate the performance of machine learning
algorithms, other metrics are also defined to quan-
tify the effects of the detection methods.

5. Domain III: EnergyManagement
Implementation of new power techniques which come

with the smart grid such as renewable energy sources,
energy storage systems, chargeable batteries for vehicles,
etc.; not only brings many benefits but also creates some
challenges for utilities. Effective energy management
systems lead to an increase in grid sustainability and
durability. It also supports smart grid functionality in
various areas such as market control, integration of decen-
tralized energy resources, cost control, and infrastructure
construction. Different functions within the domain of

energy management are discussed briefly in the following
sections. Also, Table I provides a summary that can be
used for further study of the topic of energy management,
providing a classified set of references addressing the
subject.

A. Demand Response
The aim of this unction is to lower the utility’s total

load by means of a reduction in the consumer’s usage of
electricity. There are two main approaches for demand re-
sponse: (i) incentive-based where the utility can indirectly
switch on/off certain appliances at a certain time at the
consumer’s premises, which carries some concerns about
the consumer’s privacy. (ii)price-based where customers
adjust the electricity consumption in response to the price
assigned by the suppliers. This is possible because of
the use of a smart grid where two-way communication
between the utility and consumer provides feedback to
the consumer.

B. Home Energy Management Systems
A Home Energy Management System (HEMS)is capable

of regulating household loads, scheduling appliances,
and establishing the optimal load [42]. Today, HEMS
must evaluate both energy generation (e.g., solar) and
consumption at the same time in order to reduce energy
costs [43].

HEMS is a scheduling problem that aims to produce
optimal production and consumption schedules by consid-
ering multiple objectives such as reducing energy costs,
environmental concerns, and consumer comfort.

C. Dynamic Pricing
Electricity is priced using a variety of tariffs, includ-

ing basic tariffs, flat-rate tariffs, block rate tariffs, two-
part tariffs, maximum demand tariffs, and power factor
tariffs. Dynamic pricing was adopted to meet smart grid
requirements such as fair pricing. [44]. The ultimate aim
of dynamic pricing is to reduce the peak to the average
consumption of energy using approaches like real-time
pricing (RTP), critical peak pricing (CPP), time of use
(ToU) rate, and extreme day pricing (EDP) [4].

D. Microgrids
With many regions of the world facing increasingly

significant environmental challenges, the use of renewable
energy sources such as solar and wind has become a
prominent trend. Distributed generation (DG) is an ef-
ficient approach to utilizing renewable energy sources.

The term ”microgrid” refers to the integration of re-
newable energy resources made feasible by storage ca-
pacity [45]. Although a complete definition of microgrids
is still being contested in technical forums, a microgrid
may be defined as a cluster of loads, distributed pro-
ducing units, and an energy storage system. Microgrids
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TABLE I. Articles on Energy Management Functions

Function References

Demand Price-Based Ambreen et al., 2017 [47]

Response Mahmud & Sant, 2017 [34]

Incentive-Based Shafie-khah et al., 2017 [35]

Home Energy Muratori & Rizzoni, 2016 [37]

Management Systems Tasdighi et al., 2014 [48]

Dynamic Pricing Assaf, Osman, & Hassan, 2016 [49]

Shuai, Hu, Peng, Tu, & Shen, 2017 [50]

Microgrid Nafi et al., 2016 [4]

Shuai et al., 2017 [50]

TABLE II. Articles Classified Based on Energy Management
Techniques

Technique References

Game Theory Assaf et al., 2016 [49]

Yu & Hong, 2017 [52]

Optimization Mahmud & Sant, 2017 [34]

Shafie-khah et al., 2017 [35]

Tariq et al., 2017 [36]

are intended to increase the reliability of the electricity
supply. A single point of contact connects each microgrid
to the host power system at the distribution level. [46].
The microgrid effectively will integrate new trends into a
power system and overcome their challenges.

Table I provides a summary that can be used for further
study of the topic of energy management, providing a
classified set of references addressing the subject.

Energy Management Techniques
There are various approaches to energy management

such as peak clipping, load shifting, conservation, valley
filling, load building, and flexible load. The objective of
all these approaches is to convert stochastic demand to
steady as much as possible [51].

There are many algorithms in the literature for solving
multi-objective optimization problems in general; among
them, the two most popular are game theory and opti-
mization. Table II gives a summary of work conducted
by these methods.

6. Data
Although in recent years the importance of smart

meter analysis for sustainable development in
smart cities was discussed and this type of analysis
needs open access data set, only two open-access
datasets are available for real-world smart meter data
(http://www.ucd.ie/issda/,https://data.london.gov.uk/dataset/).

smart meter dataset is an m×n matrix, where m is the
number of reading spare time and is the number of
households. London data set is big volume data and
because of challenges come with big data many papers
on different tasks used smaller data sets collected locally.

7. Challenges and opportunities
data volume and computational cost, combining mul-

tivariate data, and data velocity is the main challenge
of smart meter analysis In the following sections, open
research issues in detail are presented.

A. Volume
Potentially, smart meters produce a huge number of data

points. However, current studies mostly concentrate on
medium-sized datasets. Thus, computational techniques
for handling and analyzing big data were rarely inves-
tigated in the literature. In order to address this issue,
highly efficient algorithms and tools, such as distributed
and parallel computing; as well as the deployment of
computational platforms such as DASK, Hadoop’s map-
reduce, and Spark should be further investigated.

Manipulation of big data sets can be efficiently per-
formed through one of the following approaches which
have not been exploited fully within the smart meter data
field:

1) Cloud-based analysis in environments such as
Colab or Databricks which offers a Platform as a
Service (PaaS) and Software as a Service (SaaS).

2) High-performance computation using hardware
such as GPUs which can facilities highly efficient
parallel computing but equally challenge practi-
tioners in requiring redesign of existing algorithms
and techniques.

Recently, data volume-related techniques for smart meter
analysis have piqued the interest of researchers such as
[53], who proposed a novel core-broker-client system
architecture for big data analytics, capable of performing
data storage, query, analysis, and visualization tasks on
large data sets at a 20TB scale.

B. Velocity
Although many incremental and online machine learn-

ing algorithms have been proposed in other big data
applications, existing work on smart meters does not
adequately consider the potential of online algorithms. In
the following, some relevant works in each domain will
be described.

In the domain of knowledge discovery, Wang et al. [54]
proposed an incremental algorithm that was implemented
and evaluated on a synthesized data set. Khan et al. [55]
present a clustering method to group different factories
by applying clustering on stream data produced by smart
meters.
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In the domain of forecasting, Vrablecová et al. [56]
proposed an online version of support vector regression
(SVR) for load forecasting; while Bahrami et al. [57]
present an online learning algorithm to address demand
response tasks within the energy management domain.

C. Multivariate Data Analysis
Current studies mainly focus on the data produced by

the smart meter. Integrating more external data, such
as crowd-sourced data from the Internet, weather data,
voltage, and current data, and special events data (i.e.
calendar-based events such as holidays or weekdays) may
reveal much more information and insight [58]. This
aspect of data analytics clearly contains a number of
challenges and is not yet mature enough due to the
difficulty intrinsically found in data integration. Although
visualization is a critical component of data analytics in
data science and is performed prior to fitting models,
making predictions, or drawing conclusions, visualizing
high dimensional and multivariate data to highlight the
critical components and discover hidden patterns or cor-
relations among these data is a very rarely performed in
the literature on smart meter data. [59].

8. Conclusion
This paper presented a review of cutting-edge research

in the field of smart meter data analytics. The body of
knowledge was structured using a new taxonomy that
spans the research into three main domains: forecasting,
knowledge discovery, and energy management. The three
areas were reviewed by investigating various functions
while discussing techniques and challenges.

The review showed the growing importance of data sci-
ence elements such as data cleaning, data integration, and
data transformation for achieving forecasting results. It
also showed that load profiling in particular is an essential
part of all domains of smart meter analytics. The growing
importance of machine learning tasks such as feature
extraction and dimensionality reduction, which leads to
more cost-effective methods in terms of computational
cost.

Recently, several researchers attempted the use of hy-
brid methods to improve the efficiency and reliability of
different functions. There is still a lot of demand for
investigating techniques and algorithms that efficiently
utilized and integrate smart meter data with other sources
to produce useful insight and knowledge. Recent advances
in deep learning and big data only highlight new chal-
lenges and the need for more work in this area.
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