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1. Introduction

Smart home has been described as a contemporary application of ubiquitous computing that incorporates intelligence
into dwellings management and operation for “comfort, healthcare, safety, security, and energy conservation” [1]. This view,
also adopted in this survey paper, exemplifies the convergence of two complementary perspectives of smart home function-
ality: user- and system-centric, that respectively concentrate on the comfort of the occupants and efficiency of the building
system [2]. The user- or home-centric approach to smart homes started in the first half of the 20th century and evolved for
decades. The system- or building-centric view only came about with the advancement of information and communication
technology (ICT) and the advent of smart energy infrastructure.

Over the past decade, there has been a surge in the development of new “smart” devices that can connect to the Internet
and be controlled using applications remotely. This network of devices and other items embedded with sensors, electronics,
software and connectivity is called the Internet of Things (IoT). Together with another new technology of cloud computing,
it has led to cloud-centric IoT-based solution for smart home development [3].

The IoT makes the shift from functionality to connectivity and data-driven decision making, meaning that a device can
become more useful if it is interconnected with other devices. However, the 10T is not simply a bunch of devices and sensors
connected to each other in a wired or wireless network - it is a dense integration of the virtual and the real world, where
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Nomenclature

ACD adaptive critic designs

API application programming interface
BAN body area network

BLE Bluetooth low energy

DoS denial of service

FHSS frequency hopping spread spectrum
FMCW  frequency modulated carrier waves

HAN home area network

HMM  hidden Markov models

ICT information and communication technology
IoT Internet of Things

LAN local area network

MCU micro-controller unit
NIST National Institute of Standards and Technology

0s operating system

oSl open system interconnection
OTA over the air

PAN personal area network

PLC power line communication
PSO particle swarm optimization
PV photovoltaic

QoE quality of experience

QoS quality of service

RF radio frequency

RFID radio frequency identification
RTOS real time operating system
SG smart grid

SH smart home

SVM support vector machine

WLAN  wireless local area network
WPAN  wireless personal area network
WSN wireless sensor network

the communication between people and devices takes place. It can be considered an interwoven medium of networks of
different sizes [4], that makes up a large global network.

The focus of This review paper focuses on the new aspects of smart homes brought by the introduction of the new
computing paradigms. Section 2 defines smart home and introduces its cloud-based architecture. It also briefly touches
upon the connection of smart homes and smart grids. Section 3 reviews three classes of software important for the IoT-
based smart homes - operating systems, systems for occupant tracking, and software for data acquisition and processing.
Section 4 examines commonly used communication technologies and protocols, both wired and wireless. The issues of data
privacy and security of smart home systems are covered in Section 5. Challenges and and future direction in smart home
development are identified in Section 6. Section 7 provides a brief summary and concludes the review.

2. Smart homes

This section provides the background of the reviewed smart home technologies. It starts with definitions of smart home
and intelligence in the smart home context, followed by a description of a cloud-based smart home architecture. It also
identifies important properties of smart homes that make them valuable, active participants in the modern smart grids.

2.1. Defining smart home

The concept of smart home first appeared in 1930s’ vision of the “homes of tomorrow” [5] as marvel domestic efficiency.
Most promises of “unprecedented levels of luxury, relaxation and indulgence,” and “benefits of modern living with less effort
from householders” were not realized until the final decades of the century. In parallel, the emphasis on domestic efficiency
expanded towards energy efficiency. Darby [2] identifies two main smart home definitions:

Home- and user-focused that defines smart home as a highly automated residential building with integrated appliances,
emphasizing modern technology, convenience and (domestic) efficiency.
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Building- and system-focused that concentrates on building energy performance, ancillary services and distributed energy
generation; and how they can be addressed using information and communication technology.

The author then points out that both definitions share the significance of communications to link devices with each other
and to enable remote access and control, and to provide of services [2].

When talking about smart homes, one should also consider how “smart” or “intelligent” can be defined. What makes a
smart home different from a conventional home most of us still live in? According to Edwards and Grinter [6], the intelli-
gence has the following four characteristics, in the context of smart environments and ubiquitous computing:

1. The environment can use the sensor data to assess the current state of the world (e.g. if a motion sensor detector has
been triggered, it means there must be someone walking nearby).

2. The environment can assume its current state, by taking into consideration multiple factors at once (e.g. if there are
multiple people at the table, the system might infer that it’s dinner time).

3. The environment may predict a user’s intent, by assessing the situation from its own point of view (e.g. if subsequent
motion detectors are triggered, it means the user is walking along a corridor, and so the user might want to have their
way lighted up).

4, The environment may act preemptively based on the intent assumption (e.g. the system might decide to turn on the
lights ahead of time, so that the user can walk on their path safely).

We can think of a smart environment as an intelligent agent that can assess the state of the residence, its occupants
and their physical surrounding using sensors, and act on the environment using effectors in such a way that specified
performance measures are optimized [7]. The performance measures to be maximized in a smart home can be comfort and
productivity of its inhabitants, whereas those to be minimized are the operation costs (i.e. cost of energy and other utilities)
[8].

For a system to be intelligent, it has to be customizable, context-aware, adaptive, and anticipatory [9,10]. An intelligent
living space is characterized by the environment’s ability to respond to the needs of its residents [11]. Therefore, we must
draw a line between smart home intelligence and automation. Automation is just a subset of an intelligent environment,
and people have been using automation techniques for a long time (thermostats, the washing machine, etc). Automation
does not see the bigger picture though, since it is only concerned with managing a limited number of things. Intelligence
on the other hand, is defined by having a larger image of the whole environment through all the interconnected devices
and sensors, and therefore can better adapt and make predictions based on the current state of the system and previous
knowledge about the inhabitants.

2.2. Smart home architecture

A smart home contains at least few devices, such as sensors, appliances, or actuators, that are not necessarily smart
on their own. A sensor generates data, but it does not add any value to the home environment on its own. Similarly, a
thermostat is not considered smart, if the homeowner has to regulate the temperature based on the external temperature,
humidity, and other factors. It can maintain a constant temperature, but that is automation, not “smartness”. It is only when
all data about the environment is collectively stored and analyzed, patterns extracted, and decisions made without the user’s
intervention, that an environment can be called smart. The architecture of a smart home is determined by the way devices
communicate with one another, how and where the information from sensors and appliance usage habits is stored, how this
information is processed and trends are extracted, and how the user can interact with the devices and vice versa. Several
types of architectures have been investigated in previous studies.

Soliman et al. [12] created a system architecture for a smart home. Sensor and actuator are connected to a micro-
controller and used to collect data about the environment and perform certain actions. The data is communicated from
the micro-controller enabled sensors to a central server using the wireless ZigBee technology. The server then uploads the
data to a cloud storage via an application programming interface (API). The Cloud solution is comprised of a back-end ap-
plication, storage, and a front-end application. The data is processed and analyzed in the back-end (Google App Engine). The
user can visualize the environment and control devices using a Web application.

Cook et al. [13] proposed an architecture with the physical layer made of controllers (computer servers), sensors (mo-
tion/light/door/temperature sensors), and actuators (relays). The communication layer is based on wireless communication
technology such as ZigBee wireless mesh. The middleware layer is based on a publish/subscribe pattern.

Jie et al. [14] proposed an architecture model that tackles the issue of scalability. By using the proposed model with uni-
form interfacing, devices can be added to or removed from the smart home infrastructure with minimal effort. The architec-
ture is divided into five layers: (1) the resource layer (end devices, sensors, appliances); (2) the interface layer (abstraction
layer between higher level layers and the devices); (3) the agent layer (agents are responsible for managing individual re-
sources, by using RFID tags); (4) the kernel layer (agent management and main controller); (5) user application layer (user’s
interface to manage services and devices).

Zhou et al. [15] proposed a cloud based architecture, called CloudThings, aimed at speeding up IoT application, develop-
ment, and management. End devices (Things) use the CoAP protocol with 6LowPAN, and therefore they have a direct access
to the Internet. CloudThings is an online platform that leverages the complete application infrastructure for developing,
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Fig. 1. Cloud-based architecture of a smart home.

deploying, managing and composing Things applications and services. This architecture is based on three components: (1)
Infrastructure as a service (IaaS) that provides all the infrastructure needs in the cloud, without the need to worry about
computation power, storage, scalability, or managing servers; (2) Platform as a service (PaaS) that serves as a framework for
developers to develop and deploy capabilities around the Things; (3) Software as a service (SaaS), which provides the means
to handle and support specialized services like Things discovery, Things composition, data mining, etc.

Fig. 1 presents a general, cloud-based architecture of a smart home. The inner network (BAN, PAN) is composed of end
devices, sensors, appliances and actuators. These devices are communicating with a gateway located at the edge of the
network, that facilitates the connection between the inside networks and the external Internet.

A gateway device bridges the communication gap between the end devices, sensors, systems, and the cloud. In [16] Hosek
et al. describe the hardware and technology requirements for a smart home gateway device. Guogiang et al. [17] propose a
smart home gateway design that is configurable in terms of communication protocols supported, and which can translate
heterogeneous sensor data into a uniform format.

The gateway is generally a device that supports multiple communication protocols for interoperability with the end
devices. It is powerful enough to do some processing at the edge of the network, before sending the data to the cloud.
The gateway also adds a layer of security to the smart home network, since it bridges the communication between end
devices and the outer world, and therefore all communication can be filtered before commands make it to the end devices
(which are resource constrained, low powered, have lower security layers, and are therefore more vulnerable to attacks). The
could essentially provides means to increase availability, reliability and security, while at the same time taking advantage of
higher computation power and scalable architecture. The cloud can integrate with many third party services, such as data
visualization, smart home device management, or user access and role management.

2.2.1. Cloud computing

The National Institute of Standards and Technology (NIST) defines cloud computing as “a model for enabling ubiquitous,
convenient, on-demand network access to a shared pool of configurable computing resources (e.g., networks, servers, stor-
age, applications, and services) that can be rapidly provisioned and released with minimal management effort or service
provider interaction” [18].

In the context of smart home architecture, cloud is used to aggregate all data from different sources (sensor, actuators,
appliances and other devices) and process it. The cloud is the most advanced level of the architecture [19] that provides
massive data storage and processing infrastructure [3] with high reliability, scalability and autonomy [20]. Due to the central
role the cloud plays in this framework, it is often called cloud-based or cloud-centric architecture [3].

2.2.2. Fog computing

Fog computing is a recent computing paradigm first coined by Cisco in 2014 [21] for the extended cloud computing
model and adopted in a number of related applications [22-24]. As with many emerging technologies, fog computing suffers
from some inherent security and privacy issues [25,26].
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The cloud computing paradigm has worked very well since its adoption about a decade ago. However, due to an ever
increasing number of IoT devices that produce more data and need to connect and push the data to the cloud, some issues
with this model have started to appear. One of the biggest issues in modern computing is that CPU processing power has
increased dramatically over the years, however bandwidth for memory and data transmission in general has not been able
to keep up with the growth trend [27]. As a result, network bandwidth has become a bottleneck, hindering the performance
of cloud-based systems. Fog computing addresses this issue by bringing computing closer to where the data is generated.
This way, data can be processed in between the data source and the cloud, before the trimmed down data is sent to the
cloud. In the context of a smart home, fog computing refers to data computations occurring on the gateway device. Since the
gateway is closer to the source, data can be transferred from the end devices to the gateway very quickly. The data is then
merged from all sources, preprocessed, compressed, and then sent to the cloud for further, more intensive computations.
The information sent to the cloud is therefore not “raw” data anymore, but a trimmed version of the original data that takes
less bandwidth to transmit. The main objectives of fog computing are [28]

» Reducing the amount of data sent to the cloud;
« Decreasing network latency;
« Improving system response time in mission-critical situations.

Fog computing also has the benefit of avoiding single point of failure situations. For example, if the Internet connection
were to drop, the smart home gateway would still collect the data from the end devices, process it, and send it to the
cloud when the Internet connection is resumed. Moreover, the benefits in regards to the cloud are bidirectional: not only a
gateway device helps to decrease the amount of data sent to the cloud, but also the cloud only needs to send messages to
the gateway which then broadcasts the messages to the appropriate end devices.

2.2.3. Edge computing

Edge computing is another computing paradigm. It shares the same objectives as fog computing, but differs in how the
objectives are met. Lopez et al. [29] discussed the concept with an emphasis on human-driven applications, where edge
computing enables humans to stay anonymous and maintain their privacy. Multiple case studies have been analyzed by
Shi et al. [30] along challenges and opportunities of the paradigm. Shi and Dustdar [31] also identified some open issues
regarding privacy and security in edge computing.

Compared to fog computing, edge computing takes localized computation even further, by making each end device in
the smart home capable of deciding if the data should be stored locally, processed locally, or sent to the cloud. Since each
individual end device is capable of performing some inference and communicating with the cloud, the resulting system is
more decentralized further decreasing the risk of single-point-of-failure. In other words, in edge computing, data processing
and decision making is brought to the gateways at the edge of the Internet network.

2.3. Smart home and smart grid

In the past decade, there has been an observed global consciousness towards energy consumption, especially regarding
energy efficiency measures and the use of renewable energy sources. This has been made possible by the introduction of
the concept of smart grid (SG) as a vehicle to modernize the electricity grid. Its first official definition provided ten charac-
teristics of SG infrastructure [32]. Half of these characteristics are directly related to smart homes (original item numbering
is used in the list reproduced below):

(4) Development and incorporation of demand response, demand-side resources, and energy-efficiency resources.

(5) Deployment of ‘smart’ technologies (real-time, automated, interactive technologies that optimize the physical opera-
tion of appliances and consumer devices) for metering, communications concerning grid operations and status, and
distribution automation.

(6) Integration of ‘smart’ appliances and consumer devices.

(7) Deployment and integration of advanced electricity storage and peak-shaving technologies, including plug-in electric
and hybrid electric vehicles, and thermal storage air conditioning.

(8) Provision to consumers of timely information and control options.

Smart grid features thus expand energy efficiency beyond the delivery infrastructure and into the home. By allowing
electricity and information to flow in both directions between the home and the grid, the electricity system becomes more
flexible, interactive, and can provide real-time feedback.

An important feature of a smart grid is demand response (DR) [33]. By coordinating operation of low priority home
appliances (such as washing machines or water heaters), DR can take advantage of the most desirable energy sources, and
at most favorable prices. There are two type of energy scheduling:

1. Energy resource scheduling (which deals with the timing of when specific energy sources are used, i.e. when to use the
grid and when the home installed PV panel system); and

2. Energy consumption scheduling (where the objective is to optimize the timing when various home appliances should
be active, due to constraints such as residual amount of locally stored energy, or current cost of electricity under a
time-of-use pricing scheme).
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Fuselli et al. [34] proposed a new method of energy resource scheduling using action dependent heuristic dynamic pro-
gramming. Based on a class of adaptive critic designs (ACD), it is composed of two neural networks: action network, which
defines the control state; and critic network, that criticizes the action network and improves the optimal state of the former
over time. The objective is to minimize a utility function, given a set of constraints. The parameters of both networks are
pre-trained using particle swarm optimization (PSO) algorithm. This combined approach results in a considerable improve-
ment of scheduling accuracy and scheduling horizon over previous methods involving ADC without PSO [35-37].

Because information can flow alongside with electricity from the consumer to the grid, and vice versa, this opens up
some possibilities of control over a smart home’s appliances. Smart meters can measure the amount of energy used some-
times down to the level of individual appliances. This information can be gathered, stored, and processed in a smart home
energy management system (HEMS) [38]. HEMS is a device operating within the home’s premises that can schedule the
operation of appliances (e.g. based on the time-of-use pricing), as to minimize electricity costs and maximize efficiency.
However, it is not possible to manage all home appliances, because some are not schedulable. In general, home appliances
can be classified into two groups [38]:

» Non-schedulable appliances that cannot be scheduled, due to the nature of the task they are designed to accomplish (i.e.
the fridge, a lamp, an electric kettle); and
« Schedulable appliances that can be scheduled (i.e. a washing machine, a dryer, a domestic hot water boiler); they can be
further divided into:
- Interruptible appliances: these are appliances which can be interrupted from operation at any time (i.e. a domestic
hot water boiler, an electric vehicle charger)
- Non-interruptible appliances: these appliances cannot be interrupted once they start operating (i.e. a washing ma-
chine, a dishwasher).

These few examples show that smart grids rely on smart homes. The use of smart appliances, the data gathered through
various sensors and smart meters, allows a smart home to optimize its quantitative and temporal electricity demand from
the grid, and to minimize the cost of electricity (or even make profits, if electricity is generated on site and exported to the
grid). However, a detailed treatment of this aspect of smart homes is outside the scope of this survey. An interested reader
may refer to numerous other resources in the literature, e.g. [39-41].

3. Software

This section reviews the most important software components of modern smart homes. After outlining important fea-
tures of operating systems for smart homes and devices, it proceeds with describing two major software subsystems: occu-
pant behavior tracking and data processing.

3.1. Operating system

[oT is composed of devices embedded with micro-controller unit (MCU) based systems and interconnected through dif-
ferent communication means. Indeed, software plays an important role in IoT operation. In general, there are two types of
IoT components that are embedded with operating systems: end devices and gateways.

The end devices could be sensors, actuators, switches, that can normally perform only a limited set of operations. These
devices are typically small and have a resource (e.g. RAM, ROM, and energy) constrained MCU that is highly energy efficient,
and supports short range, low power communication protocols. Traditionally, MCUs have an embedded system on them that
is flashed in the ROM at the factory, and cannot be changed or updated after the product has exited the production line.
However, MCUs are getting cheaper to produce and at the same time more complex and powerful (e.g. moving from 8/16
to 32 bit architectures). As a result, it is now feasible to install software that can do more on the device itself, and that can
receive hot security patches over the air (OTA). This software can be an entire operating system (OS) that can add more
functionality and more security on the device. Since these end devices are still limited in resources, the data has to be
collected and communicated in real-time with no buffering, these operating systems are called real time operating systems
(RTOS). The use of RTOS also enable a programmer or system integrator to be more productive, since most of the low-level
operations are available to them through the OS [42]. In order to collect the data from these end devices (sensors), or to
send a command for execution based on some event (actuators), a more powerful device is needed - the gateway.

Gateway devices act as a bridge between the many IoT devices in a smart home, since they support more communi-
cation protocols and have more resources to gather and process the data. Moreover, if cloud services are part of a smart
home architecture, then these gateway devices are also referred to as edge gateway, since they sit at the intersection of
the external Internet and the internal local Intranet. Hence, these devices are more powerful and need to run an operating
system that supports different communication technologies. They must also be secure and resilient to penetration attacks
from the external Internet. Unlike the end devices, gateway devices usually have a user interface for managing various parts
of the network, or for data visualization.

The main features to consider when selecting an operating system for IoT devices include [43,44]:

- Footprint: since most end devices are constrained in available resources, the OS must have a small footprint for running
on the device. This might not apply to gateway devices that usually have generous resources available.
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Table 1
[oT operating systems.

0S name Min RAM  Min ROM  Program. model = Realtime  Language License
Contiki 10KB 30KB Proto-threads Partial C Open-src
TinyOS 1KB 4KB Event-driven No NesC Open-src
RIOT 1.5KB 5KB Threads Yes C, C++ Open-src
Mantis 14KB 50KB Threads Partial C Open-src
FreeRTOS 1KB 10KB Threads Yes C Open-src
Nano-RK 2KB 18KB Threads Yes C Open-src
LiteOS 4KB 128KB Threads/ Events  Yes LiteC++ Open-src
Apache Mynewt 16KB 128KB Threads Yes Assembly, C, Go  Open-src
Zephyr 0S 8KB 128KB Threads Yes Multiple Open-src
Ubuntu Core Snappy 128MB 350MB Threads No Multiple Open-src
Android Things 512MB 4GB Threads No C, Java, Kotlin Open-src
Windows 10 IoT 256MB 200MB Threads Partial Multiple Propriet.
WindRiver VxWorks 1MB 128KB Processes Yes C, C++ Propriet.
Micrium pC/OS 1KB 6KB Threads, Tasks Yes C Propriet.
MicroE] OS 32KB 128KB Threads Yes C, C++, Java Propriet.
Express Logic ThreadX  1KB 2KB Threads Yes C Royalty-Free
Nucleus RTOS 2KB 12KB Threads Yes C, C++ Propriet.

Scalability: the OS needs to scale depending on the available resources, or architecture of the CPU.

Modularity: the OS needs to be modular, and the system integrator should be able to choose which modules to include.
Normally, the OS will provide just the barebone functionality needed to load programs on the MCU, but if additional
modules (like supporting alternative communication protocols, or other add-ons) are needed, the OS needs their inclu-
sion out of the box.

Portability: the OS needs to be portable on different types of hardware, possibly with different architecture. This is
usually accomplished through abstraction of hardware requirements.

Connectivity: ability to communicate with other devices is essential for an IoT device. The OS must support communica-
tion technologies like Ethernet, Wi-Fi, Bluetooth LE, etc.

Security: the OS needs to provide the means to add security measures as needed. Lighter systems have smaller number
of default security features, but the developer needs to be able to add more if needed.

Reliability: the OS needs to be reliable since most end devices are not meant to be serviced regularly, and need to be
running error-free for long periods of time. This means that they should also pass certain certifications, especially when
used in mission-critical situations.

Another important aspect of an operating system is the ability to run programs concurrently. This is especially important
for Real Time operating systems, because processes have tight deadlines, and cannot take too much time blocking other
processes waiting for the allocation of their resources. There are several programming models which characterize the way
in which code is executed and how resources are allocated to processes. There are different paradigms based on the purpose
for which the operating system is designed for [43,45]:

Process: is an instance of a computer program that is loaded into memory in binary format, has allocated resources, and
is being executed. Processes are independent of each other.

Thread: is a lightweight sub-unit of execution within a process. They have their own stack, can access the shared data
in their parent process’ heap, and can communicate between each other easily.

Proto-thread: is an extremely lightweight stackless thread that is designed for severely constrained memory systems.
Since it is a sequential implementation of a state machine, it works great on an event-driven system.

Event: is triggered as a result of an action in an event-driven system. The event is dispatched and an event handler picks
it up, but only one event handler can run at a time.

Task: is a unit of work, that is assigned to a worker from a pool of workers. Workers can be threads, processes, or
machines.

Table 1 shows a list of the several popular IoT operating systems. The list compares the systems based on their minimum
footprint, programming model, whether the system is an RTOS or not, what languages are supported programming, and
license under which it is issued. Some of these systems have a smaller footprint (for example TinyOS, RIOT, FreeRTOS),
making them suitable for end-devices. Other systems are more demanding in terms of resources (for example Windows 10
IoT, Android Things, Ubuntu Core Snappy), and are therefore more suitable for running on gateway devices. The lower the
footprint, the smaller the set of features that are supported by the OS, and the less security is provided out of the box.
Therefore, for gateway devices, the use of a full-featured OS (such as Android Things) makes it easier to bridge multiple
end-devices without much configuration, and also provides higher level of security against vulnerabilities from the external
Internet.
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3.2. Human activity tracking

Smart home is designed to improve the standard of living of its occupants and/or to optimize its performance. In both
cases, it is important that the system is able to analyze and recognize activities of its occupants [13]. A few examples of
activity recognition mediums are: video cameras, heat cameras, radars, floor pressure sensors, etc. It is important that the
activity recognition be performed in real-time, so that the smart home can “react” and “adapt” instantly if need be. Fog and
edge computing are enablers of this, which will be discussed later. Activity recognition and prediction is a two step process.
The first is the activity discovery, that is done with unsupervised learning methods. The second is the activity recognition
and prediction, which use supervised learning techniques, and is facilitated with the clustered data obtained in the previous
step.

Unobtrusive tracking and sensing methods. For smart homes to offer a higher level of comfort and convenience, it is impor-
tant that sensing and tracking is done in a non-intrusive way. In other words, the occupants should not be aware at all
times that they are being tracked or required to wear specific wearable body sensors. There have been several major steps
in this direction achieved using wireless signals. This technology was originally developed for military applications includ-
ing detection of people behind walls, or trapped under collapsed structures [46,47]. However, the military grade technology
used high power wireless signals and reserved wireless spectrum, rendering it infeasible for use in consumer applications.
Researchers at MIT have developed a new way to measure breathing and heart rate, by using a radar technique called fre-
quency modulated carrier waves (FMCW). This technology can detect chest movements due to breathing, and skin vibrations
due to heartbeats [48]. With properly positioned sensors, it can monitor a person from up to 8 meters away, even behind a
wall; this is plenty of coverage for an average sized house. Even more impressive is the accuracy: 99.3% for breathing, and
98.5% for heartbeats. Similar work has been done with Doppler radars [49]. A comprehensive survey on advances in radar
sensors has been conduced by Li et al. [50]. Alternative methods include accelerometric sensors mounted on mattress [51].

Although techniques for unobtrusive vital signs detection are currently developed mainly for medical purposes, the full
potential of these technologies can be realized in other application domains as well. Since the purpose of the smart home
is to use “intelligence” to provide a comfortable and adaptive environment, having access to the refined information about
the inhabitants (such as breathing and heart rates) can further improve responsiveness of the smart home systems and
the level of comfort they provide. For example, currently the optimal temperature in a house is determined by measuring
the inside and outside temperatures, relative humidity, pressure and other environmental metrics, without consideration
of the inhabitants themselves. If their breathing and heart rates were considered, better decisions for setting the optimal
temperature in the house could be reached, as these vital signs are directly correlated with body temperature and well-being
[52].

Activity discovery. An important part of human activity tracking is activity discovery. Since the various sensors (motion
detectors, cameras) will continuously generate streams of data, efficient algorithms need to be implemented that can identify
new types of activities, that can later be used for recognition. To our best knowledge, unsupervised learning methods are
best suitable for discovering patterns in large amounts of data, which is what activity discovery is about.

Cook et al. [13] use an unsupervised learning algorithm, that partitions the data stream into smaller classes, which then
simplifies the activity recognition step. The activity detection, is stored as a compressed sequence of data from multiple
Sensors.

Bourobou et al. [53] have used the K-pattern clustering algorithm to identify activity patterns in large amounts of data
collected from sensors. They also compared K-patterns algorithm to other popular algorithms like K-means, expectation
maximization, and Farthest First, but K-pattern provides the best performance in terms of running time and numbers of
clusters identified.

Activity recognition and prediction. Activity recognition and prediction is what enables a smart environment to react to what
the user is doing. For example, if an inhabitant entered a room after 10 p.m., laid in bed, and stayed still for a period of
time, the smart home might assume that the person has fallen asleep, and therefore decide to turn off the lights, and set
the house temperature to a value that is comfortable for sleeping. The key part of making this possible is that the smart
home needs to understand the human activities and recognize them in real-time, and so researchers are actively working
on implementing various methods and frameworks to bring activity recognition and prediction capability to smart homes.

Cook et al. [13] have tested various machine learning methods, such as support vector machines (SVM), naive Bayes
classifiers, hidden Markov models, and conditional random fields. The best performer they found was SVM. In addition to a
superior performance, it also had the advantage of returning the degree of match for a particular activity type.

However, no single technique can serve as a universal solution, and therefore multiple methods have to be used together
to obtain better results and form more complex hybrid intelligent systems [54]. For example, genetic algorithms (GA) or
methods of swarm intelligence are a good fit for improving the machine learning and prediction capabilities of a system.
Exploitation of their complementary paradigms of competition and cooperation can be used to link the performance of
multiple agents into a single, better performing model [55].

Jalal et al. [56] propose to use a depth camera (Microsoft Kinect) to perform Human Activity Recognition. Since activity
recognition is based on a sequence of actions, the authors have chosen hidden Markov models (HMM) for training, using the
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previously obtained code representations of the motions. The authors have found that HMM with 4 hidden states generate
the best results, with a 92.33% accuracy.

Fatima et al. [57] propose a unified framework for activity recognition and prediction in a smart home using SVM kernel
classifier and conditional random fields. The authors reported accuracy scores of 92.70-94.11% for activity recognition, and
79.71-84.78% for activity prediction.

Bourobou and Yoo [53] have proposed to use Artificial Neural Networks (ANN) and J48 decision trees to solve the activity
recognition problem for smart home applications. The authors argue that ANN are better at activity prediction than Hidden
Markov Models, Naive Bayes, or C4.5 decision trees, because ANN does not face the challenges of long training times, and
interleaving events. The accuracy of the model trained with ANN and J48 is 83% for a two week activity period. However,
the authors do not specify which dataset was used to perform the experiments.

3.3. Data acquisition and use

The ever-growing number of IoT devices generates a tremendous amount of data that requires new infrastructure and
technologies to store and manage it. This phenomenon, called big data, is characterized as a byproduct of three drivers,
called the “three Vs”: Volume, Velocity, and Variety [58]. This definition, proposed by Gartner in 2001, has been recently
updated to align with current standards by adding two more “Vs” [59]:

» Volume refers to the amount of data that is generated each second from various sources, and has to be stored and
analyzed.

« Velocity characterizes the speed at which data is generated, stored, and processed.

- Variety defines the heterogeneity of the data (structured and unstructured).

« Veracity is is a qualitative measure of data trustworthiness that determines how usefulness and meaningful the data is.

- Value refers to the importance or worthiness of the data. It is directly proportional to veracity, because as the value of
the data increases, so does the need of assuring the data integrity and accuracy.

In this paper, we are interested in the application of big data in the context of IoT and smart homes. For a comprehensive,
general survey on Big Data related topics, the reader may refer to [60-64].

Data acquisition. Data acquisition is the initial stage in the life-cycle of Big Data. In the context of a smart home, data can
come from three sources: from active interaction with the user, from passive interaction with the user, or from non-user
generated sources:

« The active user interaction source is data that is directly generated by the user: voice commands, gesture recognition,
triggering actions from pushing a button, interacting with a touch screen.

» The passive user interaction source is the data generated as a result of a human action: motion detector sensors, video
from cameras, silhouettes from depth cameras, RFID identification tags, smart floor sensors, wearable body sensors.

« The non-user generated data, is the data obtained from other IoT devices or smart devices: thermostat readings, humidity
sensors, air flow sensors. In the context of the smart grid, the non-user generated data would be the electricity usage
for each smart device, the time and duration when those devices are used, market pricing data, etc.

The classification of generated data can be used for (1) evaluation of source-dependent data trustworthiness; (2) attri-
bution of data ownership and other legal implications, (3) inference about the structure of the data (user generated data is
usually unstructured, with more noise, whereas sensor readings from electricity usage have a known type and measurement
units).

Data fusion. Data collected by different sensors in a smart home needs to be merged and processed to extract meaningful
information about the state of the environment and the inhabitants. This can be accomplished using data fusion techniques
that “combine data from multiple sensors, and related information from associated databases, to achieve improved accura-
cies and more specific inferences than could be achieved by the use of a single sensor alone” [65].

Merging data from multiple sensors is known in the literature as multisensor fusion. It is an inherently difficult task,
because of the heterogeneous nature of the data, and constantly increasing volume of sensed information.

Zheng et al. [66] identified three categories of data fusion algorithms:

Statistical approaches include the simplest approach of weighted average, along with multivariate statistical analysis and
most state-of-the-art data mining algorithms [67]. The statistical approach might not be a good fit for incommutable
data or when used with estimators/classifiers that have different performances [68].

Probabilistic approaches include maximum likelihood methods and Kalman filtering [69,70], probability theory [71] and
evidence theory. Kalman filter is often used because of its low complexity, ease of implementation and mean-squared
error optimality. However, it cannot be used with data whose error characteristics are not easily described in terms
of parameters.

Artificial intelligence methods such as genetic algorithms, neural networks and decision trees. In many applications, neural
networks are used both to develop classifiers and as a data fusion tool [67,68]
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Data fusion can be performed in a centralized or decentralized fashion. In centralized fusion, the data is merged at a
central location (e.g. at a smart home gateway). In this case, the data is fused from their sources based on predefined set
of rules. In decentralized fusion, data is merged at the source (i.e. the sensor) that needs to have adequate computational
power [72].

Data processing. Before the data is ready for use, it generally goes through a series of transformations. This process can
be viewed as a number of interconnected funnels connected to each other, and data percolating through each funnel be-
fore it reaches the final state. This metaphor forms the basis of the 6-level Joint Directors of Laboratories (JDL) model for
information exploitation [73]:

Level 0 - Data alignment: the raw data obtained from the sensors is corrected from bias, standardized, and key informa-
tion is extracted.

Level 1 - Entity assessment: data from level 0 is combined with data previously obtained from other sensors, to estimate
identity and characteristics of individual entities.

Level 2 - Situation assessment: relationships between entities are interpreted based on their relation to the current context
or environment.

Level 3 — Impact assessment: consequences of current situation are estimated by predicting the system evolution.

Level 4 — Process refinement: subsequent data is monitored to optimize the utilization of sensor information.

Level 5 - User refinement: the fusion system is optimized to improve the efficiency of supporting a human operation.

A comprehensive analysis of the state-of-the-art methods on data transmission, data processing, storage systems and
cloud infrastructures in the context of a smart home can be found in the work by Diaz et al. [74].

4. Connectivity and communication protocols

In a smart home environment, devices need to be interconnected to exchange information. Intelligence, as we previously
defined it, is when the environment is able to understand the state of the current system. For this to happen, a single sensor
is not enough to extract much useful information, and therefore multiple sensors are needed which can communicate with
each other and extend the usefulness of the acquired information. The ways in which these devices and sensors can com-
municate are determined through communication protocols. These protocols, which define how information is transmitted,
are developed by organizations and alliances that define their specifications, hardware requirements, and licensing.

Communication protocols are generally classified into three main groups, according to the medium of propagation: (1)
wired, (2) wireless, and (3) hybrid. The choice of the right technology to use depends on the use case. Some communications
protocols offer longer ranges, some higher security, and others lower power consumption. Furthermore, the choice also
depends on the size of the network. In the context of a smart home body area networks (BAN), personal area networks
(PAN), and local area networks (LAN) are commonly used.

A detailed comparison of multiple communication technologies for home area networks (HAN) is provided in [75]. The
authors also assembled a comprehensive list of characteristics and requirements for a HAN. According to Zheng et al. [66] the
most important aspect of using WPAN (wireless personal area network)/WLAN (wireless local area network) is to assure
the quality of service (QoS), which is defined by latency, transmission power, reliability and bandwidth. This is critical for
health care applications, where all four requirements have to be met simultaneously.

Smart home wireless sensor networks (WSN), typically composed of BAN and PAN, are susceptible to interference with
higher power wireless technologies, such as Wi-Fi. As a result, WSN devices may sometimes fail to receive commands, or
send sensed data, negatively affecting QoS in the smart home. Li and Lin [76] propose a method to bypass this limitation by
combining WSN and power line communication (PLC) technologies. Placement of PLC transceivers close to WSN guarantees
minimization of interference from other radio frequency (RF) technologies, and maximization of the likelihood that the
sensor data is picked up and sent to the destination (i.e. the hub or gateway) or that commands sent from the central
management unit are received by the sensors/actuators.

Due to the heterogeneity of IoT devices present in a smart home, the problem of interoperability between devices using
different communication protocols arises. Interoperability between devices is important, because low-power devices use
communication technologies that have short range coverage areas, but can be extended using multi-hop transmission in a
mesh-grid topology. Bello and Zeadally [77] discuss the challenges on implementing network-level interoperability between
different technologies, using the 6LowPAN protocol as the middle ground solution.

The remaining part of this section provides an overview of the most common and emerging technologies for wired and
wireless communication, and provides guidance for choosing the appropriate technology.

4.1. Wired communication protocols

Wired communication refers to the transmission of information over a wire medium. It is one of the oldest way to
transmit information, dating back to the days when messages were sent by electrical telegraph. Advantages of wired over
wireless data transmission are:
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Table 2
Wired communication protocols.
Ethernet X10 UPB INSTEON MoCA KNX

Frequency 100-500 MHz 120 kHz; 310-433.92 MHz 4-40 kHz 131.65; 868-924 MHz  0.5-1.5 GHz 110/132 kHz; 868.3 MHz
Data rate 1 Mbps-100 Gbps 20-60 bps; 9.6 kbps 480 bps 13.165 kbps; 38.4 kbps 175 Mbps-2.5 Gbps 1.2/2.4 Mbps
Range 100 m 500-1000 m 80-500 m 500 m; 40 m 90 m 1000 m; 100 m
Network topology Bus, star None; star P2P P2P, mesh, dual mesh  P2P, mesh Tree, line star
Encryption None None None AES-256 DES-56, AES-128 None; AES-128

Security: since network connection requires to physically connect the device with a cable, it is almost impossible to
eavesdrop or tamper with the data in the network from the outside.

Ease of use: connecting to a network is as easy as plugging in the cable to the device; there is no need to choose the
right network from a list of networks, or enter a password, as in the case of wireless networks.

Distance: data transmission over wire will go further than what common wireless protocols (Wi-Fi 802.11ac) can achieve;
since wire cables are enclosed media, the transmission is not affected by issues like interference or obstacles.

Data rate: theoretical data rates over Ethernet can achieve 100 Gbps, while the maximum theoretical speed of Wi-Fi
802.11ac is 1.3 Gbps.

Reliability: data transmission over wire is constant and not affected by interference, or obstacles; in wireless networks, it
is common for the transmission rate to fluctuate.

However, wired communication technologies also have some common disadvantages:

Cost and complexity: installing a wired network requires professional work and planning; implementing a wired network
in a smart home needs to be done when the home is built, otherwise running cables through walls at a later time
can become a tedious work, and not look aesthetically pleasing.

Mobility: once the cables are set in place, it’s not possible to change the location of the device, without rewiring or
extending the cable.

Power: normally, wired connections require power for the network to operate; in a critical situation, if the power is cut,
the network may not be able to run on a battery, as wireless network can.

Expansion: extending the coverage of a wired network is not as easy as adding a new wireless router, and may require
additional wiring and hardware (hubs).

The following paragraphs provide information on the most commonly used wired protocols used in smart homes. Their
main characteristics are also summarized in Table 2.

Ethernet. Ethernet, based on the IEEE 802.3 standard, is one of the most widely adopted solutions for building wired net-
works, both for LAN and WAN [78]. It has a range of up to 100 m, and is not affected much by electromagnetic interference.

X10. X10 can be considered the first general purpose communication protocol used for signaling and control in home de-
vices. It uses the power line for transmitting information, but it is actually a hybrid technology, since it also has a RF exten-
sion meant to increase the reliability of the network. Since the technology has been developed in 1975, it has some flaws
(e.g. low data rates, wiring complexity, no encryption support, small number of maximum connected devices, interferences,
and message loss) that are apparent when used in contemporary smart homes [75,79].

UPB. Universal Powerline Bus is a proprietary technology that uses the power line for communication, just like X10. It offers
some improvements over X10, such as increased data rates (but still low compared to other technologies), less noise from AC
lines, and more devices supported due to peer-to-peer connectivity (up to 64,000). The disadvantage is lack of encryption,
and overall minor market adoption [80].

INSTEON. INSTEON is a rather new hybrid technology that uses both the power line and RF communication to remotely
control devices in a smart home. Since it uses a mesh topology, it does not require a central hub, and all INSTEON devices
are able to communicate with each other and repeat the messages to extend the coverage area. On the pros list, there are
reliability, ease of use, compatibility, fast message propagation, and a large number of devices to choose from. On the cons,
there are slow data rates, which makes the technology a good fit for controlling devices, but not good for use in sensors
that generate large amount of data [75,80].

MoCA. Multimedia over Coax is a technology that uses coaxial cables in a home to guarantee content delivery. It is a secure
and reliable communication protocol, with only 10~ packet error rate [75]. It is also used with Wi-Fi repeaters to increase
Wi-Fi coverage with no data rate loss. Maximum theoretical data rate for MoCA 2.5 is 2.5 Gbps.
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Table 3
Wireless communication protocols.
Wi-Fi 802.11n Bluetooth Bluetooth LE ZigBee Z-Wave 6LowPAN

Frequency 2.4-5.8 GHz 2.402-2.48 GHz  2.402-2.48 GHz  868/915 MHz, 2.4 GHz  868/915 MHz  868/921 MHz, 2.4-5 Ghz
Data rate 450 Mbps 0.7-2.1 Mbps 2 Mbps 20/40 kbps, 250 kbps 10-100 kbps 10-40 kbps, 250 kbps
Range 10-100 m 15-20 m 10-15 m 10-100 m 30-50 m 10-100 m
Network size Thousands (mesh) 8 N/A 65,536 232 250
Network Topology  Star, tree, P2P, mesh  Star Star Star, mesh, cluster tree  Mesh Star, mesh, P2P
Encryption WPA2 AES-128 AES-128 AES-128 AES-128 AES-128

KNX. KNX is a standardized (EN 50090, ISO/IEC 14543) OSI-based network communication protocol that was designed
specifically for smart buildings. KNX requires its own wiring, which increases the complexity and costs. It has a low data
rate and so is best suited for signaling and control of devices. It supports three topologies: line, tree, and star. KNX has
support for multiple transmission media: KNX-TP for twisted pair wiring, KNX-PL for power line networks, KNX-RF for RF
communication, and KNX-IP for Ethernet [80].

4.2. Wireless communication protocols

Wireless communication implies no use of wires to transmit and receive information using RF signals. Wireless commu-
nication protocols are becoming popular in smart home networks, due to the ease of use and lower costs of setting up the
network and installing new devices. There are several advantages of wireless over wire communication:

Mobility: since connecting a device to a network does not require any physical linkage, the device can be moved around
without loosing connectivity; moving the device to a different wireless network is also easy.

Expandability: adding new devices to a network is easy, as long as the maximum number of supported devices is not
exceeded; wireless networks are easy to scale up or down as needed, with no or minimal costs.

Costs: setting up a wireless network is quite simple, often without any professional help.

Flexibility: creating a wireless network in a new place, is as easy as connecting the device to power; this makes it easy
to experiment with new devices, or sensor placement.

The disadvantages of wireless communication include:

Security: although current encryption mechanisms are strong, packets travel through the air and can be intercepted,
and possibly decrypted (although it's highly unlikely); most security issues arise when the wireless network is not
protected at all, due to lack of proper configuration.

Data rates: wireless networks have theoretical speeds lower than wired networks (such as Ethernet or MoCA); in practice,
however, the data rates are often sufficient for most smart home applications.

Interference: wireless networks are susceptible to interference; this can disrupt or affect the quality of service provided
by the network.

Coverage: theoretically, wireless networks have more coverage in a specific area than wired networks; however, obstacles
or poor placement of the devices, can decrease the coverage area, and lead to loss of commands/messages.

The following paragraphs provide information on the most commonly used wireless protocols used in smart homes. Their
main characteristics are also summarized in Table 3.

Wi-Fi. Wi-Fi, or Wireless Fidelity, is a wireless communication protocol based on the IEEE 801.11 standard. Wi-Fi does not
require a license, and thus has become one of the most popular wireless technologies in use today. It has a theoretic cover-
age area of 45 m indoors, but the range can be extended with Wi-Fi repeaters and redundant access points, which makes it
suitable for WLANSs. The technology supports WPA2 encryption, and runs in the 2.4-5.8 GHz frequency spectrum. Disadvan-
tages of Wi-Fi technology include high power demand and susceptibility to interference. In addition, indoor obstacles may
affect the network speed and reliability [80].

Bluetooth. Bluetooth, based on the IEEE 802.15.1 standard, is arguably the most popular wireless technology for PANs. It op-
erates in frequency spectra of 2402-2480 MHz, or 2400-3483.5 MHz 79 channels are supported, with 1 MHz per channel,
but certain channel restrictions are enforced in some countries. The technology is smart to avoid busy channels, with fre-
quency hopping spread spectrum (FHSS) to change channels [81]. Bluetooth is very popular in mobile and wearable devices.
BLE (Bluetooth Low Energy) is a subset of Bluetooth, which is aimed for low power devices that can run on a cell battery
for a long period of time. Bluetooth 5 introduced several improvements for the BLE version, with a focus on emerging loT
device support, such as improved range, improved channel selection, and increased data rate.
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ZigBee. ZigBee, based on the IEEE 802.15.4 standard, is a reliable, low cost, low rate communication technology aimed at
devices with limited power supply (such as those running on a battery). Because the technology is open-source and free
to use by anyone, it is a very popular choice by vendors building low-powered devices. Typical data rates are between
20-250 kbps, and the area of effect is up to 70 m [78,80]. ZigBee supports multi-hop transmission to extend the range of
action, but this can sometimes lead to a “popcorn effect”, which is reflected by a delay in the action due to the message
being propagated from one device to another before it reaches the final destination. Also, the default maximum number
of hops is 5, which means that if the message does not reach the destination after 5 hops (this can be changed in the
configuration), the message will be discarded, and the intended receiver will never receive it.

Z-Wave. Z-Wave is another technology aimed at low-powered devices, designed with reliability in mind. Unlike ZigBee,
Z-Wave is a proprietary technology, for which vendors need to acquire a license and get a certification from the Z-Wave
Alliance [81]. Transfer rates are up to 100 kbps, with up to 50 m of range. Z-Wave can form mesh-networks, which means
that devices can communicate to each other, without the need of a central gateway or controller. If a device is not in
immediate vicinity, then messages can hop up to 4 times between nodes to reach the destination [82].

6LowPAN. 6LowPAN is an open-source and free to use standard for building low powered PANs over Internet Protocol v6
[77]. 1t is based on the IEEE 802.15.4 standard, which means it is similar to ZigBee. The technology supports data rates of 20-
250 kbps depending on the frequency, with a range from 10 to 100 m. Because it is based on IPv6, every device has a unique
IPv6 address and is accessible from the Internet (unlike ZigBee and Z-Wave which are only accessible within the PAN).
Thread [83] is a joint effort of over 50 companies to standardize the 6LowPAN technology as the de facto communication
protocol for smart home devices.

5. Privacy and security

The concept of smart home would have not been possible without pervasive computing and multitude of sensors scat-
tered around a house. Unfortunately, the use of these devices, which are usually connected to the Internet (directly or
indirectly) and/or use wireless communication, opens up new opportunities for attacks to the security and privacy of the
people living in the smart home.

5.1. Data privacy and security

Security, in the context of a smart home, is mostly related to the security and privacy of the data and ensuring the
privacy of the inhabitants. While physical security and safety (e.g. against natural elements or unlawful entry), are also
extremely important, they are outside the scope of this review.

According to Zheng et al. [66] security has to deal with the following issues:

1. Avoiding data breaches (making sure that unauthorized entities cannot access the data);
2. Authorization (defining entities that have access to the data);
3. Ensuring the privacy of the user.

The usual method to securing the data is using symmetric and asymmetric key cryptography. Alternative methods of
encrypting data shared between wearable sensing devices are based on the use of biometric traits, such as nerve interpulse
intervals [84], or vascular blood volume [85]. A limitation of these methods is energy efficiency and computation power,
since these measurements can be demanding for small portable devices.

Generally, a smart home is vulnerable to two types of threats: internal and external. The internal attacks are possi-
ble when the cybercriminal is located in close proximity to the house, whereas the external ones are possible through an
Internet connection. Either way, the attacker intends to compromise the smart home’s infrastructure or gain access to in-
formation stored using cloud services. There are several common threats that could be used by a cybercriminal on a smart
home and its inhabitants [86,87]:

Eavesdropping: if the the attacker obtains access to a victim’s router, they can intercept all traffic coming to and out of
the house, and therefore compromise the privacy and confidentiality of the inhabitants; if the attacker is in close
proximity to the house, they can use special hardware to intercept the messages sent from the various sensors and
devices (which are normally sent using wireless technologies), and obtain valuable information about the victim’s
habits; these are usually passive attacks, however the attacker can use the information to plan a further active or
physical attack.

Impersonation: this type of threat is when an attacker will try to act on behalf of the legitimate user, by either using the
victim’s credentials, or by performing a man in the middle attack; these types of attack are possible based on the
eavesdropping technique, when the criminal gains access to the victim’s credentials and may also modify or replay
requests on the network to perform some malicious activity.
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Software exploitation: this type of attack is mostly due to negligence of users not taking basic security measures; for
example, many users will set up a device as part of the smart home infrastructure (router, sensor, etc), but will
not take the necessary measures to change the default administration password; website insecam.com [88] is a
clear testimony of the large number of surveillance cameras left operating with default credentials, which exposes
thousands of properties around the world for anyone to stalk; another vulnerability in this category is the result of
not keeping software up to date and patched for security issues - this allows cybercriminals to take advantage of the
vulnerabilities left open on the device, and gain administrative access on the device, which can further open up new
opportunities for exploits.

Denial of service: DoS attacks occur when attackers hamper the normal operation of sensors or routers, by sending many
requests at once to the device, or send corrupted messages that the device cannot process and therefore ends up
crashing; this way, attackers can disrupt the Internet connectivity in a smart home, which will prevent the user to
gain access to their home through the Internet.

Ransomware: this is a relatively new type of attack, where the cybercriminals gain access to a victim’s device, encrypt-
ing the information stored on the drives with a secret key, and then ask for ransom to provide the secret key for
decrypting the information.

5.2. Stakeholder responsibilities

To prevent and mitigate threat issues, all stakeholders of smart home devices need to be actively involved. The European
Union Agency for Network and Information Security (ENISA) has put together a compendium describing the threats and
possible measures to enhance the current status of cybersecurity in smart home environments, in a more general IoT con-
text [89]. According to ENISA, the non-exhaustive list of stakeholders of a smart home ecosystem includes the vendors (e.g.
hardware and software manufacturers), the service and solution providers (e.g. cloud service providers), the electronic com-
munication providers (e.g. Internet service providers), and the consumers (end users, the inhabitants of a smart home). All
these parties play an important role in ensuring that a smart home environment is secure and resilient to outside attacks.

6. Challenges and future trends

Risteska-Stojkoska and Trivodaliev [3] identify a number of challenges for IoT-based smart homes and propose several
solutions. In the area of edge (fog) computing, the authors point out the need to optimize communication among the SH
devices and suggest development of lightweight algorithms for local data processing and reducing the number of trans-
missions among the devices. The big amounts of data generated by the devices then require new, big data approaches for
integration, storage and analysis. Possible solutions include distributed data processing system, NoSQL databases and busi-
ness intelligence platforms. Networking solutions for SH are should be base on flexible mesh topologies using wired of
wireless protocols also review in Section 4 of this review. With connectivity also come the issue of interoperability, cur-
rently being addressed by development of standards to ensure that different vendors build interoperable devices. The last
issue associated with operation of loT-based smart homes is related to security and privacy (cf. Section 5).

A challenge on its own is the slow diffusion of smart homes and their adoption by customers. Shin et al. [90] developed
a technology acceptance model to describe the smart home adoption rates. Their results show that the major factors con-
tributing to decision to purchase are compatibility, perceived ease of use, and perceived usefulness. They also report that
older consumers are more inclined to purchase smart homes compared to younger consumers. The study concludes that, to
increase market demand, a strategy targeting young consumers is required. Closely related to the issue of customer adoption
of smart homes is the way they are used and they keep the promises of comfort enhancement, convenience, security and
leisure along with energy management. An in-depth qualitative analysis by Hargreaves et al. [91] explores the adoption of a
range of smart home technologies. The authors identify four core themes related to smart home technologies:

1. Technical and social disruptiveness;

2. Need for adaptation and familiarization from householders;

3. Difficulty of and little support for learning to use; and

4. Lack of evidence of substantial energy savings and a risk of energy intensification.

The authors then discus wider practical, research and theoretical implications of this analysis and suggest that SH domes-
tication must go beyond new technologies, considering specific biographies of different users to capture the wider influences
on their everyday lives and practices.

Pilloni et al. [92] concentrate on the energy efficiency aspect of SH development and introduce the concept of occupant-
perceived quality of experience (QoE). The authors then propose a QoE-aware SH energy management system (EMS) relying
on the amount of annoyance caused by changes of appliance operations for the sake of energy savings. Similarly, Zhang
and Musilek [93] introduce discomfort measures to encourage long term, active user participation in demand management
programs.

Future high penetration of SH will bring vast numbers of devices to the grid and allow their participation in system-level
and local coordination tasks. The data and computational resources of these devices can be utilized to maintain a dynamic
balance of supply and demand under the transactive energy (TE) framework. In TE systems, this balancing is based on the
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flexibility of various generation and load resources. Using real-time, decentralized decision making, TE has the potential to
bring benefits for the entire grid system, while respecting the preferences and behaviors of the individual participants [94].
Marzband et al. [95] analyzed a TE framework for grid-connected multiple home systems (e.g. neighborhoods, microgrids),
based on individual and coalition operations conducted by the occupants. The authors report decrease of the market clearing
price of electricity for about 15% of the time, increase responsive load consumption by about 30%, and promotion of local
generation.

To allow real-time operation, TE systems require an efficient communication and computing infrastructure to facilitate
information exchange and sophisticated decision-making. Blockchain-based approaches [96] provide decentralized security
and privacy, but at high energy and computational costs. Dorri et al. [97] proposed a lightweight blockchain instantiation
particularly geared for the use in IoT-based smart homes. The authors showed that security and privacy gains can be ob-
tained without significant overheads in terms of traffic, processing time and energy consumption.

Sensors, appliances and other devices are the enablers of SH technologies. However, SH performance and quality of ser-
vices it provides are determined by the smart home management platforms. To allow adaptation to different SH usage sce-
narios and user demands, a flexible development platform is required. Xu et al. introduce the concept of software-defined
smart homes [98] that promises to provide this flexibility along with ease of implementation. The proposed platform is
based on the design principles of virtualization, openness, and centralization, allowing effective integration of heteroge-
neous SH devices and paving the road for interoperability and standardization. Interesting features offered by this flexible
architecture include location-based home automation, configurable lifestyle management and SH condition monitoring.

7. Conclusions

Smart homes are no longer in the domain of science-fiction. There have been tremendous amounts of research and
development, and numerous smart homes have been piloted and deployed around the world. However, purchase of a smart
home is still not a mainstream choice, due to costs, complexity, and lack of awareness among the general public. Therefore,
in addition to continuing innovation and development efforts, there is a strong need for usability studies [91] and targeted
information strategies [90] to increase the market demand.

For smart homes to become widespread, simple and effective designs are important. Lack of interoperability between
devices, high complexity of setting up a smart home network and absence of unified interfaces for device management are
issues that have to be solved. Major vendors need to reach a consensus on technology stacks, because the heterogeneity of
available devices is confusing to the consumers. Regular home owners do not want to be involved in technological details in
order to make their home more convenient, enjoyable and energy efficient [99]. Some recent developments, such as software
defined smart homes [98], may also alleviate some of the flexibility- and interoperability-related issues.

Security and privacy is also an important factor for successful dispersion of smart homes. Living in space that is filled
with sensors and cameras, having every action captured and possibly stored, opens up opportunities for cybercriminals.
Privacy and security should be the top priority factor in developing smart home technologies. Just as every house has locks
for protection from the outside threats, a smart home must have proper security measures put in place to protect against
cyberattacks and privacy compromises. This requirement comes hand in hand with development of safe and secure data
storage and computing infrastructure, likely supplemented by a blockchain-like distributed trust platform [96,97].

Last but not the least, the smart home is a joint effort of many. Computer engineers play an important role by ex-
perimenting and developing implementation platforms for tasks necessary for smart home operation (sensor technologies;
machine learning for activity discovery, recognition, and prediction; ways to deal with large amounts of data coming from
various sensors, and ways to fuse the data to extract meaningful information; and devices implementing energy efficiency
measures). But other specialists must also be involved in smart home projects to make them well integrated systems that
can respond to occupant needs and environmental events, and evolve with changing priorities of their users. Involvement
of architects, building scientists, economists, social scientists and other experts is needed to develop future smart homes
that will be accepted by the customers and penetrate the currently limited market. They will become the enabler for higher
level societal organizations, such as smart grids, smart neighborhoods, smart cities, smart governments and, eventually,
smart planet.
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