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Abstract—Smart energy management based on the Internet of
Things (IoT) aims to achieve optimal energy utilization through
real-time energy monitoring and analyses of power consumption
patterns in IoT networks (e.g., residential homes and offices)
supported by wireless technologies - this is of great significance
for the sustainable development of energy. Energy disaggregation
is an important technology to realize smart energy management,
as it can determine the power consumption of each appliance
from the total load (e.g., aggregated data). Also, it gives us clear
insights into users’ daily power-consumption-related behaviours,
which can enhance their awareness of power-saving and lead
them to a more sustainable lifestyle. This paper reviews the state-
of-the-art algorithms for energy/power disaggregation and public
datasets of power consumption. Also, potential use cases for smart
energy management based on IoT networks are presented along
with a discussion of open issues for future study.

Index Terms—Smart Energy Management, Energy Disaggre-
gation, IoT-based, Power consumption

I. INTRODUCTION

The sustainable use of energy is one of the biggest chal-
lenges that our society is facing today [1]. As the demand
for energy (e.g., electricity) continues growing, it would be
significant if we could use and manage energy in a smarter way
(i.e., smart energy management). Statistically, the main power
use can be divided into two major categories: commercial and
residential electricity consumption, namely, mainly lighting
and using household devices. Since a considerable portion of
the power consumption is closely related to people’s indoor
activities, such as cooking with a microwave or oven in the
kitchen, using a computer/laptop or printer at work, watching
TV or listening to music as entertainment, heating, cooling,
and so on, monitoring the energy consumption, analyzing
power usage patterns and recognizing the residents electricity-
consumption behaviors will help better energy management.

To effectively analyze power usage patterns for optimal
energy utilization, the premise is that the power consumption
of each device can be accurately obtained. Early statistics-
based methods collected the data by deploying measurement
equipment to each device to enable fine-grained energy mon-
itoring. Due to the requirement for pre-installation and extra
cost, this kind of method is not popular. The Non-intrusive
Load Monitoring (NILM) technology began to attract wide

The Centre for New Energy Technologies, “C4NET” has contributed to the
funding of this project. C4NET acknowledges the major funding contribution
of the Victorian Department of Environment, Land, Water and Planning and
its Core Participants. The views expressed herein are not necessarily the
views of C4NET or the Victorian State Government and neither party accepts
responsibility for any information or advice contained herein.

attention as early as the 1990s [2] [3], which aims to de-
termine the energy consumption of each individual appliance
based on the detailed analysis of the total load. That is, the
characteristics of the appliance (e.g., the real and reactive
power) is used as unique “signatures” for each appliance,
and devices can be discern from the aggregated data, namely,
energy disaggregation [4].

The Internet-of-Things (IoT) is to connect devices and
sensors through the Internet and there are a number of IoT
applications such as smart cities, smart factory, and so on [5].
To support wireless connectivity for things (i.e., devices and
sensors), various technologies can be considered with short-
range and long-range connectivity [6]. In most IoT applica-
tions, while sensors and devices are expected to transmit their
measurements (e.g., thermometer sensors send their temper-
ature readings), they can also be used to send power con-
sumption data (e.g., smart plugs). Thus, IoT networks become
capable of supporting smart energy management through data
analytics [7]. In particular, the energy disaggregation used in
individual homes or offices can be performed simultaneously
on a large-scale in tens or hundreds of homes or offices via
IoT networks, which raises the possibility of large-scale smart
energy management, e.g., over neighbourhoods, or suburbs.

In this paper, we review the state-of-the-art algorithms for
energy/power disaggregation and public datasets of power con-
sumption, present potential use case scenarios for smart energy
management based on IoT networks, and discuss challenges
and open issues for future research.

The rest of the paper is organized as follows. Section II
introduces the high-level framework of IoT networks for smart
energy management. Section III presents energy disaggrega-
tion in terms of concepts, algorithms, and analysis of energy
usage patterns. Section IV summarizes the public datasets
used for energy /power disaggregation. Section V proposes
potential use-case scenarios and discusses open issues. Section
VI concludes the paper.

II. SMART ENERGY MANAGEMENT

IoT networks can help collect datasets from appliances and
devices at homes and offices to understand power consumption
patterns by individuals and guide users for smart energy usage.
As shown in Fig. 1, we assume that an IoT network is
deployed at a home and a number of appliances and devices
are connected to a local home server (directly or indirectly
through smart plugs), which is able to perform data analytic
and train models to understand power consumption patterns.



Fig. 1. An illustration of IoT network for smart energy management.

We assume that different technologies can be used for
wireless connectivity. For example, WiFi, Zigbee, or bluetooth
can be used. The roles of the local home server for smart
energy management are as follows:

i. Collecting real-time power consumption data from appli-
ances and devices

ii. Training machine learning (ML) models to perform power
disaggregation and user detection

iii. Recommending smart energy usage for users
Note that for the third role, the local home server needs to
access the cloud to find the energy cost at a given time and
duration so that it can provide a recommendation to individuals
to lower the energy cost. If all the appliances and devices are
directly connected with with wireless transceivers to the local
home server, their real-time power consumption information
can be known by the local home server. However, there might
be some appliances without wireless transceivers. Thus, we
can consider the use of smart plugs (or a smart meter) that can
provide the power consumption information for any connected
appliances and devices. Since a smart plug (or a smart meter)
may collect the aggregated power consumption, the local home
server needs to perform energy disaggregation, which will be
explained in the following section.

III. ENERGY DISAGGREGATION

A. An Overview of Energy Disaggregation

Energy disaggregation is a challenging blind source sep-
aration problem that infer energy consumption of electrical
appliances on each branch circuit in a building through total
power consumption [8], aiming to separate the energy con-
sumption of individual appliances from the total consumption
readings of multiple appliances (i.e., the aggregated data at the
smart meter) [9]. Fig. 1 is presented to illustrate the overall
concept of energy disaggregation of individual appliances. In
the figure, the end-user individual appliances data are sent to
a local aggregator which is later sent to the edge or cloud
for energy management including operation and retail billing.
In a traditional smart home concept, the smart meters are
responsible to capture the aggregated information and commu-
nicate with the operators. However, in an edge/IoT connected
today’s energy disaggregation paradigm, end-users will have
more autonomy by receiving actionable insights by knowing

the individual appliance behaviors and patterns resulting from
the data-driven disaggregation mechanism. To explain the
modeling of energy disaggregation, consider the following
example with the aggregate data of energy appliances such
as kettle, electric heater, laptop and projector. Suppose there
is a sequence of readings from a house-level meter denoted as
X = (x1, x2, ..., xt), where t is the length of the sequence. The
problem of energy disaggregation is to disaggregate X into the
energy consumption sequence of individual appliances:

Y i = (yi1, y
i
2, ..., y

i
t), y

i
t ∈ R+, i = 1, . . . , I, (1)

where R+ = [0,∞), I is the number of known appliances,
and t ∈ 1, 2, ..., T is the index of samples. At any time, t, xt
is assumed to be the summation of the readings from all the
known appliances and unknown appliances with background
noise, denoted by ut, i.e.,

Xt =

I∑
i=1

yt
i + ut. (2)

Then, the energy disaggregation is to find the following
inverse functions so that the energy consumption of individual
appliances from the total power consumption can be obtained:

f i : X → Y i, i = 1, . . . , I. (3)

Since the energy disaggregation can identify and classify the
energy consumption of individual appliances, it thus greatly
facilitates energy control. Disaggregated data provides valu-
able information to facilitate power system planning, load
forecasting, new types of billing procedures, and better service
to customers (e.g., providing energy consumption details and
pinpointing the origins of certain customer complaints). For
policymakers, knowing the amount of energy each category of
appliances consumes is critical to developing and evaluating
energy use policies. There are many applications of energy
disaggregation, such as accurate energy billing, occupancy
monitoring, appliance classification, faulty appliance detec-
tion, building efficiency, and demand-side management [10].

There are two types of methods for energy disaggregation:
Non-intrusive Load Monitoring and Intrusive Load Monitor-
ing. ‘Non-intrusive’ load monitoring consists of measuring en-
ergy consumption using a smart meter, which is usually placed
at the meter panel and works based on the aggregated data
where the disaggregation algorithms attempt to approximate
the individual appliance characteristics. On the contrary, ‘In-
trusive’ load monitoring utilizes a low-end metering device for
the measurement of the electricity consumption of one or more
appliances residing within the end-user dwelling as indicated
by the name [11]. While traditionally research has focused on
the non-intrusive energy disaggregation, recent advancement
on the ML/artificial intelligence (AI), IoT/edge computing
with the proliferation of accurate and affordable smart plugs
have highlighted the need for research and development of the
intrusive load monitoring.



B. Algorithms for Energy Disaggregation

One of the most well-known energy disaggregation algo-
rithm is the Hidden Markov Model (HMMs) series [12], such
as Factorial Hidden Markov Models (FHMMs) and its variants
like Additive Factorial Hidden Markov Models (AFHMMs).
These HMM-based approaches work in a supervised or un-
supervised setting, and their learning processes often rely on
the expectation-maximization algorithm, thereby achieving the
local-optima solutions. Other algorithms are Sparse Coding
[13], Graph signal processing (GSP) [14], Integer Program-
ming and so on. As mentioned earlier, energy disaggreagtion
is a special case of blind source separation, sparse coding has
been proven effective for such problems where an additional
constraint of sparse activations is introduced [9].

GSP utilizes the regularization of graph signals with the
assumption that the signal is piecewise-smooth. Under this
assumption and consideration, the total graph variation is
generally not significant and can be used for a variety of
applications including energy disaggregation. GSP has been
proven effective over other algorithms because of its trainning
efficiency, reliability in dealing with noisy data, ability to deal
with different sampling rate, etc [15]. GSP-based approaches
need more investigation related to the robustness of the algo-
rithm, capability of dealing with incomplete training set, and
real-time performance improvement.

In the literature, ML based solutions have shown promising
outcomes, especially, including all kinds of supervised classifi-
cation algorithms, such as Random Forest and KNN classifier.
Although the traditional algorithms have shown promising
outcomes, still there is scope for further accuracy improvement
of the disaggregation algorithm.

To this end, deep learning based methods, such as LSTM
and autoencoder models with deep layers, have been shown ef-
fective for energy disaggregation algorithms. Kelly and Knot-
tenbelt [16] show that deep learning based energy disaggrega-
tion methods outperform the traditional ML-based methods.
Existing deep learning algorithms for energy disaggregation
tasks include Convolutional Neural Network (CNN), Recurrent
Neural Network (RNN), Autoencoders. As an example, Chen
et al. [17] used convolutional sequence to sequence model
whereas Zhang et al. [18] showed the effectiveness of a
sequence-to-point paradigm for energy disaggregation. Note
that, sequence-to-point based CNN method outperformed the
sequence-to-sequence learning approach.

Another type of neural network is ‘WaveNet’, which has
no recurrent connections and therefore, it is much faster
than the traditional RNNs [19]. WaveNet has been used for
energy disaggregation in [20], showing better performance
compared with other HMM-based algorithms and is promising
for data from multiple sources, e.g., combined consumption,
and weather data.

C. Energy Usage Pattern Analysis

The purpose of the energy usage pattern analysis is to give
occupants a clear insight to understand their daily behavior
in consuming electricity by identifying the usage patterns of

various appliances, which can enhance their awareness of
power-saving and lead them to a sustainable and healthier
lifestyle [21].

Event detection is an effective way for analyzing the energy-
consumption pattern for household appliances, as people’s
indoor activities and the use of electrical appliances are closely
related [8]. Another and more straightforward way is to detect
the switch status of these devices, namely, on and off. For
most appliances, there is a fixed power value for start and
operation, i.e., on-power threshold. An appliance is recognized
as starting working only when its output power reaches the
threshold. Since different appliances have different on-power
threshold, identifying and classification for various appliances
can be achieved based on this point. For example, the on-
power threshold of a kettle is about 2000 watts, while a
washing machine only needs 20 watts. Such problems can
be implemented using regression-based learning methods and
classification-based learning methods [9].

IV. PUBLIC DATASETS OF POWER CONSUMPTION

Although an IoT network is able to collect power consump-
tion datasets, it is always beneficial to exploit a large volume
of public datasets in cloud for training models. Thus, in this
section, we summarize the existing public datasets.

A. Data Format for Energy Disaggregation

Generally, there are two types of sample data. (1) One is
high-frequency sampling data, which is usually the collected
current and voltage current waveforms. These raw data can
be converted to the power metrics using Short-time Fourier
Transform (STFT) [8], i.e., real and reactive power with a
time series. See the equations below:

Pk(t) = |Ik(t)| · sin(θ(t)) · |V1(t)|
Qk(t) = |Ik(t)| · cos(θ(t)) · |V1(t)|

in which Pk is the real power, Qk is the reactive power, Ik
is the kth harmonic component of the transformed current
waveform, and V1 is the first harmonic component of the trans-
formed current waveform. Note that the current and voltage
sampling rates are usually 12kHz, while the processed power
metrics are 60Hz. (2) Another is low-frequency sampling data,
collected from individual smart plugs, smart meters, ambient
sensors (e.g., light intensity sensors [21]), or WiFi modules.
The plug load sampling rate is usually 1∼2 Hz.

Datasets with event labels would be very beneficial for
energy disaggregation, as they can serve as a benchmark
for model evaluation. However, collecting labelled datasets is
not easy because the labelling process is often very costly,
which requires a lot of human resources, resources, and time,
including the need for pre-installing sensors or electricity
meters to collect raw data, recording events to mark the state
changes of the appliance on the electricity consumption time
series, taking a long time to record enough events for analysis.
In [21], researchers have to manually label the detected event
according to occupants’ written diaries, which record daily
activities and related electrical devices with timestamps. It



TABLE I
TABLE 1: COMPARISON OF SEVERAL DISAGGREGATION DATASETS [8]

Dataset Location No.of
units Duration Aggregate

Rate
Appliance
Rate Labeled Year Avalibility

REDD [1] USA 6 3-19 days 1Hz&15kHz 1/3 Hz No 2011 http://redd.csail.mit.edu
BLUED [22] USA 1 8 days 12kHz - Yes 2012 http://portoalegre.andrew.cmu.edu:88/BLUED
Smart* [23] USA 3 3 months 1Hz 1Hz No 2012 http://traces.cs.umass.edu/index.php/Smart/Smart
AMPds [24] Canada 1 1 year 1/60 Hz 1/60 Hz No 2013 http://ampds.org/
iAWE [25] India 1 73 Days 1Hz 1Hz No 2013 http://iawe.github.io/
SustData [26] Portugal 50 4-17 months 50 Hz 2s/3s No 2014 https://osf.io/2ac8q/
UK-DALE [27] UK 4 3-17 months 16 kHz 1/6 Hz Yes 2015 https://data.ukedc.rl.ac.uk
SmartSim [28] - 1 7 Days - 1 Hz - 2016 https://github.com/klemenjak/smartsim
REFIT [29] UK 20 2 years - 8-10s Yes 2017 https://www.refitsmarthomes.org/datasets/
EMBED [8] USA 3 14-27 Days 12 kHz 1 Hz Yes 2018 http://embed-dataset.org/
SynD [30] - 1 180 days - 5 Hz - 2020 https://github.com/klemenjak/synd/

can be said that collecting labelled data used to be one of
the biggest challenges for energy management. Therefore,
some researchers are dedicated to collecting, labelling and
publishing datasets for energy disaggregation - today, we have
some public datasets available for direct use [22].

B. Power Consumption Dataset in the Public Domain
There are some existing studies for energy disaggregation,

which adopt supervised Machine Learning methods [31] to
pursue high accuracy. That is, they rely on the labelled
dataset with device signatures for training the model, and then
the trained model can be used for energy disaggragation of
the unlabelled data. Some studies are focusing on collecting
dataset for energy monitoring [1] [22] [23] [24] [25] [26] [27]
[28] [8] [30]. These datasets are compared in Table 1, and
some public datasets available for researchers to develop new
algorithms or as a test benchmark.

The release of these datasets, especially some large-scale
labelled datasets, accelerate the development of many ML
algorithms for energy disaggregation and power consumption
analysis. For example, Neural Networks and Deep Learning
have been proven to outperform the previous algorithms (e.g.,
HMM) [9]. These datasets with detailed labels can be used as
training datasets, testing datasets and benchmarks to train ML
models, evaluate model’s performance, and compare energy-
disaggregation algorithms.

V. USE-CASES AND OPEN ISSUES

A. Use-cases
Energy disaggregation as a result of either intrusive or

non-intrusive load monitoring has significant use-cases. It
includes both energy efficiency and demand-side management
while help the consumers to ensure cost-effective operation
of their utilities. Some prospective use cases are accurate
energy billing, occupancy monitoring, appliance classification,
faulty appliance detection, building efficiency, demand-side
management, etc, as discussed below [10].

1) Energy saving recommendations: Energy disaggegation
will break down energy consumption based on individual
appliances. Hence, looking at the consumption patterns or
behaviors, a recommender system can guide the non-expert
towards optimal operation and cost savings.

2) Occupancy Monitoring: Disaggregated energy patterns
will help to monitor the occupancy probability remotely.
This use-case related to occupancy monitoring by activity
recognition can be of great use for critical applications in
age-care and medical facilities, children monitoring or remote
occupancy identification in conference/meeting rooms, etc.

3) User psychology and cognitive behavior analysis: En-
ergy usages patterns tell a lot about the habits and behavior of
an individual. Authors in [32] employs the energy disaggre-
gation algorithms to detect the abnormal user activities within
ageing population.

4) Appliance classification: One of the most common
usecases of energy disaggregation is appliance classification.
Future research aims to extend the capabilities to accurately
identify different models of each appliance categories, their
possible energy ratings, and other properties.

5) Faulty device diagnosis: Disaggregated energy profiling
of appliances can help early identification of faulty devices.
If one or more functionalities of any device is not working
properly (e.g., device is not going in hibernation or sleeping
mode), it will be captured by its individual consumption
profile. Remedies taken from such action can help to diagnose
the technical problem and long time cost savings.

6) Context-aware smart systems: Energy profiling can help
in providing additional context information for smart systems
that can react and respond to changing situations in the home
or office.

B. Open Issues

1) Standardization of dataset: If a new appliance or device
is introduced, it may take some time to collect its power
consumption data and train the models. For this, a local home
server may use a dataset from the manufacturer of the appli-
ance if it is available. However, this requires standardization
of datasets so that the local home server can easily utilize the
available dataset rather than collect and re-train locally.

2) Edge computing: Although each local home server can
train its own models, its computing power as well as datasets
might be limited. To overcome those limitations, edge servers
can be used. Each edge server can support a number of homes
and offices simultaneously. In this case, each home/office
needs to upload their datasets to an edge server. Unfortunately,
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this may cause privacy issues as home owners may not want
to reveal their home devices and appliances together with their
usage information. To avoid this problem, we can use secure
communications [33] [34]. In addition, if the training models
are shared by multiple homes/offices, federated learning [35]
can be used to train the models, as each home/office can keep
their datasets and only exchanges the parameter vectors of the
models that share with other homes and offices.

VI. CONCLUSIONS

This paper systematically reviews studies related to smart
energy management based on the IoT network, focusing on
state-of-the-art algorithms for energy/power disaggregation
and public datasets of power consumption. We discussed
potential use cases for smart energy management with future
prospects and practical implications. Some challenges and
open issues have also been presented.
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