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I Abstract

To achieve the next generation of electric grid, commonly referred to as the
Smart grid, several technologies new need to be created and refined to as to
be able to handle increased renewable penetration, optimization of billions of
consumption devices and the challenges on the informationization age. The
electric grid is one of the last large infrastructure elements to undergo the
informatization process as a means to reduce waste and improve performance.
Several goals have been defined, which are designed to transition the electric grid
of today into the smart grid which include: increased penetration of renewable
energy sources, reduction in transmission losses and improvement of resilience
and reliability by transitioning into more decentralised and small distribution
networks such as microgrids and forms of demand side management to equally
focus on the consumption side as much as the production and transport ones.
This work focuses and the last of the three aspects by looking at way that
electric consumption can be optimised in an effort to reduce electrical waste,

peak demand and optimise the way electrical power is used across the network.

When considering demand side management, we must first preface it with the
fact that this is a type of control mechanism used in situations where the elec-
trical production has problems matching the consumption. While this may not
be the case in may situation around the world, increased renewable penetration
is the leading cause which drives the need from demand side management. Elec-
trical energy coming from solar panels, wind turbines alongside other sources
such as reverse hydro power, burnable methane, thermal and such, unfortu-
nately are not as stable in the production as a nuclear power plant would be.
This created fluctuates in time making production unstable due to a lack of
inertia that keeps driving the system forward even in time of lower production.
As a way to compensate for this we also look into way to create a simple and

easy demand side management system which could be implementable both as
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a way to retrofit old buildings and be used in the next generation smart build-
ings. To achieve this we break the problem into two sections: 1) Real-time

classification of electric loads, 2) Occupancy monitoring in indoor spaces.

(1) To be able to reduce electrical consumption, or perform any other type
of optimization, we first need a way to accurately be able to identify and
classify each and every type of electrical appliance connected to a consent or
the local low voltage electrical line. One identified, the devices also have to
be controllable in some way of fashion. A novel smartplug based approach
is used, where we modify conventional smart plug designs with a small elec-
trical element, a TRIAC, and perform extensive testing to show that in 0.6
seconds it is possible to correctly classify any type of home electrical appli-
ance 99.9% of the time. This allows us to know what type of devices are
connected and how they may be controlled.

(2) Secondly, after we know which devices are connected and active in the
home, the most important factor towards effective control is occupancy in-
formation. Unoccupied rooms can simply turn off all non-essential devices,
while occupied ones can still perform controlled reduction of power con-
sumption. We achieve occupancy detection by exploiting the ever increasing
number of WiFi devices by looking at the power consumption of a WiFi
router. We show that it is possible to correlate the power consumption of
a WiFi router with the number of people in a room, by extracting multiple
feature using a novel short aggregate filtering method. We conduct several
months of measurements at different locations and demonstrate that it is
possible to correctly predict the number of people in a room 93% of the

time.

By combining the fast classification of electrical appliances with the WiFi in-
spired approach for occupancy detection we are able to create system which can
retrofit old buildings and improve new smart home designs to reduce electrical

waste and provide peak demand relief without affecting the user.
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Chapter 1 Introduction

1.1 Background

The electric grid [I-3] is a complex system which controls the flow of electric power from
the point of generation to the point of consumption in such a way to insure that certain
parameters such as voltage and frequency are kept constant all the while insuring that the
electrical production, as closely as possible, matches the electrical consumption. There
are many aspects by which the electric grid can be defined, but when trying to distinguish

the current one with the one we want to achieve there are several defining points.

1.1.1 Classical Electric Network

The current pre-transition network Fig. [ is first and foremost defined by its central
control approach. The best example of this would be any system where the service of
providing electrical energy has not been privatised. Especially for smaller countries, this
means that there is only 1 electrical company which does all the management, maintenance
and long term planning. Usually, reagins will be centralised into one regional control center
which will try to ensure that both the industrial sector as well as the residential users are
satisfied and that he level or power quality is met from both the high voltage transmission

lines as well as the low voltage neighbourhood lines.

Short term electrical production is usually planned 1 day in advance with any unex-
pected demand usually being phoned in and changes being done on the fly. Long term
planning is done by assessing the costs and benefits of large scale investment over 5 to
10 years. Due to the lack of information, historical models are strongly used which are
satisfactory in most situations, but usually create a much larger than desired production
overhead. This is tolerated since unexpected events like sport tournaments, natural dis-
asters or other such unprecedented event can results in much higher power consumption
and a potential blackout. This is much less desirable since lack of service means lowered

profits, increased maintenance costs and well as unsatisfied customers.

There will also be only a single market for buy and selling electrical energy, usually reg-
ulated by the government and influenced by the cost of materials and labour. Consumers
have very little choice or influence over the price and are therefore highly dependent on
the whether or not the government has made enough investments into the electric grid to
keep costs low enough. Large consumers do have some negotiating power for wholesale

of electrical energy and can be asked to reduce their power consumption at times to help
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balance the load, but usually cannot freely choose to participate in selling their electricity

without explicitly coordinating with the electric company.

Lastly production and consumption completely separated. A user will in almost all
situations fully buy all the electricity they need from the electric company and will almost
never participate in the electric grid. In some situations, depending on the laws [4, G|
and regulations, self production from generators and solar panels can be restricted to
insure that the stability of the local low voltage network is not threatened or to prevent
potential islanding. This is a situation where due to the electrical generation of an unknown
unregistered user, the electricity starts unexpectedly flowing back into the network and
can cause potential risks to the crews in the field trying to do repairs who were expecting

a deadline.

1.1.2 Smart Grid

Smart grids [6-8] Fig. @2 on the other hand, use information technology to overcome

their limitations. Control is no longer centralised but distributed. This is usually achieved

-3 -



Chapter 1 Introduction

in the form of much smaller microgrids, which can cover anything from a single house or
building all the way to residential block or very small town with up to 100 people. These
network try to be as self sufficient as possible, with even the possibility to go of the grid if
needed. Electrical distribution is controlled locally as if there is a independent grid within
the much larger national electric grid. This has many benefits since it makes the grid
more resilient to larger fluctuations, easier to repair in case of a malfunction and gives the

option for users to be more self sufficient.

Production is also more diversified. This is the driving force of the smart grid which
we touch upon more in the following section; but the ability to integrate multiple types of
different sources which produce electrical energy creates benefits as well as challenges. The
price of electricity becomes less influenced by global price changes, but predominantly it
also allows small investors to play a role in the electric grid, since construction companies

and families can install their own solar panels.

Single markets turn into transactive market. One of the main characteristics of trans-
active markets is real-time pricing. Due to the smart metering and other information
technologies it becomes possible to gather consumption information more frequently. This
in turn enables the electrical companies to create prices which can be calculated much
faster and for shorter periods. By doing so, electricity can be sold with a dynamically
changing real-time price somewhat similar to how commodity prices get optimised on the
stock market. The goal is the try to use pricing as a lever to influence user behaviour and

motivate people to use electricity when the price is lower.

Lastly, with the aforementioned ability of users to buy an install solar panels by them-
selves, this can also maker users into producers and sellers of electricity during times of
low use. With slow and increasing penetration of not only solar panels, but battery stor-
age as well, new avenues are opening for users to use heat pumps, battery storage and
car batteries to gather store and sell electricity to their neighbours, no longer being fully

dependent on the electric companies.

1.2 Motivation

In this section we would like to discuss the driving force behind the conversion of the
electric grid into the smart grid, namely the increased penetration of renewable sources of
electric production. Afterwards, we introduce some of the research fields within the scope

of smart grids and define how the scope of our research.
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1.2.1 Increased Renewable Penetration

With the creation of the atomic bomb towards the start of the 1940s, the general
impression of many scientists, science fiction writes and the general public in the west
during the 1950s and early 1960 was that society was progressing towards a new power
revolution, similar to the one that the steam engine created. Unfortunately, fusion and it’s
promise of infinite energy was never achieve due to the technical challenges and financial
cost. Instead, fossil fuels usage was increased to support the growing demand and the

silicon chip created the information revolution.

These two outcomes perfectly set the stage for the next step of evolution for the electric
grid. Due the high CO2 emissions and increasing speed of global warming, 0 emission
power production with quick turnover became the go to technology with high political
and economic support. In turn, ever increasing numbers of solar panel and wind turbines
are being installed all across the world, with EU countries setting clear goals such as 20%

energy production from renewable energy sources by 2020 [5]. With no slowing down
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in sight, all countries are predicted to increase their renewable penetration rate over the
coming decades. For example, 27% of Germany’s electricity comes from renewables with

the goal of at least 80% by 2050 [9].

While 27% percent may not seem as significant on a national level, this can easily
account for 40-80% at a local level. With this in mind it becomes much more apparent
how renewable sources, despite their favour, create stress and drastically increase the
complexity of the electrical grid. One of the most famous examples being the california
duck curve as shown in Fig. [@I3. Solar power can only be gathered during the day
with usually peak production being from 11 in the morning until 3 in the evening. What
this created is a trough during noon time and makes the ramping up toward the evening
even more steep than usual. Since it takes time for any generator to start up and start
operating at it’s optimal rotation, trying to overcome the predicted 10 MW increase in 2

hours becomes increasingly hard.

While wind power can be extracted even during the night it is still highly variable with
geography and weather. Lack of wind, similar to cloudy weather can easily remove up to
several kW or electrical production without warning, potentially creating problems in the

electric grid.

The suggested solution from this problem is also the logical continuation which we men-
tioned at the start which is information technology. This is one aspect which has been
used by almost every other industry and is now being adopted by the electric companies as

well. While we cannot do much about the stochastic nature or renewable energy sources
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being introduced into the electric grid, there is a lot of ways we can use sensors, commu-
nication and information processing to optimise and control all the processes involved in
the electric grid. By doing so we hope to only improve the current systems in developed

countries but also, slow down the predicted demand of developing countries as well Fig.
.

1.2.2 Research Scope

As shown in Fig. [3, the smart grid research field is very large. The IEEE PES
(Institute of Electrical and Electronics Engineers, Power Energy Society) is also one of the
larger groups and the fastest growing one. Much work has been done in recent years in
areas such as production, transmission, storage and consumption. As to be able to better
explain the initial scope of our research we will very briefly explain the areas of research,

our focus and the motivation behind our research.

Over the last 10 years, much research had been done on improving renewable energy
sources and production [I0-I3], especially solar. Production capacity has annually dou-

bled, while costs have been going down by 50%. This in turn has made solar panels
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a viable alternative and in some cases has even replaced plans for building natural gas
burning stations, in favour of solar panel instalments. Also, new progress is being made
in Germany and China in regards fusion reactors with new records for a stable magnetic

containment field holding for several minutes.

Transmission networks [I4,T5] are also seeing improvement with multiple testbeds being
created and several successful demonstrations of houses being able to automatically go off
the grid without risk of islanding. Microgrids have been tested in small rural communities
in Australia, USA and even actively cover one small island in Hawaii. While the number
of people living in these communities is small, all these experiments have transitioned into

part of the infrastructure.

Storage technology has has made great strides over the last 10 years. Initially considered
an aspect which would never change due to a lack of progress, with the onset of electric cars,
research in batteries has seen much improvement. Several large scale projects have been
done in the United Kingdom and Australia where SMW batteries are used for frequency
control and peak demand cutting. While the cost benefit is still uncertain at the time
of writing, batteries are predicted to find applications over the next 5 years as the price

drops.

Lastly, consumption control [I6-19] is being research to try to compensate for reduced
and unsteady production. This includes many different and complementary approaches,

such as transactive markets with real-time pricing [20-23], fast demand response for peak
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load reduction and frequency control, as well as energy reduction in the form of more

energy efficient devices.

Our work focuses on the last section. We explore techniques which can improve demand
side management and easily fit into fast demand response and transactive markets. Our
assertion is that, due to the growing penetration of renewable energy sources, requirements
for demand response will keep increasing. To this end our research tries to contribute to

scientific advancement of the field.

1.2.3 Transitional technology

As it is to be expected, there numerous private sector companies who are also devel-
oping products to meet the needs of demand side management Fig. @I®B. This includes
different products such as smart lights, smart thermostats and many other such devices
where can be both remotely controlled as well as programed to follow time schedule or
even price changes given the proper input. Given the fact that this is a growing market,
there are many small companies and startups which have created such products along-
side already well known brands. The result is an almost uncountable number of devices
which are incredibly difficult if not even outright impossible to interconnects. A common
occurrence when any new technology comes to the market. Compounding this problems
is the fact that every company is currently seeking to create its own monopoly. This can
be seen in very high levels of vertical integration between a company’s product line, while

interoperability is rarely discussed [24].

There are several non-profit organizations [25-27] as well as academic institutions were
are trying to push for open standards. The best example is the openADR ALLIANCE
which has gathered a large number of power companies and some manufacturers to agree
to use the same set of protocols when trying to connect to a device from the outside
with a goal of controlling it. Also, there are national movements 28,9, 29-31] such as
ECHONET in Japan to get all manufacturers to use the same standards for demand
response management. Unfortunately, the growth at the moment is far outpacing any
consensus on what the best approach is for current and future technology, creating a

vacuum for the foreseeable future.

Lastly, there is a substantial cost of switching consumer electronics. Most people will
not be inclined to buy a new oven of refrigerator unless there is a clear need to do so.

This means that whatever change is going to occur over the next 10 to 30 years will be a
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graduate one where a lot of “dumb” devices will make up a large percentage of all user

electronics in the near future.

To overcome this, with this research we focus on creating a transitional technology will

be bridge the gap between a word of devices which have not been designed with control

in mind and a future where most devices are predicted to have functionality which allows

for smart remote control and management.
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1.3 Thesis Organization

This thesis contains five chapters. It is organised as follows:
Chapter M: Introduction

This chapter describes the background and motivations of this thesis to study demand

side management in smart grids.
Chapter 2: Smart Plugs for Residential Power Management

This chapter defines the problem and scope of our research, explaining why we consider
a smartplug based approach the best option to achieve demand side management. We also

introduce why load classification and occupancy monitoring are required in such systems.
Chapter B: Fast Active Sensing Electric Load Classification

This chapter presents how we achieved active sensing plug in load classification by using
a TRIAC element. We show the distinguishability of items as well as how we were able to

achieve real-time classification.
Chapter @: Occupancy Detection by WiFi Power Consumption

This chapter presents our occupancy monitoring approach by means of a WiFi routers
power consumption. We present our hypothesis, introduce a new filtering method for

feature extraction and finally prove our hypothesis by experiment.
Chapter B: Conclusion

This chapter summarises the contributions of this thesis as well as the suggestions for

future improvements.

— 11 —
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Fig. 2.1 Smart house management.

In this chapter we present research scope of this thesis while discussing the different
aspects of residential power management. We define the benefits and need for electric
load classification and well as occupancy detection as a means of presenting our case for
a smart plug based approach for controlling a smart home. Finally we summarise our

discussion.

Residential power management in this thesis is defined as the control and management
of electrical consumption in all types of buildings commonly found within the residential
or commercial sector, but primarily focus on accommodating people in daily activities.
Examples would be, family homes, apartments, office spaces, waiting areas in public spaces
and other similar spaces. As shown in Fig. B this can include multiple areas of research.
Such as: 1) PV inverters, 2) EV control, 3) Battery management, 4) Energy markets, 5)

Load classification, 6) Occupancy detection

e PV inverters are electrical circuits which insure that DC electricity from the solar
panels if properly converted into AC electricity used in the house and properly
released into the low voltage network to which the installation is connected to. The
focus is to insure that no voltage imbalance occurs on the feeder line and that

synchronisation time is as short as possible to no damage connected loads

e EV control focuses on ensuring that at on one time too many electrical vehicles are
connected to the same low voltage networks feeder line. Since charging of electric

vehicles requires a substation amount of electricity, it is easy to crash a local low
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voltage network just by plugging in too many EVs. To avoid that, different sensing

and scheduling protocols are researched.

e Battery research within a residential environment focuses on how to efficiently and
effectively charge and discharge a battery storage system to fit within the residences

needs. This usually fits in with the following point.

e Energy markets, such as transactive markets and virtual aggregation include re-
search which deals with agent systems trying to find an optimal solution to some-
times NP problems. The idea being to optimise regional supply and demand by

taking into consideration many local production and consumption nodes

e Load classification tries to correctly identify electrical loads within a house by look-
ing at the electrical power consumption and matching a signal to a device. This is
usually achieved by different method of signal separation from an aggregate smart
plug

e Occupancy detection uses different techniques to estimate the number of people
occupying a space as a means of managing the power consumption. This can include,

turning off devices or managing the power level.

The scope of this paper will focus on the final two categories. We chose these two fields
due to our desire to focus on reducing power waste and providing a non-disruptive way
of managing electrical power consumption. Most demand response systems unfortunately
share a common problem, which is that they tend to be either highly disruptive to the
end user, simply shutting off devices when the demand is too high, or are very limited in
their applicability due the limited usefulness. With this in mind, we wanted to expand
as much as possible the number of devices which could be controlled at any given time

without creating any overhead to the end user.

2.1 Requirements for Demand Response

Demand response functionalities are still in early stages of development, but due to their
huge potential, they are considered an important aspect of the smart grid. To this end
in this section we will discuss some of the current requirements for imposed by different

countries regarding demand response.

In 2008 under president Obama Executive Order No. 719 - Federal Energy Regulatory

Commission was signed into law. This set of law imposed rules for and even greater
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liberalization of the electric grid as well as provided certain guidelines. To increase the
demand response potential the following problems were stressed as being of importance:
lack of real time information sharing, lack of advanced metering infrastructure, high cost of
some enabling technologies, lack of interoperability and open standards, lack of customer

awareness and education and others.

A similar law was instituted by the European Commission under the Energy Efficiency
Directive (EED) - 2012/27/EU. While the implementation was left to each individual
country and there are significant differences in the level of progress, similar guidelines
to that of the USA were set for those countries which more developed demand response
system. This included: granular availability requirement and short call duration to insure
closer to real-time pricing and full aggregation of consumer load and no minimum load
requirement to increase the demand response potential. As stated in the guidelines the

following action should be taken.

2.1.1 Real Time Information Sharing

When responding to an emergency event on the system, ISOs are not always aware of
how much of a particular demand response resource is available, or even when it has been
called by the utilities. This lack of real time communication among ISOs, utilities, and
aggregators limits the value of demand response to ISOs for operational planning purposes
and potentially leaves valuable demand response resources sitting idle at a time when they
are needed most. According to the FERC 2007 Demand Response Assessment, this was
found to be an issue during heat waves in the summer of summer 2006 in both California

and the Midwest ISO.

2.1.2 Lack of Cost-Effective Enabling Technologies

There is a diverse menu of technologies that can improve customers’ ability to pro-
vide demand response, but these technologies are not yet all cost-effective. Examples
of enabling technologies include smart thermostats that respond to high prices with an
automated adjustment to their setting, whole house gateway systems that allow multi-
ple devices to be similarly made price sensitive, advanced energy management systems in
commercial buildings and process control systems in industrial facilities that can reduce
load when needed. Customer awareness of these technologies is low and given the low

level of market penetration, the cost of the technologies is high, creating a unfavorable
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situation. It has also been argued that the marketing infrastructure (the value chain from
the equipment manufacturer to the retailer and the installing contractor) is in its infancy.
A "market transformation” initiative akin to that pursued in the energy efficiency business
may be needed to allow rapid penetration of smart (price sensitive) control technologies

in customer premises that would allow them to see the full benefits of demand response.

2.1.3 Interoperability and Open Standards

Interoperability and open standards refer to the manner in which various technologies,
such as meters and in-home enabling technologies, communicate. If advanced meters
contain communication chips based on open communication standards, such as ZigBee,
it might be possible for consumers to purchase in-home control and information devices
that would automatically communicate with their meter and that, in turn, would help
automate or otherwise increase demand response. Open standards might also reduce costs
by encouraging competition among technology providers to obtain large scale meter and
other technology contracts. A number of jurisdictions and/or utilities are building open
communications standards into the functional specifications for AMI systems that they
will consider. On the other hand, some have questioned whether the meter should serve
as the gateway to Home Area Networks (HAN) and other devices, because this might
allow utilities to control the technology and access to meter data by third parties could

be limited.

All of these techniques move the market towards a real time pricing. As shown in Tab.
B0 this is a market driven approach which aims to influence user behaviour by penalizing
and incentivising them to use certain types of appliances in certain times by changing the
rate at which electricity is charged during different times of the day. An example of this
would be charging higher rates for electrical heating due to its inefficiency, charging lower
rates for air conditioning units during off hours to regulate temperature or penalizing user
electronics during peak evening hours. To reach this type of real time pricing precise

classification of electrical loads is needed.

2.2 Electric Load Classification

Electric load classification is the base starting point for demand side management and

has multiple benefits to both users and other stakeholders. It has been shown that showing
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== 0.9x 1.1x | 0.9x
1.2x | 1.0x

1.0x  1.1x

Table 2.1 Real time pricing situation where different rates are applied to appliances during

different times of the day

that if users know how much electrical power each device is using instead of just showing
the aggregated power consumption, use behaviour changes. It allows for an educated

decision which devices use the most electricity or if there is any damage on device.

Electric companies and more specifically virtual aggregators can use this information to
regulate frequency and reduce peak loads. A virtual agregator goes about this by looking
at multiple smaller users and aggregating their power consumption. This in turn, allows
them to shift much larger amounts of power consumption in time then any small user
could do by themselves. The more devices that can be classified, the more devices that

can be controlled, the greater shifts in time and peak consumption can be made.

Also, distribution of electrical consumption based on devices and type of device is of
great interest to policy makers as well. From Fig. B2 we can see that about 30% of all the
residential power consumption in the USA is unknown, with this being almost double in
commercial sector. Better understanding of power consumption allows for more targeted

policy and regulations and can sometimes result in interesting findings. For example,
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Energy consumption decreases for most major end uses in the
residential and commercial sectors—
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Fig. 2.2 Distribution of energy consumption by known device type

policy makers pushed much harder for power saving in gaming computers once it was

discovered that high end configurations can easily push up to and over 300 W.

The ever increasing number of small devices is complicating classification which usually
has greater problems classifying small load. These are also the types of devices which most
prominently have batteries and would fit in very nicely with peak load reduction since they
can be easily shifted in time. Secondly, a large number of high power consumption heaters
such as irons, hot plates, small heaters is quite often not plugged into the socket until the
moment it is used. After which they are usually disconnected or not used. These types
of devices and any potential new ones which are not plugged in for long periods of time

require a fast classification in order to be quickly identified and controlled.

2.3 Occupancy Detection

Occupancy detection is an important aspect of residential power management since it
allow us to much better control devices then we usually could. In [82] authors look at two
types of buildings. One was a gold standard certified green buildings, designed and built
for energy efficiency. The other was an old campus building with no special design. Both

did have a HEMS to regulate air conditioning and lighting. After one year of monitoring,
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Fig. 2.4 Consumption of electrical energy for heating over several weeks without significant

change

they were able to show that the power consumption did not change with the time of day.

As shown in Fig. P33 and Fig. P4 there is almost no change from day to day in both the

electrical energy and the heating.

The authors further continue to discuss that the biggest problem was the HEMS it self.

There were no implemented policies to regulate power consumption. Most of the time,

the power setting was set by someone depending on the need at that moment after which
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Fig. 2.6 Below 0.5 correlation between electrical heating energy and temperature, humidity

it remained the same until someone changed it.

They further demonstrate as

shown in Fig. P33 and Fig.

P8 that there is no cor-

relation between the outside temperature or outside humidity and the electrical energy

consumption or heating energy consumption, for the whole year.
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2.4 Smart Plugs Towards Controlling a Smart Home

There are three main approach when trying to control power consumption of electrical
devices in an environment: 1) Aggregate smart meter + actuator, 2) HEMS based on

direct device access, 3) Smartplug based

e Aggregate smart meters are becoming a cornerstone for most electric grids. Despite
high costs if interaction they do provide the electrical companies a much better and
simpler way to collect data on their customers. This reduces the labor costs of
an inspections and makes billing a much simpler process for the electric company.
While they can oftentimes be very precise depending on the electronics installed,
they are primarily designed for monitoring not control. An aggregate smart plug
will monitor the aggregate power consumption of a environment, and by applying
different types of learning algorithms or signal processing algorithms, it is possible
to distinguish which devices are being used at which times. But, it is impossible to
control them without using a completely separate system of actuators which would

be able to interact with each device and turn it on or off.

e HEMS based on direct device control is a an example of ecosystem technologies.
With the Internet of Things trend on the rise, more and more devices are able to
connect to the Internet, cloud, or some other type of service. This means that it
is possible to directly connect to a device and either turn in on/off, or regulate it
power consumption. Most devices can also easily be fitted with a power monitor-
ing chip which could report the power consumption and even regulate the devices
usage based on it. Unfortunately, the problem quickly appears when we look at
connectivity. Even if we ignore the fact that most devices at the moment cannot
connect the internet and that even if all the new ones could it would still take many
years to replace all of them, they are not connectable. Most makers of appliances
are producing only appliances which are able to connect within their own ecosys-
tem. There are no norms or regulations forcing everyone to use the same protocols
and since everyone is racing towards a monopoly, in many case interconnectivity
is intentionally obfuscated. Even approaches for trying to connect multiple devices
have shown a high cost when trying to connect different devices in the form of APIs,

different programing environments and time required to insure interoperability.

e Smartplugs are relative newcomer on the market. As shown in Fig PTa, they are

small devices which can be plugged into a wall socket, after which any device can
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Fig. 2.7 Example of commercial smart plug

be plugged into them. They act very similar to the much larger and more powerful
aggregate smart meters, but instead of measuring the entire power consumption of
their environment they only measure the power consumption of whatever is plugged
into them. This information is can be transmitted by wireless communication to a
central aggregation point of distributed in a decentralised manner. Their biggest
benefit is that they are able to easily control devices by simple turning themselves
on or off. If slightly retrofitted they can also reduce power consumption of resistant
loads such as heaters without turning the device off. In this regard, they are the
only system which is able to not only monitor power consumption but also control
plug in loads. While they might not be able to change the power state of certain
appliances, they are nevertheless able to affect a much larger group of devices than

any other approach

Given these, we consider a smart plug approach the most viable towards controlling

residential power consumption due the limitation in controllability of interconnectivity
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Type of device (ILMS) (NILMS)
Smart plug Smart meter
Plug in Heaters Yes (I/0)
electrical
loads Small devices No
Extension cord Future work
devices
Built in Building level air No No
electrical conditioning
loads
Neon lighting No No
Lighting fixtures No

Table 2.2 Comparison between a smart meter and smart meter scope of applicability

compared to other approaches. While a smart plug approach is not all encompassing Tab.
P2 it effectiveness is comparable to other approaches while being implementable at the

present time. Making it the best option for a transitional technology.

2.4.1 Control Algorithm

A control algorithm for a smart home can take multiple variables into account depending
on the goal of optimization. This can include optimizing for cost, user comfort or absolute
consumption. While an analysis of this would be outside of the scope of this research a
simple algorithm to reduce power consumption would be as follow a state machine from

Fig. =:

e Smart plugs are connected to electrical loads and create a network to communicate

with each other or with a central control point

e Connected loads are identified and assigned values or a class. They are judged based

on the following categories

Can the device be shut down? (Is this a type of load which can be turned off
or shifted in time. For example a monitor can be turned off if not used, a laptop

could be shift in time for a short period, but a desktop PC cannot)
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Fig. 2.8 State machine representing an example smart home control algorithm. Depending
on the occupancy (occ) and external input (in) to reduce power consumption, the device

is turned off, on or put in a lower power state

Is it a battery load / resistant load / other? (Battery loads can be shifted in
time much more easily or even unplugged when full, while resistant loads can have

their input voltage manipulated)

e Depending on the power consumption, the number of people in the space is deter-

mined.

e Depending on presence and aggregator signal information, smartplugs turn off or

lower load power consumption

2.5 Summary

Any demand side management system which is want to optimise power consumption in
such a way to reduce waste and be able to lower peak power consumption needs to be able
to control electrical load, quickly classify and monitor occupancy. With this in mind we

consider that:

e Smart plugs are the best approach to controlling legacy devices over the next 30

years
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e Real time classification benefits real time pricing and tariff models as well as informs

users
e Occupancy monitoring can significantly reduce electrical power waste

Our solution is an Active sensing and WiFi occupancy detection based smart plug power

control system, the details of which are discussed in the following chapters.
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3.1 Background

The electric grid of the future is one which is moving more towards diversification of
both production and location, affecting both how load balancing and how transmission is
controlled. Increased renewable penetration is making load balancing more difficult due to
inconsistent production as well as creating ramping up problems in evening hours. On the
other hand, reliability and security concerns are pushing away from a centralised control
system making regulators and companies concerned for cyber security and profit. To face
the multiple challenges in the coming years, multiple technologies and approaches will be
required in an effort to transition the network to a more efficient and sustainable smart

grid.

One of the large aspect of this problem is load balancing. Simply explained, load bal-
ancing is a process of matching the total electric power consumption within a network with
sufficient production. While electric power companies have been doing this successfully
for decades, high wind and solar penetration create bigger oscillations in the production
due to wind inconsistency and more stepper ramping up due to lack of sunshine in the
evening hours respectively. While more electric production could solve this problem, it is
unprofitable or even impossible to construct additional power plants which would operate
for only short periods of time to cope with this problems. To supplement renewable pen-
etration and in some cases reduce the power consumption, fast demand response (FDR)

and storage techniques are proposed.

We propose a real-time electric load classification system for FDR to increase electric
grid flexibility and improve the knowledge regarding electric consumption within house-
holds and offices. We achieve this by using a mix of unique smartplug design and machine
learning. There are several reasons why we chose to focus on intrusive load monitoring
(ILM) over other approaches. First off, we consider that battery storage and FDR are
not mutually exclusive and solve different problems. Battery storage definitely has ap-
plications in frequency management and peak load cutting, but there are still questions
regarding its cost effectiveness, as well as the fact that it is highly dependent on surplus
production which deviates based on seasons and geographic location. On the other hand,
FDR can reduce power consumption at any time, as long as it does not affect the comfort
level of the user. We use smart plugs plugged into individual devices instead of smart
meters which monitor the aggregate power consumption, due to their ability to control

devices. A smart plug is able to easily turn on or off as well as partially reduce power
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consumption in a heater without turning off the device for short periods of time. Lastly we
focus on real-time to allow for FDR to be applied to devices which are not always plugged
in such as the ever increasing number of battery power electronics and traditional plug
in heaters (hot-plates, iron, ovens). The added benefit of real-time classification is the
ability to identify energy consumption in homes with greater detail. As shown in previous
research, while there is good information on the amount of power used for heating, cool-
ing and lighting in residential and commercial sector, the amount of miscellaneous power
consumption makes up a large amount of the overall consumption as well as the fact that
it is rising. Being able to know how much of this falls to battery devices and what type
of devices, would open up new options for better power management and better targeted

policy respectively.

Our approach is based on a unique smart plug design which used a bidirectional triode
thyristor (TRIAC) to mask the input signal for short period of time. By doing so we are
able to extract a much richer resolution from a static power signal which in turn allows
us to more accurately classify the attached item to the smart plug in a much shorter time

compared to other approaches.

3.2 Related Works

As we have discussed in the Chapter 1 and demonstrate in Tab. B, electric load
classification can be achieved by three methods. Prelabeled classification is the most
simple approach since the appliance comes pre labeled. For Non-Intrusive Load Monitoring
(NILM) and Intrusive Load Monitoring (ILM), represented by smart meters and smart
plugs there is already an extensive body of research and a slowly growing number of papers

respectively.

A large number of approaches to classify and control electrical loads have been proposed
over the years. They usually fall into two categories: nonintrusive load monitoring (NILM)
[83] and intrusive load monitoring (ILM) [34]. NILM is based around smart meters that
analyze the aggregate electric consumption by monitoring the power line leading out of

the apartment or house. ILM focus on smart plugs which are connected to a single device.

NILM based classification has been quite extensive over the years with impressive re-
sults Fig. Bdl. From a machine learning perspective are multiple ways to deaggregate and

classify aggregate power consumption [85]. SVM [B6-3R|, Bayes [39-41], HMM [#2-44],
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HEMS (Home Electric Management System)

Type Pre-labeled Smart meter (NILM) ' Smart plug (ILM)
Approach & Knows devices Aggregate Single load
Scope only

Accuracy Up to 10-100mW | Up to 1-10mW Up to 10-100mW
Price ~200-2000 USD | ~220 USD ~20 USD
Controllability = Yes No Toam : | Yes

e |

Table 3.1 Approaches to electric load classification

Power (KW)
t = Stove Burner,

Type Il: Multi-State

_» Non-Traditional Features an Hester W i Type-i: Continuously
- L S Type-k: Single-State Varying
+ Steady State Features s NN . 3 (oN/oF)
AN : . N | e <
. \ ER o \
~ Unsupervised Learning o T T T e e "
Time (Min) Time
Learning Algorithm Accuracy % Training Online/Offline Scalability Appliance Types
SVM 75-98 Supervised Online Yes 1 &I & IIT
Bayes 80-99 Supervised Both No I1&1I
HMM 75-95 Both Offline No I&1I
Neural Networks 80-97 Supervised Online Yes I& I &IIT
KNN 70-90 Supervised Both Yes I&1I
Optimization 60-97 Supervised Offline No I1&1I

Fig. 3.1 NILM classification approach and accuracy

Neural Networks [45,46], KNN [d7-49], and research into optimization [60-52]. Unfor-
tunately, this approach lacks the ability to control devices limiting it applicability as a

transient technology.

On the other hand, the decreasing costs of electronics and the proliferation of wireless
communication specifically aimed at smart grids are making smart plugs an ever more
viable option for controlling home appliances. They are especially beneficial for controlling
legacy devices, which is important since electrical appliances usually experience a slow

turnover rate. Because of this, different smart plug based approaches have been proposed
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Type of Time required Accuracy Cost Approach
classification
Mass feature 1 day 95.5% low Innovative
extraction signal
processing
Bayesian clustering | 30 minutes 74.2% low (pre filter,
feature
extraction)
Random Forest + ~ several seconds | 99% very high Hardware
graphics card (graphic card) =~ assisted signal
modification
Random Forest + ~ real-time 98.93% low sig+nal
TRIAC processing

Table 3.2 ILM approaches to electric load classification

in the recent years [63-56]. In [54] a machine learning approach is used to achieve very
high classification accuracy rate of 95.5% with a Random Committee classifier and 1 days’
worth of power measurements. [b5] proposes an approach which uses shorter signatures
of the electrical properties and is able to achieve 74.2% accuracy after 30 minutes. To
overcome the low signal resolution, in [66] researchers have built a custom smart plug
with a modified sound card which samples at a 96 kHz rate and is able to correctly
classify with slightly higher overhead. While perfect for classification of static devices,

these approaches are not so well suited for loads which are only plugged in during usage.

3.3 TRIAC based Classification

To be able to classify and control electrical loads we have created our own simple test
bed which is able to measure the incoming electric power and modify the signal. The

system is as follows [57].

As shown in Fig. B™ the input electric power is connected to a digital dimmer board.
From the dimmer board two wires go out and into a power socket to which an electrical
load is connected for testing. In addition, a clamp is placed on one of the wires to measure
the current and two more lines are connected to each of the wires to measure the voltage.
The controller is connected to the dimmer board, and is able to send the measurements

to the PC.

The experiment was conducted in Japan, Tokyo, making the AC power line frequency
50 hertz and the waveform 100 volts. The dimmer board is used to mask the input

signal which enables active sensing. We explain how this is done in detail in the next
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Fig. 3.2 Smart plug design

section. The controller is directly connected to the dimmer board, the electronics which
make up the power meter and the PC. It sets all the dimmer boards parameters before
each measurement and periodically samples the voltage and current from the connection
between the board and load. Effective voltage, current and wattage it calculated from
those measurements. After each session the controller can send the final values to the PC

or wait until all the sessions are finished.

Fig B33 shows the electric schematic which was used for the electronics making up
the power meter. For the controller we used an Arduino Mega2560 board. The signal
was sampled every 0.2 milliseconds. An off-the-shelf wattmeter was used to check the
accuracy of our power measurements. No significant difference was observed between
our system and the wattmeter. The Arduino board was connected to a PC by serial
connection for simplicity. Two dimmer boards were used during the whole process. A
KRIDA Electronics [68] dimmer as shown in Fig. B2 with zero-crossing detection which
only supported up to 5 amperes and a Research Design Lab digital dimmer board [59] as
shown in Fig. B3 which supported up to 15 amperes. An oscilloscope was used to confirm
that the signal masking was being correctly applied. We observed a clear output signal
from the dimmer board correctly applied at each zero crossing for both boards. We do
note that the TRIAC behavior is somewhat erratic for very low values, making us ignore
the first threshold. Also depending on the setup and due to the fact that the dimmer
boards have a limited number of thresholds, some of the measurements values are slightly

different then it is to be expected and not as smooth as they should be. Nevertheless

they are consistent over multiple measurements, meaning that hardware does not cause
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Fig. 3.3 Electrical schematic of smart plug

additional noise between measurements.

3.3.1 Fast Active Sensing

The idea behind active sensing is to slightly alter the incoming signal before measuring
the output in an effort to generate more distinguishability in a real-time data stream. To
achieve this we use a TRIAC to mask the incoming signal quickly, easily and without
increasing the overall cost of the smart plug while allowing the option to control certain
loads without turning them off to achieve greater savings during peak demand. In Fig.
B8 we can see that TRIAC is combination of two diodes which allow for electric flow in
different direction. Since the incoming signal has two fazes each diode is able to block
electricity in one direction depending through which one the electricity is directed through.
Since the diodes can only work in an ON of OFF mode they produce a cut signal like the
one in Fig. BMW. While a Variac would be able to produce a peak to peak reduction which
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Fig. 3.4 KRIDA electronics dimmer

is usually considered a safer option, the costs and size would make the implementation

near impossible.

Two parameters are controlled: the ”Voltage cut” by performing signal masking and
the ”cycles” by performing period masking. Both of these are illustrated in Figure B=.
In the first situation a TRIAC is set to active mode for 25% of the time and masks the
voltage to 0 of each signal. In the second situation the TRIAC is set to 50% but only for
5 cycles. One cycle is represented by the time it takes for two rising zero-crossing events
to occur. These means 1 cycle is equivalent to 20 milliseconds. By controlling these 2
parameters we can quickly modify the signal from very short periods of time and in turn
create a large number of possible measurement for each device by actively sensing the

changes in the power consumption during those times.

Figure B shows an actual masked signal. One square is equivalent to 5 milliseconds.
The left graph shows a 10 percent cut for 2 cycles and the right graph shows a 45 percent

cut for 1 cycle.

The benefit of this method as shown in in Fig BT is that we are able to significantly

increase data resolution in a very short period of time even on a very stable signal.
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Fig. 3.5 Research Design Lab digital dimmer board

3.3.2 Device Distinguishability

As we can see in Fig. B0 and B2, each device has its own unique pattern depending
on the electrical characteristics of the device. Resistive loads follow a mostly smooth,
unbroken linear drop according to expectations. Electromotors follow a similar but slightly
more oscillating pattern due to the swing nature of the motor. Inductive loads on the
other hand show a much more scattered pattern reflecting the fact that the adapter is
compensating for the changes in the input. Different types of other responses can be
observed as well in case of other types of loads. A florescent light bulb will be either on or
off depending on the current, as represented by the white center in the figure. Speakers
on the other hand overcompensate at for the lower part of the cut ratio. It is possible to

distinguish between different models of the same type of item.

Figure B3 shows the different power responses from an appliance. The horizontal axis

represents the percentage of the signal that was masked with the TRIAC starting at 10
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TRIAC TRIAC equivalent circuit

Fig. 3.6 Electrical schematic of TRIAC

percent and going all the way up to 95 percent in 5 percent increments. The vertical axis
represents the number of consecutive cycles to which the masking has been applied. The
numbers in each field represent the Watt measurement for the given session. Bright red
are the highest measured values for the given instance while white represents the lowest

measured values.

3.4 Evaluation

3.4.1 Data Gathering

FEach measurement is compiled into three 17 by 20 matrices with the voltage, current
and watt data respectively as shown in Fig. BII. Each electrical load was measured 100

times. A total of 32 items were measured as follows:
e Resistance loads
Hot carpet
Lamps x 3

Electric heater x2
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voltage
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TRIAC modified
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Fig. 3.7 Working principle of TRIAC

e Electromotors
Small fan x2
Big fan
Vacuum cleaner

e Inductive loads & threshold
Monitor x5 (2 types)
Battery charger AA
Blu Ray Player

Fluorescent light
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Fig. 3.9 Oscilloscope measurements of TRIAC signal manipulation

Humidifier x2
Lamp x5 (3 types)
Laptop
Smartphone
Speakers
TV x6 (2 types)
Each device has its own unique pattern depending on the electrical characteristics of

the device. Resistive loads follow a mostly smooth, unbroken linear drop according to

expectations. Electromotors follow a similar but slightly more oscillating pattern due to

— 37 —



Chapter 3 Fast Active Sensing Electric Load Classification
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Fig. 3.10 Higher data resolution of a TRIAC modified signal

the swing nature of the motor. Inductive loads on the other hand show a much more
scattered pattern reflecting the fact that the adapter is compensating for the changes in
the input. Different types of other responses can be observed as well in case of other
types of loads. A florescent light bulb will be either on or off depending on the current, as
represented by the white center in the figure. Speakers on the other hand overcompensate
at for the lower part of the cut ratio. It is possible to distinguish between different models

of the same type of item.

3.4.2 Classification Algorithm

We tested out multiple classification algorithms using the R programing language and
the provided libraries: ANN - (“neuralnet”), Support Vector Machine - (“e1071”), Random
Forest - (“randomForest”), the C50 decision tree - (“C50”) and the extreme learning
machine - (“elmNN”"). We were guided by other works such as [60] as well practical time
restrictions. While we are aware that there are some disagreements to the accuracy of [60],
most of the criticism we were able to find tend to discuss suggest slight changes to the
top 5 best algorithms, while not disputing that the best general purpose algorithms are:
Random Forest (RF), Support Vector Machine (SVM) and ANN.

Table B=3 shows the classification accuracy of each algorithm using the full data matrix
and watt data matrix only respectably. For each of the 32 items, 70 samples were chosen
randomly for training while 30 were used for testing. The C50 decision classifier shows
the best classification accuracy at 98% followed by the Random Forest classifier, Support

Vector Machine and extreme learning machine.
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Fig. 3.11 Comparison of two loads while looking at voltage, current and watt

The extreme learning machine results were to be expected. A single layer neural network
had problems converging, especially when nodes are not fully connected. The decision
tree type classifiers give the best results. There is a slight difference between classification
which uses all 3 matrices (voltage, current, wattage) and only the watt matrix. There is

a difference of 2%.
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Classifier Wattage Full matrix
type only matrix

Support vector | 87% 75%
machine

Random forest | 949% 83%
Extreme 5% 3%

learning

machine

C50 decision

tree

Table 3.3 Classification accuracy of multiple classifiers

3.4.3 Classification Accuracy

The results of classification are presented in Table B3. The classification results show
a 96.5% accuracy. All the devices are correctly classified with a high level of accuracy.
From the 100 instances of measurement, 70 were used for training and 30 for testing. In
addition, we also performed 2 types of classification. The first being on an appliance level
where identical items such as same type TVs and lamps were grouped together. This
represents our ability to inform the user of which device is active and how much electricity
it is using. The the second we grouped all resistant loads, battery loads and any other
miscellaneous ones together into just three groups. This represented the load classification
interest from the viewpoint of the electrical company in regards to demand response. The

results were 97.2% and 99.99% accuracy.

This means that our proposed classification method has very high accuracy for users to
inform them of their residential power consumption, while having a near perfect accuracy
for the DR providers. This is important because while users might be willing to tolerate
some small margin of error, a DR provider might very well be liable to damages in it were

to mishandle a device.
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Electrical load TP FP Precision Recalling

O R
2) Smartphone 1.0 0 1.0 1.0
3) Fan (1) 09 0 1.0 0.9

4) Laptop 0.97 0.015 0.853 0.97

5) UPS battery 0.87 0.003 0.963 0.87

6) LCD monitor 0.97 0.009 0.906 0.97
7) Speakers 1.0 0.003 0.938 1.0

8)lfé‘ﬁ?f§f§m 093 | 0 1.0 0.93

9) USB battery 0.97 0.003 0.967 0.97
10) Vacuum 1.0 0.003 0.968 1.0

1 lk))l];llfgic 097 | 0003 | 0968 0.97
12) Fan (2) 1.0 0 1.0 1.0

Average 0.965 | 0.007 0.964 0.965

Table 3.4 Classification accuracy for C5.0

3.4.4 Generality, Scalability and Cross Validation

Further testing with different devices has shown through cross validation that the
method is robust for most devices and can correctly classify independent of the manu-
facturer. The biggest drawback being unknown devices. For example, if the data set does
not include old electrical appliances such a very old computer monitors, they may end
up being classified as plasma TVs of the nearest similar groupe. On the other hand we
have also tested and confirmed that that it is possible to distinguish between 2 identical
objects. Due to the small differences in the electrical components on the circuit level the
TRIAC response does ever so slightly differ from devices of the same model. Lastly, we
have also taken measurements from different locations and at different times to check if

there are any significant differences in the gathered data. We have found no significant
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differences between locations. In addition, we have also looked at the starting conditions
for each items and have concluded that most user electronics electrical power consump-
tion does not differ enough in the short periods of time needed to take the measurement.
Higher power consumption items can possess multiple meaningful states, but could be

easily distinguishable since they are most often resistant loads.

Real time classification was achieved by subsampling as shown in Fig BT4. Instead
of using the full instance, all 20 rows, we only used the first 17 measurements. These
were chosen since they are the shortest measurement taking only 20 ms each. As shown
in the graph each addition measurement lowers the misclassification number (error rate).
The optimal point in regards to time is 17 measurements while surprisingly the optimal
point for accuracy is around 34 measurements. We consider that this is due to potential
overfitting because too many data points are used to define an object. The C50 decision
tree classifier has been shown to outperform all other methods and for 17 measurements

presents at 98.9% accuracy.

3.5 Summary

We have demonstrated that by including a TRIAC element into a smart plug it is
possible to achieve up to 98% electrical load classification within 0.6 seconds. We show
how input voltage manipulation through two parameters can create a unique and highly
distinguishable watt power output. We conduct stress test to insure that device failure
cannot occur, and apply machine learning on the datasets to find the optimal form of

classification.

We show that decision tree classification can achieve the best results compared to other
approaches. We confirm that it is possible to differentiate two identical items and that
scalability is proportional to the number of device classes. In addition, by using subsam-
pling we demonstrate that sampling time can be reduced without strongly affecting the

classification accuracy.
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Fig. 3.12 Comparison of 8 loads while looking at watt
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Chapter 4 Occupancy Detection by WiFi Power Consumption

4.1 Background

The increasing penetration of renewable energy production over the last two decades is
creating an increasing pressure to the electric grid. The intermittent nature of renewable
energy combined with the shorter and higher ramping up times is making balancing the
electric grid an increasingly difficult task. Unfortunately, there are no easy and straight-
forward solutions, since increasing electric production is an expensive and long process.
This means that multiple technologies will be needed to improve electric production, man-
agement and consumption if we are to transition to a sustainable and smart electric grid.
With this in mind, our work focuses on reducing electrical waste on the demand side
by creating a cheap and easily implementable system, which would be able to correctly
estimate a room’s occupancy and in turn adjust or turn off unnecessary plug-in devices.
There are several reasons why we consider this problem important. We focus on electric
waste in residential and office environments, since the residential and commercial sectors
make up approximately 2/3 of national power consumption which translate to the fact that
buildings take up between 40 to 60% of electric power consumption in developed coun-
tries [61-63]. Second, we target electrical energy waste because it is the least objectionable
aspect of demand response since it equally benefits consumers and power companies, while
having no detrimental effect on the consumer like restricted power usage [64,65]. Also,
multiple papers report high potential power savings from reducing electrical power waste.
Lastly, we focus on presence detection to achieve our goal, since it has been shown that
electrical power consumption in both regular and green buildings is not highly correlated
with either temperature, or humidity, or occupancy [32]. This means that often an unoc-
cupied building will consume the same amount of electrical energy as an occupied building,
despite the energy difference of lighting, heating and cooling. This is due to the often rigid
nature of Heat, Air Ventilation, and Cooling (HVAC) policies which are usually manually

set based on time or the administrator’s intuition.

4.2 Related Works

Multiple studies into human presence monitoring for electric power consumption and
control have been suggested in recent years as shown in Tab. BT These fall into several
groups. First is the use of camera monitoring systems [66-6Y9] such as the one in [[/] where
the authors achieve 80% occupancy estimation accuracy and report 14% energy savings,

which are not significantly affected by the 20% error rate. While this approach can achieve
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Approach Benefits Problems
Camera High precision Line of sight (20%
error), Privacy, Cost
Passive Infrared Sensor | Cheap Line of sight, “Cats”
Privacy Installation
Electrical Consumption | Privacy Precision
Monitoring Line of sight not needed

Table 4.1 Comparison of different types of occupancy monitoring systems

high accuracy rates, it is very dependent on positioning. In our own experiments, we used
cameras to determine the ground truth value of the number of people occupying a room.
The issues with this approach includes: problems in correct identification due to blending
with the background, blind spots in the cameras’ field of view and low picture resolution
and sample frequency due to storage limitations. While some of these problems might
be addressed with better and more expensive hardware (fisheye lens cameras, on sight
processing) the price is significantly increased. Also, we must address the problem of
privacy [/1-73]; since in each one of our experiments the participants expressed vocal

disagreement to having a camera system monitoring them.

The second group of approaches focuses on different mixes of small embedded sensors like
passive infrared sensor (PIR) and door sensors to monitor presence in real time [[70,74,75].
The authors in [76] use this approach to infer occupancy with 88% accuracy, pointing
out that for only 25 dollars’ worth of sensors it is possible to reduce the electrical energy
consumption by 28% in HVAC. This methods lacks the cost and privacy shortcomings
of using a camera, but it does not address installation complexity and PIR sensitivity
issues. Similar to cameras, we have also tried using PIR sensors, positioned at strategic
entrances and doors, to monitor the number of people entering or leaving a house or office.
We repeatedly found that sensors would mispredict due to people loitering next to them,
leaving doors open and the fact that animals have no problems triggering the PIR sensors.
While we are fully confident in the accuracy of previously presented research, we consider
that the potential to implement these approaches is highly dependent on the layout of the

rooms, line of sight and the positioning of the sensors.

Lastly, there are the electric energy monitoring approaches which monitor the aggre-

gated electric power consumption of a building the determine occupancy as shown in Tab.
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Approach Results Problem
Aggregate 73.27% overall | limitation of
power monitoring = accuracy aggregation
Virtual 78 to 93% home, | higher sensor
occupancy 90% office costs

83% and 94%, | long training

overall time
WiFi router user behavior
power monitoring dependent

Table 4.2 Comparison of different types of electrical usage occupancy monitoring systems

A32. In [77-80] authors look at the electric power consumption from smart meters to es-
timate the points in time at which someone is at home. Electric load monitoring usually
falls into two categories; non-intrusive load monitoring (NILM) in the form of smart me-
ters which measure the aggregate power consumption of an apartment or building and
intrusive load monitoring (ILM), usually in the form of smart plugs, measuring the power

consumption of single device

In this section we look at ways to expand the benefits of an ILM approach (load control-
lability, low price, easy instability and privacy) with a high accuracy presence detection
functionality. In our published work [81] we showed initial results that it was possible to
estimate with high accuracy the number of people in an office environment by looking at
the electric power consumption of several routers. This is different from other approaches
which look at the WiFi signal’s interactions with the surrounding area. In [82] the authors
examine the channel state information between 2 WiFi routers to determine occupancy,
while the authors in [83] use off the shelf components and achieve similar results by using
the Received Signal Strength (RSS) of the WiFi router. One can also probe the traffic
or connect directly to the WiFi router itself to determine the number of active devices if

privacy is ignored.

4.3 Presence and Occupancy Detection

In this part we describe how we formed our hypothesis and describes our prefiltering

process which allowed us to achieve the needed accuracy [84].
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4.3.1 Hypothesis

The foundation of this work is based on the hypothesis that a WiFi router’s power
consumption can be used to predict the number of people in a room. In turn, this can
later be used to regulate the power consumption in the same room by regulating the
air conditioning and turning off all unnecessary devices in a room if the room is vacant.
The control aspect can easily be solved by connecting the electrical loads through smart
plugs or by accessing the home electrical monitoring system (HEMS), but the connection
between a WiFi router’s power usage and the number of people in a given room has yet
to be fully researched. With this in mind we define several assumption which need to be

true for our hypothesis to be valid. These are:

e A WiFi router’s power consumption should be proportional to the amount of traffic
on the network. - If a WiFi router power consumption is indifferent to network

traffic than any consequent assumptions will be flawed.

e A WiFi router’s power consumption should be proportional to the number of devices
on the network. Since we are trying to determine the number of users on a network,
all of whom can produce wildly differing network traffic, it would be beneficial if we
could find some way to identify the number of devices as means of identifying lower

traffic users and normal users from power users.

e The number of people should be accurately predictable from the power consump-
tion of a WiFi router. The last assumption questions the likelihood of edge cases.
Specifically, can we assume and in which situations that a presence of a person can

be "observed” by looking at a WiFi’s power consumption.

Assumption 1) can easily be confirmed due to the work done by the authors of [R5]
as well as our confirmation in Fig. B and HEZ. They have shown that the electric
power consumption at an access point linearly increases with increased traffic rates for
throughputs of 1Mb/s and higher. This also applies for the number of devices in a passive
state as shown in Fig. HEZ3. Specifically, this phenomena can be explained by looking at
the distribution of control messages length 320-639 bits and their increased ratio in the
overall traffic as shown by Fig. B4 and B3 respectively. For assumption 2) we already
determined in [R6] that multiple active high traffic devices are distinguishable and that
they can be tracked on the network. This included confirming that switching between two
networks just switches power consumption between routers as shown in Fig. B8 and that

different router models do not affect the outcome, as they can be normalized to the same
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Fig. 4.1 Function representing the correlation between traffic and power consumption

values as shown in Fig BZ4. Also in Chapter 4.5 we show how it is possible to distinguish
between multiple devices even when the traffic is inconsistent to fully confirm our 2nd

assumption and demonstrate the validity of our 3rd assumption.

4.3.2 Feature Extraction

Upon looking at the WiFi data Fig. B3R, we see a clear need to perform filtering. In

the following section we describe the steps taken.
e Data preparation

To be able to apply machine learning to our datasets, we synchronised the different
datasets and did pre-classification on the commercial smart plug data set. For the
residential data sets we defined the wattage power of each of the 8 and 10 commercial
smart plugs as the input and the ground truth data as the desired output. Since the
commercial smart plug data sets were discrete, we matched the ground truth data
simply by comparing timestamps. Using a "randomForest” library in R programing
framework, we randomly selected 70% of the data set to train the classifier, after
which we would use the classifier to predict the number of people in the room
using the whole data set. Two different classifiers were constructed this way, using
only the data set from the specific measuring environment. The final output of

the residential commercial smart plug set and the ground truth self-report was a
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Fig. 4.2 Breakdown between multiple levels of power consumption

data sheet which contained a time stamp, predicted number of people by commercial
smart plug and the ground truth value. For the office environments, we used a much
simpler approach where, if a commercial smart plugs wattage value was higher than
its median average, we would count that a person was present at their desk. A
median average was used due to the fact that some desks even without any electric
load connected to a smart plug would sometimes register a value between 0 and 1
watt. The ground truth data was extracted from the camera footage taken using
computer vision. To make sure that the values were accurate, the values were also
manually verified by the authors to remove all the errors. The ground truth data
and the commercial smart plug data were synchronised and extrapolated one on to
the other. Same as with the residential data, the final output was a data sheet which
contained a timestamp, number of people counted by the number of active smart
plugs and the ground truth value. The data sheets were slightly modified to make
a distinction between presence and occupancy. In this work we define occupancy as
the exact number of people in a room, while we refer to presence as a Boolean value

describing whether or not anyone was present in a room. Two more columns were
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created to represent the ground truth presence value and presence value induced
from the commercial smart plugs by converting all non-zero occupancy values to one.
Finally we would like to note that our use of commercial smart plug is to provide
a simple benchmark for comparing and showing potential synergy. The optimal
method of using smart plugs measuring plug-in load together with a WiFi router’s
power monitoring in order to facilitate occupancy detection would be outside of the

scope of this research.
e Rolling average filter and feature generation

In the last step, we combined the gathered WiFi routers data with the data from the
aforementioned data sheets. The product was a data sheet containing WiFi router’s
voltage, current, wattage and the last 4 columns containing the smart plug estimated
occupancy and presence as well as the ground truth occupancy and presence. What
we did next was to use a filter to smoothen out and flatten the data, similar to
applying a low pass filter as shown in Fig. BY. We start by taking 120 samples
from the start of the data set, which represent 1 minute of data gathering due the
0.5Hz sampling period of the WiFi router monitoring. Next, we calculate multiple
values from the data frame, such as minimum, maximum, mean, etc. and assign
them to the 120th row of the table. We then shift the frame by 1 sample, including
all samples from the 2nd to the 121st, writing the results in the 121st row, and
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Fig. 4.5 Percentage of overall control messages with the rising number of devices

repeating the process for the whole table, finally dropping the first 119 consecutive

rows. Using this method 21 features are extracted to be used in classification.

This approach provides us with three benefits. First, it simply removes some of the
noise from the data due the electrical variability and random events as shown in Fig. B0
which is present even in stable electric consumption. Secondly, it turn our time series

data set into one which is more discrete, which in turn allows us to create a method
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Fig. 4.6 Power consumption of multiple routers when scaled

that could easily process the information stream in soft real time, but on a standard
microprocessor. There are several benefits in doing so, since it means that the system
would not be dependent on a central data gathering and processing unit, reducing cost
and complexity, while improving privacy. Thirdly and most importantly, it spreads out
the impact of user actions over a longer period of time. We tested out different length
frames and found out that a 1 minute frame can improves accuracy. In Fig. B0 we show

that the improvement is logarithmic.
The final results of feature extraction can be seen in Fig. B2 and Fig. BT3.

Office WiFi based presence detection classification accuracy was improved from 45% to
90%, and even the residential smart plug classification accuracy from the previous chapter
is improved from 40% to 70% for presence and from 30% to 60% for occupancy. The
reasoning for this is that, by spreading the impact of each measurement over a 1 minute
period, the highly dynamic nature of the WiFi traffic gets distributed, meaning that short
periods of inactivity will not be classified as false negatives. In addition, the prefiltering
is able to both nullify the effects of low bandwidth period traffic from non-user sources
as well as short burst traffic on classification accuracy. Periodic low bandwidth traffic
(ex. from smart plugs which were used in the experiment or other such automated sensor
devices) is incorporated into the baseline since the filter looks at samples from an interval
of time and also scales the values. Additionally, such periodic behaviour can be learned

and incorporated similar to oscillations of the power line. Burst traffic on the other hand is
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Fig. 4.8 Comparison of WiFi power consumption and the number of people in the room

in the same time period

handles by the filter length. Since multiple feature are extracted like minimum, maximum,
mean and variability, any spikes which may come from hardware (router models with hard
disks) or device behavior (smart device updates) can be nullified due to the values of the
other feature. As long as the frame length is sufficiently long, the majority of anomalies

can be mitigated.

4.4 Data Gathering

In this section we briefly describe the hardware used in the experiment and the envi-

ronments in which we gathered the data. Fig. BT shows the how the experiment setup
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used to carry out the experiments.
e Commercial Smart Plugs

Due to increasing improvements in sensing and wireless technology over the last few
years, as well as consumer demand, smart metering devices are becoming more and
more pervasive. Smart plugs are a type of smart metering device which monitors the
electric power consumption of a single plugged in device, usually into a wall socket,
instead of the aggregated power consumption of a whole apartment or building.
They use wireless communication to transmit their data to a router or an access
point and tend to be an order of magnitude cheaper compared to aggregate smart
meters. Also, similar to smart meters they are able to monitor and record electrical
power properties such as: voltage, current, wattage, phase, etc., but tend to be

less precise due to a lower sampling frequencies, which are usually on the scale of
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0.1Hz to 10Hz. Since most users typically only want to know how much a device is
consuming in a given moment or over a period of couple of days to a month, their
sampling periods are locked to even longer periods, despite the fact that chips are

capable of working at a higher frequency.
Arduino Based Smart Plug

Due to the stated sampling period limitations, we decided to build our own smart

plug. We used an Arduino microcontroller to which we connected a general purpose
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AC current sensor clamp (CTL-6-P-H series) and a power transformer (HT-605
series) as shown in Fig. 1. It was optimised for loads of up to 5 Amperes and was
compared with two other commercial wattmeters and each component was tested
with an oscilloscope. There were no significant observable differences between our
design and the commercial wattmeters. Next, we set the sampling periods to 0.5Hz
(twice per second) and recorded the electrical signal. In electric load classification,
a higher sampling frequency is proportional to increased classification accuracy, and
some papers have even shown that very high sampling frequencies of several kHz
can even achieve real time classification. Our decision to have a sampling periods
of only 0.5Hz was based on the fact that we wanted to keep our design as close to
the specifications of the commercial ones as possible. By doing so, we would not
increase the price by requiring a stronger chip, all the while keeping the smart plug’s
amount of network traffic down, which might be beneficial in some situations. Also,
we would like to note that we used an SD card to record all the information from
our smart plug simply due to convenience. Lastly, as we describe in later section,
a higher sampling period might not provide a higher benefit due to the application

of the rolling average filter on the dataset.

We have conducted measurements on 4 locations, for a period of 1 month each, dur-
ing the period from late winter to early summer. We have labelled them as following:
Residential-single, Residential-family, Office-full access, Office-limited access. Each

environment was monitored in 3 ways. First, it had its WiFi router(s) monitored by
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the smart plug that we had designed at the sampling period of 0.5 seconds. Second,
we installed a number of commercial smart plugs to monitor the power consumption
of different appliances as a benchmark to compare to and as a way to compliment
the WiFi monitoring. The sampling period of the commercial smart plugs was
90 seconds due to the internal buffer limitations. We used a hacked version of a
popular smart plug which unfortunately can become unstable when receiving fre-
quent queries. Lastly, our ground truth measurement were created either by using

installed video cameras or by using an attendance sheet.

4.4.1 Residential Environment

e Residential-single

Is a 1-person studio apartment with one router. One custom smart plug and 8
commercial smart plugs were deployed monitoring electric loads (USB charging port,
television, laptop, smartphone charger, electric oven, table lamp, refrigerator and
hairdryer). Ground truth was determined by self-reporting and the authors believe
that the records were accurate within 5 minutes of the written times. During the one
month period, there were only 2 days when there were two people in the apartment.
During the rest of the time the subject left their home in the morning and came

back in the evening.
e Residential-family

Is a 2-person 35 meter square apartment with one router. One custom smart
plug and 10 commercial smart plugs were deployed monitoring electric loads (air-
conditioning unit, refrigerator, hairdryer, microwave, laptop, smartphone charger,
rice cooker, small speakers, electric toothbrush, and electric toaster oven). Ground
truth was determined by self-reporting and the authors believe that the records were
accurate within 5 minutes of the written times. For most of the 30 days two people
were present at home from evening to morning hours, while leaving and arriving at

different times.

4.4.2 Office Environment

o Office-full access
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Is a 3-room office environment with 2 networks and 3 routers as shown in Fig. BT3.
Three custom smart plug and 19 commercial smart plugs were deployed monitoring
the total power consumption of a working desk (The smart plug was located at
the end of the power extension cable). The ground truth was determined from the
images taken every 15 minutes from 7 cameras which were positioned to watch over
all three rooms. All subjects coming to the office could easily connect all their
devices (smartphones, pads, laptops) to either of the networks. Peak occupancy
was 16, but average occupancy was 5. Afternoon hours experience larger numbers
of people compared to other times which do not seem to follow any rules. Subjects
were observed primarily doing work at their computers with breaks, meeting and

other activities.
Office-limited access

Is a 2-room office environment with 1 router. 1 custom smart plug and 20 commer-
cial smart plugs were deployed monitoring the total power consumption of a working
desk (The smart plug was located at the end of the power extension cable). The
ground truth was determined from the images taken every 1 minute from 1 camera
that was positioned to watch over the main room, while the next door meeting room
was not observed. All subjects coming to the office could only connect their working
computers to the single networks. This was enforced by whitelisting only allowed
MAC addresses. Peak occupancy was 19, but average occupancy was 8. Working
hours were generally from 7 in the morning until 11 in the evening. Subjects were
observed doing primarily work at their computers with many situations of people

falling asleep at their desks or doing work not related to their computer.

Lastly, there were two more observations which we would like to note. First, ground

truth data (real occupancy data) shows that weekday and weekend behaviours in our data

sets are much more similar to each other than what other papers reported. Second, there

seems to be a very consistent residential behaviour. In almost all of our cases, residential

subjects left and entered their homes only once. We speculate that this assumption could

be further used in all types of residential occupancy detection by focusing on entering and

leaving events, regardless of the type of sensing system used.

4.5 Evaluation

In this section we present the classification results and feature relevance in its original
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4.5.1 Classification Accuracy

To predict room occupancy from a WiFi router’s power consumption, we use a random
forest classifier library "randomForest” from the statistical programing language R. Our
decision is based on scientific literature [60], previous experiences in electric load clas-
sification which showed decision trees to gives the best results [63], the implementation
potential of decision trees in embedded hardware and, finally, the fact that the number of

extracted features is small and they are relatively independent of each other.

We sampled the data both sequentially and randomly. All default setting were kept,
except that the number of trees was limited to 10 due to computing restrictions, since a full
data set contains over 5.5 million time entries (rows) with 6 to 18 features (columns). The
final convergence had a mean square error rate lower than 0.005 for classifiers using all the
21 features and lower than 0.02 for classifiers using 6 features. The variance was still quite
high, around 10-20% for 6 feature classification and 0.5-5% for 21 feature classification.
The frame features used are: minimum, maximum, mean, median, variability and the
first quintile. The classification was carried out twice, first using only the wattage data
and afterwards using voltage, current and wattage. The results are as follows: Table
A3 shows the classification results when using 10%/90% and 20%/80% training/testing
data, representing half a week and 1 week of training data respectively. The sequential
columns use the first 3/7 days of the data set. ”Occupancy” refers to the exact number
of people, ”presence” refers to whether anyone or no one is present in the room. A
”"WiFi only occupancy” shows the classification accuracy when only using a WiFi router’s
power consumption measurements against ground truth occupancy, while a ”SP + WiFi
presence” shows the classification accuracy from using both the smart plug data and the
WiFi router’s power consumption measurements against ground truth presence. We used
these results to determine if there are any patterns or characteristics to choose the best

approach.

Table B shows the classification results when 70% of the data was randomly sampled
for training and 30% was used for testing. This represents 3 weeks of data used for training,
with 1 week used for testing. Here we examine what is the best classification accuracy

achievable for a model with a long learning time.

Finally we also include Table B3 and Table HE@ show classification accuracy with
and without the use of a frame, as well as Fig 4 which shows how accuracy in a office-

full access environment is improved by increasing the frame length. A frame length of 1
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Residential-family classification accuracy

10/90 sequential 10/90 random 20/80 sequential 20/80 random
Watt only Full Watt only Full Watt only Full Watt only Full
WiFi only occupancy = 38.04286 = 46.26894  43.23219 = 51.02715 31.21298 37.64087 @ 43.86458 49.58921
WiFi only presence 56.51314  60.3221  60.12465 = 62.87947 | 52.15495  54.5551 ‘ 59.80193 | 62.25504
SP + WiFioccupancy  42.07687 = 52.17026 482557  57.44598 = 32.82528 39.55802 44.52964 = 53.48257
SP + WiFi presence 59.83197 @ 65.4983  64.58297 @ 70.15076 @ 55.34953  58.61578 @ 62.25879 @ 73.15408
Residential-single classification accuracy
10/90 sequential 10/90 random 20/80 sequential 20/80 random
Watt only Full Watt only Full Watt only Full Watt only Full
WiFi only occupancy | 47.01023 | 53.91624 = 43.89635 50.01629 50.57458 61.13812 @ 43.21305 @ 50.84207
‘WiF1 only presence 50.65853 | 58.96481 @ 59.74997 | 62.85885 53.50052 64.48393 60.10692 @ 62.87799
SP + WiFi occupancy | 64.95408 | 64.85367 = 43.9438 | 5235128 68.92608 @ 73.57217 48.24685 57.1144
SP + WiFi presence 60.19679 | 66.32636 62.48271 | 65.93935 67.56092 75.67903  64.6253 = 71.02487
Office-limited access classification accuracy
10/90 sequential 10/90 random 20/80 sequential 20/80 random
Watt only Full Watt only Full Watt only Full Watt only Full
WiFionly occupancy  55.17801 = 56.22774 55.16875 @ 57.65774 @ 51.97658 55.16595 52.57016 = 58.94695
WiFi only presence 70.82195 7220165 71.07484  71.88571 @ 77.65987  79.84578 82.48888 @ 84.51088
SP + WiFi occupancy 6297651 | 63.48659  62.74857 @ 64.01487 57.26485 60.45771 57.88659 @ 66.1221

SP + WiF1i presence 76.45572  78.24647 77.24451 < 77.57451  82.6674 = 85.74783 88.75841 = 89.29583

Table 4.3 Classification accuracy for short training duration

minute is equivalent to a frame size of 120 samples. Accuracy can further be improved by
lengthening the frame at the cost of more time needed to calculate presence and occupancy.
In case of the office space, occupancy prediction was increased by 40% percent. If the same
approach is used on the commercial smart plug data to extend the influence of events, it

is also possible to increase the prediction accuracy of system by 30%.

In Fig. BTI8 we see the classification results of the 93.31% classification accuracy model
over a 2 week period. The transitions are clear and the model does not strongly deviated
from the ground truth values, since 5.4% of mistakes are offsets by 1 person as shown in
Table BEZd. This means that the model can correctly predict the occupancy in a room

within 98.7% with a deviation of 1 person.
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70/30 random

Residential-family = Residential-single  Office-limited access = Olffice-full access

Watt only  Full Watt only Full Wattonly  Full Watt only
WiFi only occupancy 79.83825 99.94377 87.54235 99.97664 93.31138 92.39325 93.49
WiFi only presence 92.27392 99.99178 91.94587 1 99.99268 99.41259 99.99838 99.34
SP + WiFi occupancy 80.71873 99.95519 89.4036 99.98683 96.51485 95.54691 96.1
SP + WiFi presence 94.81915 99.99482 93.71149 99.99465 99.41263 99.99838 99.34

Table 4.4 Classification accuracy for long training duration

Data used to Classification
. Frame length
classify accuracy
Desk Smart plug no frame 84.76%
only
WiF1 router only no frame 86.83%
Desk Smart Plug o
and WiFi router no frame 87.46%
Router only I minute 99.34%
Desk Smart Plug Iminute 99.34%

and WiF1 router

Table 4.5 Classification accuracy with and without filtering for presence

4.5.2 Generality, Scalability and Cross Validation

Table B shows the cross validation test in which we used the previously constructed
predictive models and tested them with a new data set. Specifically, we used 70% of the
data in the residential-family set to training the predictive model after which we used a

100% of the residential-single data set as testing data and vice-versa.

During classification we also looked at which features had the greater significance by
applying the R library function ”importance()” on the constructed model with results
similar to Fig BT, Each models input variables we sorted and arranged into Table E9
and Table BEI0. The variable in bold represent that a feature had double the impact
from the other features. For example in Fig ET4. we can see that the router 1’s minimal
wattage (Table 279 - Min_Watt_Routerl) and router 3’s minimal wattage (Table B0 -
Min_Watt_Router3) have double the importance in the random forest model, off all the

other variables.
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Data used to
classify
Desk Smart plug
only
WiF1 router only
Desk Smart Plug
and WiF1 router
Router only

Frame length C12ii$2120n
no frame 39.69%
no frame 44.54%
no frame 52 15%

1 minute 93.49%

Table 4.6 Classification accuracy with and without filtering for occupancy

Classification offset || Percentage rate
1 person 5.372770%
2 person 0.48027%
3 person 0.08877%
4 person 0.01782%
5 person 0.00630%

Table 4.7 Classification offset by number of people

Similar results for feature relevance can also be seen in other test environments. In Fig.

IR we can again clearly see that the minimum value plays a much higher importance for

occupancy while in Fig. ET9 all values are equally important for presence.

Our measurements show that it is definitively possible to use a WiFi router’s power con-

sumption in order to predict the number of active users present in a room. The accuracy

mainly depend on the length of the training, as time is needed to capture user behaviour.

This is seen from the slightly inconsistent results for same amounts of randomly sampled

Residential-family (Residential-single as

SP + WiFi occupancy

SP + WiFi presence

Cross validation

Residential-single (Residential-family as

test data) test data)
Watt only Full Watt only Full
42.71168 57.3595 28.85432 34.65275
76.22293 83.41551 74.69914 82.57593

Table 4.8 Cross validation
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Feature relevance - Residential

Residential-family Residential-single
Occupancy Presence Occupancy Presence
Watt only Full Watt only Full Watt only Full Watt only Full
Q1_Watt Q1_Watt | Q1_Watt | Q1_Watt | Var_Watt | Med_Watt | Q1_Watt Mean_Watt
Med_Watt Med_Watt | Med_Watt Med_Watt QI1_Watt Q1_Watt | Var_Watt QIl_Watt
No SP |
Mean_Watt Max_Volt | Min_Watt Max_Volt | Mean_Watt Max_Volt | Med_Watt Mean_Current
Var_Watt Min_Current Mean_Watt Mean_Current Min_ Watt Mean_Current Mean_Watt Max_Volt
SP.Count SP.Count SP.Presence SP.Presence SP.Count SP.Count SP.Presence SP.Presence
With Q1_Watt Max_Volt Q1_Watt Max_Volt QI1_Watt Q1_Watt Mean_Watt Q1_Watt
sp Mean_Watt | Mean_Current | Mean_Watt | Ave_Watt | Mean_Watt | Mean_Watt | Max_Watt | Med_Watt
Med_Watt | Mean_Watt | Med_Watt | Min_Volt | Var_Watt | Med_Watt | Mean_Watt | Max_Volt
Table 4.9 Relevant features for residential monitoring
Feature relevance - Office
Feature relevance - Office limited access Office-full access
Occupancy Presence Occupancy Presence
Watt only Full Watt only Full Watt only Watt only
Mean_Watt Mean_Watt | Mean_Watt | Max_Volt | Min_Watt_Routerl | Mean_Watt_Router2
Min_Watt Med_Watt Max_Watt Q1_Volt | Min_Watt_Router3 | Max_Watt_Router2
Var_Watt | Min_Watt Var_Watt Mean_Watt Mean_Watt_Router2 | Mean_Watt_Router3
Med_ Watt | Max_Volt | Med_ Watt Max_Watt | Min Watt_Routerl | Min_Watt_Routerl

Table 4.10 Relevant features for office monitoring

data and the fact that accuracy increases with longer training times. Presence, the abil-
ity to see if anyone is in the room, is easier to predict than the exact number of people
occupying a room. This also become easier as the number of users increases, since there
is more training data to improve the occupancy prediction as well as a higher chance of
anyone generating traffic. Using more features improves the accuracy of the model and
even shows better results in cross verification of up to 83%. Random forest classifiers
are generally immune to over-fitting unless a very high ratio of dependent variables to
independent variables is present. Since our model has a very small number of variables,
we do not believe this to be the case. We discuss other possible limitations in the next
section. Looking at feature relevance we find that, in a residential environment, there is
little variation since in most cases the number of people present is only 1 or 2, making the

Q1 and mean variable dominant. Also, in all cases the commercial smart plug data is more
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important than the WiFi data which coincides with expected human behaviour. On the
other hand when the number of people is increased, maximum wattage becomes more im-
portant for presence and minimum wattage becomes more important for occupancy. This
experimentally indicates that each additional person can be identified by an increased ag-
gregate power consumption on the router. Additionally, this perfectly fits with the nature
of the WiFi protocol. Short WiFi packets have much higher relative power consumption
than long packets [85]. Moreover, a higher number of wireless devices would increase the
number of beacon signals and probe responses towards the routers, all of which are short
messages. Combined, we can confirm our third hypothesis that there is a big enough cor-
relation between the number of people and a WiFi router’s power consumption to make

our method viable.

4.5.3 Limitations

There are several important points that we would like to address in this section regarding

the limitations of our approach, applicability and the need for further testing.

e Generality Despite being able to show high cross validation classification accuracy
between residential environments for 2 data sets, there is still uncertainty of the
broad generality in the population. The two environments did differ in the num-
ber of people, but daily habits and use of technical devices might have been quite
similar. While this method assumes that the number of wireless devices will keep
increasing in the future and that users will be habitually using these devices, it is
quite possible that there might be different population groups with different prefer-
ences or user habits. While the authors are confident that this approach is suitable
for environments with high device counts, more research will be required to prove
the generality of this approach on the general population. This should be achieved
either by gathering and measuring more data sets collected from different homes or

by a social study of human behaviour.

e Model precision We have shown that regardless of environment a 99.99% accuracy is
achievable, but these results are prefaced with long learning times and high suscep-
tibility to environmental change. Specifically, while we are highly confident that the
classification algorithm itself is not prone to overfitting due to the characteristics
of the random forest, especially when using only the wattage data, there might be
modelling bias when using extended feature sets. Electrical signals in the real world

are often inconsistent, with our data sets showing that frequency can sometimes
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shift by an absolute value of 0.2Hz and voltage has a range of 95.2V to 102.5V.
Since changes on the scale of 10 mW can be significant it is hard to say whether or
not using more features better removes the noise for the signal or if it adds more

bias to the model.

Real-time limitations Finally, we would like to reiterate that while the WiFi router’s
power data has a high sampling rate of 0.5Hz, the commercial smart plug data,
when combined with the moving average filter, creates a 2 minute delay frame in
an office environment and a 5 minute delay frame in a residential environment. So
a 92.39325% classification accuracy rate in an office environment means that the
classification algorithm will 92% of the time correctly predict the average number of
people in the room over the last 2 minutes. Time sensitivity could be increased by
improving sampling times and reducing the sliding window frame to shorter period,
but from observing user behavior and requirements for power monitoring, we believe
that a short delay is fitting since users usually take a few minutes to prepare and

leave their space.

Uncontrollable false positives/negatives For work environments, we are confident
from our observations that false negatives do not strongly affect our approach. While
ensuring that the camera ground data was correct, we observed people moving in
and out of the rooms for meetings, people falling asleep at their desks as well as
many different types of other behaviours. These account for a fraction of overall
behaviour and add into the 7% error rate (including the misclassification by 1
person). This is mostly around times of transition, when people are moving into
and out of the rooms and usually take up to 5 minutes to settle down. The rest of
the time behaviour is fairly consistent (people remaining within the range of WiF1i)
and we are able to correctly classify. While we do not rule out the possibility of false
positives, we know that remote access was used, we did not observe any problems.
We consider that this is primarily due to the short period of time when the network
would be affected by any significant traffic as talked about in the previous section.
Home environments suffer much more from false positives, especially when there is
only one person in a room. This can be further amplified by cases where people
who would not possess (or use) and smartphone, computer or other type of network
device. For this reason we couple the approach of using a WiFi router’s power
consumption together with the power consumption from other devices around the
home. Together, they raise the overall accuracy of occupancy monitoring; allow

for limited distinguishability of the number of people in a room, all the while not
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increasing the complexity of the HEMS from which it is intended, since multiple
smart plugs (or smart consents in the future) are required to control wasteful loads

in a room.

4.6 Summary

We have shown that by using a WiFi router’s power consumption it is possible to
achieve up to 92.27% classification accuracy when predicting if anyone is present in a
home environment and 93.31% when predicting the exact number of people in an office
environment. The method is well suited in a work environment and complementary to
other smart plug based occupancy determining methods, especially when a rolling average

filter is used which significantly improves classification accuracy.
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Fig. 4.14 Measurement system used to gather data
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Chapter 5 Conclusions

5.1 Summary of This Thesis

In this thesis we have addressed residential power management in buildings as a means
of reducing electrical waste and lowering peak electrical consumption by using smart plugs.
We have analised and tested the usage of a TRIAC element to classify electrical loads as
well as conducted multiple test to find a correlation between a WiFi router and room

occupancy. In particular, we have proposed:

(1) An active sensing approach for real-time classification of electrical loads
We have constructed and tested on over 30 different appliances a new type of smart
plug which uses a TRIAC element to modify the incoming voltage as a means to increase
data resolution at the output. By doing so we show that it is possible to quickly and
easily create a detailed data sets which can be easily used to distinguish appliances.

We extensively tested our approach to insure its safety.We have found that it is
possible to subsample the dataset and reduce the sampling time needed to correctly
classify without lowering the classification accuracy. An accuracy of 99% is achievable
for decision tree types of algorithms, and the light weight of the algorithm allows it to
be later implemented embedded systems.

(2) A short aggregate prefiltering method to extract features used for oc-
cupancy monitoring

A WiFi routers power consumption is proposed as a means of identifying the number
of people in a room. Multiple environments are studied and measured from several
months to create a data set to confirm our hypothesis. The end results show that there
is a strong correlation between a WiFi router power consumption and the number of
people occupying a room in home and office environments. We have confirmed by
experiment and feature extraction that the correlation is not due to algorithm bias,
because of the nature of the random forest, and falls inline with our expectations of
how the WiFi protocol operates.

Finally, a novel short aggregate pre filtering method is used and tested which shows
that it is possible to greatly improve the accuracy of the classification algorithm by
extracting multiple features from a short time frame, in turin spreading user influence
and lowering the possibility of false positives/negatives.

In the end by combining these 2 approaches into one smart plug system we are able
to provide a product which can be used to retrofit old buildings and be incorporated

into new Smart homes to easily control power consumption.
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5.2 Future Works

This section suggests research items, which have not been addressed in this research

and can be further extended.

(1) Reducing appliance classification error for rare devices
Due to the limitations of the data sets for device classification it was not possible to
determine if it was possible or not in any ways to extract addition feature which would
insure that rare or old devices would still be correctly classified into their appropriate
class groups. More research into different type of feature extraction not limited only
to the TRIAC method might augment the current approach.
(2) Increase accuracy in different environments by using user profiling
While the current system can achieve high accuracy for occupancy monitoring if
it is allowed for more time to learn, more research is required to ensure that it is
generalisable for any environment. If it were possible to extract additional information
such as events which indicate when a person has entered or left the environment it
might be possible to further reduce the misclassification error which occurs at transition
states.
(3) Creating a decentralised system
Lastly and most interestingly, we did not have enough time to study a embedded
decentralized approach towards controlling the system. Since both of the proposed
methods have been designed to be liteweight from the start, it should be possible
to implement both system on embedded hardware. This would allow us to design a

decentralised approach which would be more secure and insure a higher level of privacy.

— 74 —



] Acknowledgments

This research and all the events leading towards it have been an unexpected experience
and one for which I have become stronger. I would like to express my gratitude to all the
people who have helped me see to the end of this journey and helped me stay safe. I am
grateful to my family which gave me unwavering support and fully believed in me and my

ability to finish this work within 3 years. Something which, I myself often doubted.

Secondly, I feel deeply indebted to my fellow labmate, who, while have never worked
on the same research as me, were the one supporting me and pushing me to the end. 1
would like thank by name Chun-Hao Liao, Kei Iwamoto and Theerat Sakdejayont. Mr.
Liao was and still is as much of a mentor as a role model. I thank him for standing up
for me and allowing me to start my research. To Iwamoto-san I am grateful for being my
friend and making me feel welcomed in Japan. Lastly, I offer my honest gratitude to Mr.
Theerat. I am certain, without a shadow of a doubt, that without his help I would have

not been able to graduate. Thank you all.
Tin Petrovic

November 2017

,75,



I References

[1] F. Moran, “Power system automatic frequency control techniques,” Proceedings of

the IEE - Part A: Power Engineering, vol. 106, no. 26, pp. 145-153, Apr 1959.

[2] R. M. Huey and K. Rajaratnam, “Identification of electrical parameters in large earth
grids,” IEEE Transactions on Power Apparatus and Systems, vol. PAS-93, no. 1, pp.
187-195, Jan 1974.

[3] H. J. Rohrer, K. E. Schnirel, and I. M. Canay, “Effect of electrical disturbances,
grid recovery voltage and generator inertia on maximation of mechanical torques in

large turbogenerator sets,” IEEE Transactions on Power Apparatus and Systems, vol.

PAS-99, no. 4, pp. 1357-1370, July 1980.

[4] U.S. 0. A.F. E. R. COMMISSION, “Wholesale competition in regions with organized
electric markets,” FERC, vol. 35, 2008.

[5] P.Z. Paolo Bertoldi and B. Boza-Kiss, “Demand response status in eu member states

2016,” JRC Science for policy report, 2016.

[6] H. Gharavi and R. Ghafurian, “Smart grid: The electric energy system of the future,”
Proceedings of the IEEE, vol. 99, no. 6, pp. 917-921, June 2011.

[7] T. Baumeister, “Literature review on smart grid cyber security,” Jan 2011.

[8] H. E. Brown and S. Suryanarayanan, “A survey seeking a definition of a smart dis-
tribution system,” in 41st North American Power Symposium, pp. 1-7, Starkville,
Mississippi, USA, Oct 2009.

[9] B. Initiativ, “Internet of energy-ict for energy markets of the future,” 2008.
[Online]. Available:  http://www.bdi.eulbdi_englishldownload_content/Marketing/

Brochure_Internet_of _Energy.pdf

[10] P. B. Andersen, B. Poulsen, M. Decker, C. Traeholt, and J. Ostergaard, “Evaluation
of a generic virtual power plant framework using service oriented architecture,” in
2008 IEEE 2nd International Power and Energy Conference, pp. 1212-1217, Johor
Bahru, Malaysia, Dec 2008.

— 76 —


http://www.bdi.eulbdi_englishldownload_content/Marketing/Brochure_Internet_of_Energy.pdf
http://www.bdi.eulbdi_englishldownload_content/Marketing/Brochure_Internet_of_Energy.pdf

References

[11]

[12]

[13]

[14]

[15]

[17]

[19]

P. Lombardi, M. Powalko, and K. Rudion, “Optimal operation of a virtual power

plant,” in 2009 IEEE Power Energy Society General Meeting, pp. 1-6, July 2009.

A. Molderink, V. Bakker, M. G. C. Bosman, J. L. Hurink, and G. J. M. Smit, “Man-
agement and control of domestic smart grid technology,” IEEE Transactions on Smart

Grid, vol. 1, no. 2, pp. 109-119, Sept 2010.

S. You, C. Traholt, and B. Poulsen, “Generic virtual power plants: Management of
distributed energy resources under liberalized electricity market,” in 8th International
Conference on Advances in Power System Control, Operation and Management, pp.

1-6, Hong Kong, China, Nov 2009.

A. Bose, “Smart transmission grid applications and their supporting infrastructure,”

IEEFE Transactions on Smart Grid, vol. 1, no. 1, pp. 11-19, June 2010.

F. Li, W. Qiao, H. Sun, H. Wan, J. Wang, Y. Xia, Z. Xu, and P. Zhang, “Smart
transmission grid: Vision and framework,” IEEE Transactions on Smart Grid, vol. 1,

no. 2, pp. 168-177, Sept 2010.

V. Bakker, M. G. C. Bosman, A. Molderink, J. L. Hurink, and G. J. M. Smit, “De-
mand side load management using a three step optimization methodology,” in 2010

First IEEFE International Conference on Smart Grid Communications, pp. 431-436,
Gaithersburg, Maryland, USA, Oct 2010.

S. Caron and G. Kesidis, “Incentive-based energy consumption scheduling algorithms
for the smart grid,” in 2010 First IEEE International Conference on Smart Grid
Communications, pp. 391-396, Gaithersburg, Maryland, USA, Oct 2010.

J. Chen, W. Li, A. Lau, J. Cao, and K. Wang, “Automated load curve data cleansing
in power systems,” IFEFE Transactions on Smart Grid, vol. 1, no. 2, pp. 213-221,
Sept 2010.

S. Ghosh, J. Kalagnanam, D. Katz, M. Squillante, X. Zhang, and E. Feinberg, “Incen-
tive design for lowest cost aggregate energy demand reduction,” in 2010 First IEEE

International Conference on Smart Grid Communications, pp. 519-524, Gaithers-

burg, Maryland, USA, Oct 2010.

D. Egarter and W. Elmenreich, “Autonomous load disaggregation approach based on
active power measurements,” in 2015 IEEFE International Conference on Pervasive
Computing and Communication Workshops (PerCom Workshops), pp. 293298, St.
Louis, Missouri, USA, Mar 2015.

— 77 —



References

[21]

[22]

[23]

[24]

[29]

[30]

[31]

M. Roozbehani, M. Dahleh, and S. Mitter, “Dynamic pricing and stabilization of
supply and demand in modern electric power grids,” in 2010 First IEEE International
Conference on Smart Grid Communications, pp. 543-548, Gaithersburg, Maryland,
USA, Oct 2010.

J. H. Dudley and M. A. Piette, “Solutions for summer electric power shortages: De-
mand response and its application in air conditioning and refrigerating systems,”
Refrigeration, Air Conditioning, € Electric Power Machinery, vol. 29, no. 1, pp. 14,
2008.

S. Mohagheghi, J. Stoupis, Z. Wang, Z. Li, and H. Kazemzadeh, “Demand response ar-
chitecture: Integration into the distribution management system,” in 2010 First IEEE
International Conference on Smart Grid Communications, pp. 501-506, Gaithers-

burg, Maryland, USA, Oct 2010.

M. Vukasovic and B. Vukasovic, “Modeling optimal deployment of smart home de-
vices and battery system using milp,” in 2017 IEEE PES Innovative Smart Grid
Technologies Conference Europe (ISGT-Europe), pp. 1-6, Turin, Italy, Sept 2017.

IEEE P2030 Group, “D7.0 draft guide for smart grid interoperability of energy tech-
nology and information technology operation with the electric power system (eps)

and end-use applications and loads,” 2011.
Smart Grid Strategic Group. (SG3), “Iec smart grid standardization roadmap,” 2010.

International Council on Large Electric Systems. (CIGRE), “Cigre d2.24 ems archi-
tectures for the 21st century,” 2009.

European Committee for Electrotechnical Standardization (CEN-ELEC), “Smart
meters coordination group: Report of the second meeting held on 2009,”
JRC Science for policy report, pp. 09-28, 2009. [Online]. Available: http:

/ /www.nist.gov/public_affairs/releases/upload /smartgrid_interoperability final.pdf

State Grid Corporation of China, “Sgcc framework and roadmap for strong and smart

grid standards whitepaper,” 2010.

T. Goda, “Japan’s roadmap to international standardization for smart grid and col-

laborations with other countries,” 2010.

M. Uslar, S. Rohjansand, R. Bleiker, J. Gonzalez, M. Specht, T. Suding, and T. Wei-
delt, “Survey of smart grid standardization studies and recommendations-part 2,”
2010 IEEE PES Innovative Smart Grid Technologies Conference Europe (ISGT Eu-
rope), 2010.

— 78 —


http://www.nist.gov/public_affairs/releases/upload/smartgrid_interoperability_final.pdf
http://www.nist.gov/public_affairs/releases/upload/smartgrid_interoperability_final.pdf

References

[32]

[35]

[38]

[41]

J. Pan, R. Jain, S. Paul, T. Vu, A. Saifullah, and M. Sha, “An internet of things
framework for smart energy in buildings: designs, prototype, and experiments,” IEEE

Internet of Things Journal, vol. 2, no. 6, pp. 527-537, 2015.

G. W. Hart, “Nonintrusive appliance load monitoring,” Proceedings of the IEEE,
vol. 80, no. 12, pp. 1870-1891, 1992.

O. Elma and U. S. Selamogullari, “A home energy management algorithm with smart
plug for maximized customer comfort,” in 2015 4th International Conference on Elec-
tric Power and Energy Conversion Systems (EPECS), pp. 1-4, Sharjah, United Arab
Emirates, 2015.

A. Zoha, A. Gluhak, M. A. Imran, and S. Rajasegarar, “Non-intrusive
load monitoring approaches for disaggregated energy sensing: A survey,”
Sensors, vol. 12, mno. 12, pp. 16838-16866, 2012. [Online]. Available: http:
//www.mdpi.com/1424-8220/12/12/16838

S. N. Patel, T. Robertson, J. A. Kientz, M. S. Reynolds, and G. D. Abowd, “At the
flick of a switch: Detecting and classifying unique electrical events on the residential
power line (nominated for the best paper award),” in UbiComp 2007: Ubiquitous
Computing, pp. 271-288. Berlin, Heidelberg: Springer Berlin Heidelberg, 2007.

D. Srinivasan, W. S. Ng, and A. C. Liew, “Neural-network-based signature recognition
for harmonic source identification,” IEFEE Transactions on Power Delivery, vol. 21,

no. 1, pp. 398-405, Jan 2006.

T. Kato, H. S. Cho, D. Lee, T. Toyomura, and T. Yamazaki, “Appliance recognition
from electric current signals for information-energy integrated network in home en-
vironments,” in Ambient Assistive Health and Wellness Management in the Heart of

the Clity, pp. 150-157. Berlin, Heidelberg: Springer Berlin Heidelberg, 2009.

A. Marchiori, D. Hakkarinen, Q. Han, and L. Earle, “Circuit-level load monitoring
for household energy management,” IEEE Pervasive Computing, vol. 10, no. 1, pp.

40-48, Jan 2011.

M. Zeifman, “Disaggregation of home energy display data using probabilistic ap-
proach,” IEEE Transactions on Consumer Electronics, vol. 58, no. 1, pp. 23-31, Feb
2012.

Gu-yuan Lin and Shih-chiang Lee and Jane Yung-jen Hsu and Wan-rong Jih, “Ap-
plying power meters for appliance recognition on the electric panel,” pp. 22542259,

June 2010.

- 79 —


http://www.mdpi.com/1424-8220/12/12/16838
http://www.mdpi.com/1424-8220/12/12/16838

References

[42]

[44]

[45]

[47]

[48]

[50]

[51]

H. Kim, M. Marwah, M. Arlitt, G. Lyon, and J. Han, Unsupervised Disaggregation
of Low Frequency Power Measurements, Mesa, Arizona, USA, 2011, pp. 747-758.
[Online]. Available: https://epubs.siam.org/doi/abs/10.1137/1.9781611972818.64

J. Z. Kolter and T. Jaakkola, “Approximate inference in additive factorial hmms with
application to energy disaggregation,” in Proceedings of the Fifteenth International
Conference on Artificial Intelligence and Statistics, ser. Proceedings of Machine
Learning Research, vol. 22, pp. 1472-1482. La Palma, Canary Islands: PMLR,
21-23 Apr 2012. [Online]. Available: http://proceedings.mlr.press/v22/zicol2.html

M. J. Johnson and A. S. Willsky, “Bayesian nonparametric hidden semi-markov
models,” J. Mach. Learn. Res., vol. 14, no. 1, pp. 673-701, Feb. 2013. [Online].
Available: http://dl.acm.org/citation.cfm?id=2567709.2502602

A. G. Ruzzelli, C. Nicolas, A. Schoofs, and G. M. P. O’Hare, “Real-time recognition
and profiling of appliances through a single electricity sensor,” in 2010 7th Annual
IEEE Communications Society Conference on Sensor, Mesh and Ad Hoc Communi-

cations and Networks (SECON), pp. 1-9, Boston, Massachusetts, USA, June 2010.

W. L. Chan, A. T. P. So, and L. L. Lai, “Wavelet feature vectors for neural network
based harmonics load recognition,” in 2000 International Conference on Advances in

Power System Control, Operation and Management, vol. 2, pp. 511-516, Oct 2000.

G. W. Hart, “Nonintrusive appliance load monitoring,” Proceedings of the IEEE,
vol. 80, no. 12, pp. 1870-1891, Dec 1992.

M. Berges, E. Goldman, H. S. Matthews, L. Soibelman, and K. Anderson, “User-
centered nonintrusive electricity load monitoring for residential buildings,” Journal

of Computing in Civil Engineering, vol. 25, no. 6, pp. 471-480, 2011.

T. SAITOH, T. OSAKI, R. KONISHI, and K. SUGAHARA, “Current sensor based
home appliance and state of appliance recognition,” SICE Journal of Control, Mea-

surement, and System Integration, vol. 3, no. 2, pp. 86-93, 2010.

M. Baranski and V. J, “Nonintrusive appliance load monitoring based on an optical
sensor,” in 2003 IEEE Bologna Power Tech Conference Proceedings,, vol. 4, p. 8,
Bologna, Italy, June 2003.

J. Liang, S. Ng, G. Kendall, and J. Cheng, “Load signature study v part i: Ba-
sic concept, structure and methodology,” in IEEE PES General Meeting, pp. 1-6,
Minneapolis, Minnesota, USA, July 2010.

— 80 —


https://epubs.siam.org/doi/abs/10.1137/1.9781611972818.64
http://proceedings.mlr.press/v22/zico12.html
http://dl.acm.org/citation.cfm?id=2567709.2502602

References

[52]

[55]

[56]

[57]

[58]

[61]

M. Baranski and J. Voss, “Genetic algorithm for pattern detection in nialm systems,”
in 2004 IEEFE International Conference on Systems, Man and Cybernetics (IEEE Calt.
No.04CH37583), vol. 4, pp. 3462-3468, The Hague, Netherlands, Oct 2004.

A. Reinhardt, P. Baumann, D. Burgstahler, M. Hollick, H. Chonov, M. Werner, and
R. Steinmetz, “On the accuracy of appliance identification based on distributed load
metering data,” in Sustainable Internet and ICT for Sustainability (SustainIT), pp.
1-9, Pisa, Italy, 2012.

A. Ridi, C. Gisler, and J. Hennebert, “Processing smart plug signals using machine
learning,” in 2015 IEEE Wireless Communications and Networking Conference Work-

shops (WCNCW), pp. 75-80, New Orleans, LA, USA, 2015.

F. Englert, T. Schmitt, S. Ko8ler, A. Reinhardt, and R. Steinmetz, “How to auto-
configure your smart home?: High-resolution power measurements to the rescue,”

in Proceedings of the fourth international conference on Future energy systems, pp.

215-224, Berkeley, CA, USA, 2013.

D. Zufferey, C. Gisler, O. A. Khaled, and J. Hennebert, “Machine learning approaches
for electric appliance classification,” in 2012 11th International Conference on In-
formation Science, Signal Processing and their Applications (ISSPA), pp. 740-745,
Montreal, Canada, 2012.

T. Petrovic and H. Morikawa, “Active sensing approach to electrical load classifi-
cation by smart plug,” in 2017 IEEE Power Energy Society Innovative Smart Grid
Technologies Conference (ISGT), pp. 1-5, Washington, USA, April 2017.

K. Electronic, “4 channel ac digital light dimmer with zero-cross detectionn,”
in Dimmer board, 2016. [Online|. Available: https://www.facebook.com/krida!

electronics/

R. D. Lab, “Serial 3 channel ac 230v ssr and dimmer,” in Dimmer board,
2016. [Online]. Available: https://researchdesignlab.com/modules/dimmer-module/

serial-3-channel-ac-230v-ssr-and-dimmer_html

M. Fernandez-Delgado, E. Cernadas, S. Barro, and D. Amorim, “Do we need hundreds
of classifiers to solve real world classification problems,” J. Mach. Learn. Res, vol. 15,

no. 1, pp. 3133-3181, 2014.

T. A. Nguyen and M. Aiello, “Energy intelligent buildings based on user activity: A
survey,” Energy and buildings, vol. 56, pp. 244-257, 2013.

,81,


https://www.facebook.com/krida.electronics/
https://www.facebook.com/krida.electronics/
https://researchdesignlab.com/modules/dimmer-module/serial-3-channel-ac-230v-ssr-and-dimmer.html
https://researchdesignlab.com/modules/dimmer-module/serial-3-channel-ac-230v-ssr-and-dimmer.html

References

[62]

[67]

[68]

H.-x. Zhao and F. Magoules, “A review on the prediction of building energy con-
sumption,” Renewable and Sustainable Energy Reviews, vol. 16, no. 6, pp. 35863592,
2012.

G. R. Newsham and B. J. Birt, “Building-level occupancy data to improve arima-
based electricity use forecasts,” in Proceedings of the 2nd ACM workshop on embedded
sensing systems for energy-efficiency in building, pp. 13—-18, Zurich, Switzerland, Nov
2010.

D. T. Delaney, G. M. P. O’Hare, and A. G. Ruzzelli, “Evaluation of energy-efficiency
in lighting systems using sensor networks,” in Proceedings of the First ACM
Workshop on FEmbedded Sensing Systems for Energy-Efficiency in Buildings, ser.
BuildSys 09, pp. 61-66. New York, NY, USA: ACM, 2009. [Online]. Available:
http://doi.acm.org/10.1145/1810279.1810293

Y.-J. Wen and A. M. Agogino, “Wireless networked lighting systems for optimizing
energy savings and user satisfaction,” in 2008 IEEE Wireless Hive Networks Confer-
ence, pp. 1-7, Austin, TX, USA, Aug 2008.

V. Kettnaker and R. Zabih, “Counting people from multiple cameras,” in Proceedings
IEEE International Conference on Multimedia Computing and Systems, vol. 2, pp.
267-271, Florence, Italy, July 1999.

X. Liu, P. H. Tu, J. Rittscher, A. Perera, and N. Krahnstoever, “Detecting and
counting people in surveillance applications,” in 2015 IEEE Conference on Advanced

Video and Signal Based Surveillance, pp. 306-311, Karlsruhe, Germany, Sept 2005.

T. Teixeira and A. Savvides, “Lightweight people counting and localizing in indoor
spaces using camera sensor nodes,” in 2007 First ACM/IEEE International Confer-
ence on Distributed Smart Cameras, pp. 36-43, Vienna, Austria, Sept 2007.

D. Conte, P. Foggia, G. Percannella, F. Tufano, and M. Vento, “A method for counting
people in crowded scenes,” in 2010 7th IEEE International Conference on Advanced

Video and Signal Based Surveillance, pp. 225232, Boston, MA, USA, Aug 2010.

V. L. Erickson, Y. Lin, A. Kamthe, R. Brahme, A. Surana, A. E. Cerpa, M. D. Sohn,
and S. Narayanan, “Energy efficient building environment control strategies using
real-time occupancy measurements,” in Proceedings of the First ACM Workshop on

Embedded Sensing Systems for Energy-Efficiency in Buildings, pp. 19-24, Berkeley,
CA, USA, Nov 2009.

— 82 —


http://doi.acm.org/10.1145/1810279.1810293

References

[71]

[77]

F. Li, B. Luo, and P. Liu, “Secure information aggregation for smart grids using
homomorphic encryption,” in 2010 First IEEE International Conference on Smart

Grid Communications, pp. 327-332, Gaithersburg, Maryland, USA, Oct 2010.

H. Li, R. Mao, L. Lai, and R. C. Qiu, “Compressed meter reading for delay-sensitive
and secure load report in smart grid,” in 2010 First IEEE International Conference
on Smart Grid Communications, pp. 114-119, Gaithersburg, Maryland, USA, Oct
2010.

P. McDaniel and S. McLaughlin, “Security and privacy challenges in the smart grid,”
IEEE Security Privacy, vol. 7, no. 3, pp. 7577, May 2009.

A. Barbato, L. Borsani, A. Capone, and S. Melzi, “Home energy saving through a user
profiling system based on wireless sensors,” in Proceedings of the first ACM workshop
on embedded sensing systems for energy-efficiency in buildings, pp. 49-54, Berkeley,
CA, USA, 2009.

J. Lu, T. Sookoor, V. Srinivasan, G. Gao, B. Holben, J. Stankovic, E. Field, and
K. Whitehouse, “The smart thermostat: using occupancy sensors to save energy in
homes,” in Proceedings of the 8th ACM Conference on Embedded Networked Sensor
Systems, pp. 211-224, Zurich, Switzerland, Nov 2010.

W. Kleiminger, C. Beckel, T. Staake, and S. Santini, “Occupancy detection from
electricity consumption data,” in Proceedings of the 5th ACM Workshop on Embedded
Systems For Energy-Efficient Buildings, pp. 1-8, Roma, Italy, Nov 2013.

Y. Agarwal, B. Balaji, R. Gupta, J. Lyles, M. Wei, and T. Weng, “Occupancy-

)

driven energy management for smart building automation,” in Proceedings of the 2nd
ACM workshop on embedded sensing systems for energy-efficiency in building, pp.

1-6, Zurich, Switzerland, Nov 2010.

A. Marchiori and Q. Han, “Distributed wireless control for building energy manage-
ment?” in Proceedings of the 2nd ACM workshop on embedded sensing systems for

energy-efficiency in building, pp. 37-42, Zurich, Switzerland, Nov 2010.

K. Padmanabh, A. Malikarjuna V, S. Sen, S. P. Katru, A. Kumar, S. K. Vuppala,
S. Paul et al., “isense: a wireless sensor network based conference room management
system,” in Proceedings of the First ACM Workshop on Embedded Sensing Systems
for Energy-Efficiency in Buildings, pp. 37-42, Berkeley, CA, USA, Nov 2009.

— 83 —



References

[80]

[82]

[84]

[85]

[36]

M. Milenkovic and O. Amft, “An opportunistic activity-sensing approach to save
energy in office buildings,” in Proceedings of the fourth international conference on

Future energy systems, pp. 247-258, Berkeley, CA, USA, May 2013.

T. Petrovic and H. Morikawa, “Active sensing approach to electrical load classifi-
cation by smart plug,” in 2017 IEEE Power Energy Society Innovative Smart Grid
Technologies Conference (ISGT), pp. 1-5, Washington, USA, Apr 2017.

H. Zou, Y. Zhou, J. Yang, W. Gu, L. Xie, and C. Spanos, “Freedetector: device-
free occupancy detection with commodity wifi,” in 2017 IEEE International Confer-

ence on Sensing, Communication and Networking (SECON Workshops), pp. 1-5, San
Diego, CA, USA, June 2017.

S. Depatla, A. Muralidharan, and Y. Mostofi, “Occupancy estimation using only wifi
power measurements,” IEEE Journal on Selected Areas in Communications, vol. 33,

no. 7, pp. 1381-1393, 2015.

T. Petrovic, K. Echigo, and H. Morikawa, “Detecting presence from a wifi router’s
electric power consumption by machine learning,” IEEE Access, vol. 6, pp. 9679-9689,
2018.

K. Gomez, R. Riggio, T. Rasheed, and F. Granelli, “Analysing the energy consump-
tion behaviour of wifi networks,” in 2011 IEEE Online Conference on Green Com-

munications (GreenCom), pp. 98-104, USA, Sept 2011.

T. Petrovic, K. Echigo, and H. Morikawa, “Determining occupancy from a wifi router’s
electric power consumption in an office environment,” in 2017 IEEE PES Innovative
Smart Grid Technologies Conference Europe (ISGT-Europe), pp. 1-6, Turin, Italy,
Sept 2017.

— 84 —



I Publications

Journal

[1] T. Petrovic, K. Echigo, and H. Morikawa, “Detecting Presence From a WiFi Router’s
Electric Power Consumption by Machine Learning,” IEFE Access, vol. 6, pp. 9679-
9689, 2018

International Conference

[2] T. Petrovic and H. Morikawa, “Active Sensing Approach to Electrical Load Classi-
fication by Smart Plug,” in 2017 IEEE Power & Energy Society Innovative Smart
Grid Technologies Conference (ISGT), pp. 1-6, Washington, USA, Apr 2017

[3] T. Petrovic and H. Morikawa, “Determining Occupancy from a WiFi Router’ s Elec-
tric Power Consumption in an Office Environment,” in 2017 IEEE Power & Energy
Society Innovative Smart Grid Technologies Conference (ISGT), pp. 1-6, Torino, Italy,
Sept 2017

Technical Report

[4] T. Petrovic and H. Morikawa, “Evaluation of Active Sensing Classification for House-

hold Appliances”, IEICE Technical Report, ASN2016-94, Mar 2017

[5] T. Petrovic and H. Morikawa, “Analysis of Classification Accuracy and Distinguisha-
bility for Subsampling in Active Sensing”, IEICE Technical Report, ASN2017-51,
July 2017

[6] T. Petrovic, K. Echigo and H. Morikawa, “Analysis of WiFi Router’s Electric Power
Consumption towards Determining Presence in an Office Environment”, 2017-UBI-55,

Aug 2017

,85,



Publications

Domestic Conference

[7] T. Petrovic and H. Morikawa, “Active Sensing for Identification of Electric Load
Types by Smart Plug,” in IEICE General Conference, B-7-14, Mar 2016.

[8] T. Petrovic and H. Morikawa, “Investigation of Classification Approaches in Active

Sensing of Electric Loads,” in IEICE Society Conference, B-18-38, Sept 2016.

— 86 —



	Abstract
	List of Figures
	List of Tables
	Chapter 1 Introduction
	1.1 Background
	1.1.1 Classical Electric Network
	1.1.2 Smart Grid

	1.2 Motivation
	1.2.1 Increased Renewable Penetration
	1.2.2 Research Scope
	1.2.3 Transitional technology

	1.3 Thesis Organization

	Chapter 2 Smart Plugs for Residential Power Management
	2.1 Requirements for Demand Response
	2.1.1 Real Time Information Sharing
	2.1.2 Lack of Cost-Effective Enabling Technologies
	2.1.3 Interoperability and Open Standards

	2.2 Electric Load Classification
	2.3 Occupancy Detection
	2.4 Smart Plugs Towards Controlling a Smart Home
	2.4.1 Control Algorithm

	2.5 Summary

	Chapter 3 Fast Active Sensing Electric Load Classification
	3.1 Background
	3.2 Related Works
	3.3 TRIAC based Classification
	3.3.1 Fast Active Sensing
	3.3.2 Device Distinguishability

	3.4 Evaluation
	3.4.1 Data Gathering
	3.4.2 Classification Algorithm
	3.4.3 Classification Accuracy
	3.4.4 Generality, Scalability and Cross Validation

	3.5 Summary

	Chapter 4 Occupancy Detection by WiFi Power Consumption
	4.1 Background
	4.2 Related Works
	4.3 Presence and Occupancy Detection
	4.3.1 Hypothesis
	4.3.2 Feature Extraction

	4.4 Data Gathering
	4.4.1 Residential Environment
	4.4.2 Office Environment

	4.5 Evaluation
	4.5.1 Classification Accuracy
	4.5.2 Generality, Scalability and Cross Validation
	4.5.3 Limitations

	4.6 Summary

	Chapter 5 Conclusions
	5.1 Summary of This Thesis
	5.2 Future Works

	Acknowledgments 
	References
	Publications

