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Abstract

In buildings, air conditioning consumes a significant proportion of the aggregate electricity
bill. Specifically, in residential and small-scale commercial buildings, people prefer to use
room-level ACs (AC stands for Air Conditioning in this thesis) with an in-built thermo-
stat. As thermostat settings conceptually govern AC energy consumption and user comfort;
over the years, researchers spent a significant amount of time and effort in enhancing ther-
mostats to ensure optimal usage of ACs. By analyzing occupants’ behaviour, today, smart
thermostats, with multiple sensory abilities, can automatically adjust the set temperature
to maximize both - energy savings and user comfort.

While thermostats are smart and ubiquitous, they often rely on occupants’ dynamic
schedule for the automated control of the set-point temperature. For a typical home, where
everyone follows a particular routine, any deviation in daily schedule often leads to user
discomfort. In addition to that, smart thermostats neither consider spatial variations across
the buildings, nor temporal variations, such as climate change, while changing the set tem-
perature. Subsequently, even today, the expensive thermostats are confined to automated
temperature variation, with a limited scope of boosting the energy savings and enhancing
the user comfort. In this dissertation, we address these concerns and introduce Data-Driven
Thermostats to make AC experience efficient and comfortable for the users.

First, we propose PACMAN that monitors room temperature to ensure tenants’ par-
ticipation during AC usage by providing actionable energy-feedback. Next, we recommend
a Comfort-Energy Trade-off (CET) knob, realized through an optimization framework, to
allow users to balance their comfort and savings without worrying about the right set tem-
perature. Our study indicates that such a knob can reduce residents’ discomfort by 23% and
save 26% energy. Third, we investigate the impact of occupancy prediction errors on occu-
pants’ comfort and total energy consumption of a building. Finally, we propose Greina -
to continuously monitor the readily available ambient information from the thermostat and
timely report refrigerant leaks through the coils (or valves) of a refrigeration unit. Such
leaks waste significant energy, risk occupants’ health, and affect user comfort. Our methods
are novel, scalable, and more effective than the state-of-the-art smart thermostats.
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Translation:

The senses are superior to the body, and superior to the senses is the
mind. Beyond the mind is the intellect, and even beyond the intellect is

the individual consciousness.

- Bhagvat Gita
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Chapter 1

Introduction

If India’s usage of air conditioning eventually matches the U.S. level,
its energy demand for cooling would be 14 times that of the U.S.

— Michael Sivak, American Scientist Magazine (2013)

1.1 Space Cooling

Once a luxury, space cooling is now becoming an indispensable part of our lifestyle. Whether
it is a home, a laboratory, a data centre, a hospital, or any other essential building, space
cooling is vital in day-to-day activities of human life. Currently, 90% of people in indus-
trialized countries like United States of America and Japan are using 500 million heating,
ventilation, and air-conditioners (HVACs), consuming 5.4 TWh of energy every year, across
both residential and commercial buildings. With changing climatic conditions, growing dis-
posable incomes, we are expecting the worldwide demand for space cooling to grow from 12
TWh to 6200 TWh, by 2050 [70]. Interestingly, 70% of this demand is likely to come from
2.8 billion people living in the hottest emerging economies of the world, where currently,
only 8% of people possess air-conditioners (Figure 1-1). In contrast to developed economies,
people in these developing economies prefer split or room-level air-conditioning!, especially
in residential apartments and small-scale commercial buildings.

Space cooling contributes significantly to the total electricity bill and also accounts for

a considerable proportion of the peak demand. Across the world, space cooling accounts

In this paper, here onward, we refer split or room-level air-conditioning interchangeably to as AC or
air-conditioner.
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Figure 1-1: Currently, two-third ACs are found in China, Japan, and North America. In
future, emerging economies with hot climate (such as India) are expected to lead the sales
chart [70].

for a large share of peak demand, which puts significant stress on our power systems (Fig-
ure 1-2). In hot and humid countries, the daily peak typically occurs in the afternoon,
when the outside temperature is very high. In Saudi Arabia, air conditioning accounts for
a staggering 51% of total electricity demand, with demand in summer twice as high as
during the winters [36]. Despite such a noteworthy contribution, occupants often possess
little understanding of most suitable AC settings, the trade-off between their comfort and
electricity bill, and the benefits of regular maintenance of their appliance [80]. Consider-
ing little awareness among people, lack of energy-efficient systems in homes, and estimated
growth of space cooling demand, handling such a massive energy demand will soon be a

severe concern globally [133].

1.1.1 Impact on Climate

Besides stressing up our grid and power systems, ACs also impact our climate by emitting
greenhouse gases, directly and indirectly. Greenhouse gases (such as COg, water vapor,
methane, among others) absorb infrared radiations which gradually increases the tempera-
ture of earth’s surface and atmosphere, eventually contributing to global warming. In 2016,
space cooling alone emitted 1130 million tonnes of CO3, as computed based on the carbon
footprint of electricity generation, at times of AC usage [70]. Unfortunately, considering the

future demand, the carbon footprint from ACs is only going to increase, unless we explore

32



United States e
China ——
Korea | —

Indonesia e
India —
Mexico ———
Brazil — Bl Electricity Demand
Japan — I Peak Load
0 5 10 15 20 25 30

Share of Space Cooling (in %)

Figure 1-2: Across all the regions, space cooling contributes significantly towards both,
electricity demand and the peak load [70].

energy-efficient ways to optimize both, existing and futuristic air-conditioners. Given that
climate change is a reality now, it is even more critical for us to reduce both direct and

indirect emissions of greenhouse gases from the ACs, substantially.

1.1.2 Government Policies

Understanding the significant impact of ACs on energy demand and environment, govern-
ments across the world imposed several policies, especially in the last few decades. For
instance, in 1987, 197 UN member states signed the Montreal Protocol to discontinue the
use of chlorofluorocarbons (CFCs) and hydrochlorofluorocarbons (HCFCs) as the refriger-
ants [70]. Since then, the agreement went under eight revisions with latest on October
2016 in Kigali, Rwanda. In Kigali amendment, the same 197 parties agreed to progressively
phasedown the production and use of hydrofluorocarbons (HFCs) around the world.
Besides regulating refrigerants, different countries introduced multiple energy-efficiency
standards and labeling programs to promote efficient air-conditioners. With the support
from the governments of United States, India, China, Canada, and Saudi Arabia, the Clean
Energy Ministerial, launched an Advanced Cooling Challenge in 2016 to encourage the de-
velopment and deployment of super-efficient, smart, climate-friendly and affordable cooling
technologies to improve average AC efficiency by 30% by 2030 [70]. Independently, the

Government of India itself proposed replacement of inefficient ACs with energy-efficient
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ACs at a subsidized cost [158]. Similarly, the French Government mandated that during
extreme periods of heat, at least one room on each floor in every retirement home must be

maintained at a temperature less than 25°C [70].

While there have been several efforts by different Governments across the world, both
independently and together, there is a scope of improvement from technology’s perspective.
Occupants habitually keep their AC settings unchanged (usually at maximum), ignore cur-
rent weather conditions, shy away from regular maintenance, and keep running their AC at
reduced efficiency. In several instances, we noticed that tenants run their AC at maximum
and use blankets instead of updating the AC settings. Often, due to irregular maintenance,
tenants face problems such as ice formation, air blockage, and refrigerant leakage. With
reduced efficiency, AC fails to provide the desired comfort and wastes significant energy.
The widespread presence, together with the scope of improvement, make room-level air-
conditioning an attractive target for energy conservation, especially in the residential and

small-scale commercial buildings of emerging economies with a hot climate.

1.2 Technical Background

Typically, an AC works on the principle of the vapour compression cycle (Figure 1-3). In

the beginning, fan towards the evaporator coil draws air from the room. When air passes
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over the evaporator coils, the low-pressure low-temperature liquid refrigerant? (within the
coils) absorbs heat from the air, and the fan circulates cold air back into the room. Due to
heat absorption, liquid refrigerant changes to high-temperature refrigerant vapours. High-
temperature low-pressure refrigerant vapours enter into the compressor, where compressor
increases the pressure of the refrigerant vapours for the condensation. In condensation,
the aim is to eject heat from the refrigerant to the outside environment. To do so, fan
towards the condenser coil extracts hot air from the outdoor which passes over the con-
denser coils having high-pressure and high-temperature refrigerant vapours. Due to con-
densation, high-temperature refrigerant vapours become low-temperature liquid refrigerant,
which then enters the expansion valve. The expansion valve further reduces the pressure of
low-temperature refrigerant liquid for the evaporator coils.

In this dissertation, we refer a single vapour compression cycle as Compressor Cycle.
In any air-conditioner, compressor consumes the maximum amount of electrical energy.
The AC energy consumption mainly depends on the number of compressor cycles and the
duration of each compressor cycle. Interestingly, during an AC usage®, the number of
compressor cycles and the length of each cycle also govern the user comfort. Though both
these parameters further rely on several contextual settings such as the building insulation,
the cooling load, the age of the appliance, among many others; in a given context, the AC
energy consumption is mainly a function of AC settings, as provided by the occupants on
the thermostat. Since occupants specify their preference over a thermostat, the role of a

thermostat during an AC usage is quite crucial.

1.2.1 Role of a Thermostat

Within an AC, the role of a thermostat is to sense the room temperature and perform
specific actions to keep the room temperature close to the setpoint temperature. While
actions depend on the type of controller, ACs typically have a bang-bang controller, in
which, the thermostat uses on and off hysteresis as lower and upper bounds for the room
temperature, respectively (as shown in Figure 1-4). When occupants turn on the AC at a
set temperature, the compressor turns on, and AC starts putting cold air into the room.

Due to the flow of cold air, the room temperature drops up to a certain level - off hysteresis,

2Refrigerant is a special chemical compound that switches it state from liquid to vapor, vapor to liquid
back and forth for the heat transfer.
8 AC usage is the time user switches on the AC unit, till she switches it off.
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at which compressor turns off and allows room temperature to increase up to on hysteresis
- the upper bound. When room temperature goes beyond the on hysteresis, the compressor
turns on again, and AC starts cooling the space. By cycling the room temperature between
on or off hysteresis, the thermostat tries to keep the average room temperature close to the
setpoint temperature and maintain user comfort. On the other hand, the thermostat also
decides the compressor state (on/off). Thus, a thermostat governs both user comfort and

AC energy consumption; and therefore, it is crucial for optimizing AC operations.

Comprehending the noteworthiness of thermostats, lately, several studies have been fo-
cusing on developing smart and energy-efficient thermostats for the ACs. Programmable
thermostats were one of the initial attempts to optimize air-conditioning across residential
buildings. Beyond conventional thermostats, they offered an additional feature to set an
operating schedule. However, for a regular home, where everybody follows a distinct rou-
tine, programmable thermostats proved to be an inefficient approach [94, 132]. Next in line
were the smart thermostats [107]. Unlike programmable thermostats, smart thermostats
learn the daily schedule of the tenants to change the thermostat temperature, automati-
cally. Google Nest [118] is one such realization of smart thermostats for residential spaces.
Google Nest offers numerous modes of operations, such as sleep mode, energy-saving mode,
among many others. Akin, other commercial smart thermostats, such as Tado [152] and
Sensibo [148], monitor occupants’ location. When the tenants are in proximity of their
residence, the thermostat will switch on the AC to pre-cool the space, and switch off the
AC, as soon as tenants leave the place. Consequently, thermostats today are smart, energy-
efficient, plug-n-play, and even allow remote sensing of the AC through smartphones. Given

the benefits, we are anticipating the thermostat market to grow by 400% shortly [95].

Not to forget, thermostats also gather data. Smart thermostats monitor physical pa-
rameters such as room temperature, tenants’ daily activities, among others, and usually
upload sensed information to the cloud. Unfortunately, existing techniques use a limited
amount of information and mainly focus on occupants’ schedule to optimize AC operations.
We must understand that the occupants’ schedule is dynamic and stochastic by nature. As
shown in Figure 1-5, the percentage occupancy at any hour of the day can vary significantly,
depending on the sequence of events occurred that day. Since it is hard to learn and predict
the occupancy accurately, energy-saving features (such as Auto-Schedule and Auto-Away)

of smart thermostats (such as Google Nest) have often disappointed several customers in
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Figure 1-5: For a personal office, the plot indicates the variation in occupancy at different
hour of the day. Specifically during peak hours, the variation could be quite significant.

the past. In a user study on smart thermostats, Yang et al. [166] noticed multiple instances
where Google Nest learned the incorrect schedule, made erroneous assumptions about ten-
ants’ behaviour and took wrong actions. In such cases, users would typically unlearn the
thermostat and try to follow an ideal schedule for the thermostat.

In addition to the learning issues, smart thermostats are also unaware of the working
environment. Typically, a smart thermostat cannot compute the amount of thermal leak-
age happening through the room, the impact of outside weather conditions on the room
temperature, and present-day efficiency of the AC. Since a smart thermostat only cares
about the tenants’ daily schedule, spatial variation across the buildings does not matter to
them. Moreover, since thermostats do not keep track of the atmosphere, they hardly know
anything about the temporal changes happening in the place. A thermostat would never
know if the efficiency of an AC is depreciating with time, or thermal leakage is increas-
ing due to poor thermal insulation of the walls. As of now, it is hard for thermostats to
speculate why tenants altered the thermostat temperature on any particular day. In other
words, a smart thermostat cannot link the cause with the effect.

In this dissertation, we extend Smart Thermostats to Data-Driven Thermostats a frame-
work that primarily depends on temperature data to learn the lumped parameters of a
theoretical model. By utilizing the temperature information, in this thesis, we sought to

make occupancy driven thermostats, space-centric thermostats. Since we tune the model
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parameters using the sensor data collected from the room, the proposed framework is con-
siderate of spatial variations across the buildings. Subsequently, Data-Driven Thermostats
are conscious of their working environment. With time, as the framework collects more
and more data, it keeps updating the model parameters to accommodate temporal changes
in the building’s thermal behaviour. Tuned thermal model imitates the thermal behaviour
of the space and serves the application layer. Our analysis on real-world indicates that
Data-Driven Thermostat is a genuinely low-cost, scalable, and ubiquitous way to make ACs

energy-efficient, maximize user comfort, and make ACs reliable.

1.3 Research Statement

In this dissertation, we aim to explore, “How can we design a framework that can work on
top of a smart thermostat and benefit from the existing infrastructure to provide actionable
feedback, maintain a comfortable environment for the users, and ensure reliable functioning

of the appliance?”. To answer the big question, we had to answer the following questions -

1. We can save 5%-15% energy through actionable feedback [33]. How accurately can
smart thermostats provide actionable energy feedback to the tenants, while using the
data from its inbuilt sensors? The framework must not require additional instrumen-

tation of the space, and it should work with minimal user attention.

2. Control approaches applying automated set-point variation can save up to 26% en-
ergy when compared with scheduled set temperature [115]. Can smart thermostats
automatically change the setpoint temperature while allowing users to balance their
comfort and savings.? We don’t want the user to worry about the right set tempera-
ture. With no additional instrumentation, the thermostat should adapt to temporal

changes in the environment and localize comfort for the tenants.

3. The effectiveness of predictive control strategies (for ACs) principally relies on the
prediction accuracy of contextual parameters, such as weather and occupancy. Since
occupancy is critical for mostly all predictive control strategies, can we quantify the
impact of occupancy prediction errors on HVAC operations? Furthermore, how can

we minimize the influence of prediction errors and stabilize the control?
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Figure 1-6: Architecture of Data-Driven Thermostats: Top layer is the input layer; Middle
layer is the learning stage where framework tunes the model parameters through sensory
data; Bottom layer contains applications built on top of tuned thermal model.

4. Often, refrigerant leaks through the coils (or valves) of an AC and slowly diminishes
its cooling capacity while allowing it to be functional. Such leaks risk occupants’
health, waste significant energy, and impact the room temperature. How accurately
can smart thermostats timely report such leaks by only using the readily available

data from its inbuilt sensors?

In this thesis, we systematically designed and studied Data-Driven Thermostats by exploring

answers to all the research questions, as mentioned above.

1.4 Thesis Contributions and Outline

Our Data-Driven Thermostat comprises of three layers - (1) input layer, (2) learning layer,
and (3) the application layer (as depicted in Figure 1-6). The learning layer takes sensor
data (from the thermostat) and user preference (such as setpoint temperature) as the input,
and regularly tunes the model (provided as the input) parameters to accommodate changes
in weather conditions, user activities, and various other dynamics occurring in the room.
Principally, the thermal behaviour of any space depends on the non-intuitive thermody-

namics, and it is hard to monitor each factor affecting the room temperature. Therefore,
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in Data-Driven Thermostats, we use Grey Box Modelling, in which we tune the lumped
parameters of a theoretical thermal model using the sensor data collected from the physical
world [108, 137]. As tuning involves the actual data from a physical space, the adjusted
parameters typically present an approximate thermal behaviour of the room. The system
utilizes the tuned thermal model to estimate room temperature, AC energy consumption,
among several other parameters for the application layer. Eventually, application layer
takes the estimates to then provide - (1) actionable energy feedback, (2) adaptive and per-
sonalized comfort, and (3) corrective feedback for the appliance. Next, we discuss each

application in detail.

In a study, Darby et al. [33] noticed that detailed feedback at the appliance level could
result in 5%-15% savings in energy consumption. In Chapter 2, we discuss PACMAN -
an energy-feedback system to non-intrusively (by only using the temperature information)
predict and estimate the AC energy consumption, prior to usage and post-usage, respec-
tively. PACMAN uses room temperature (from the thermostat) and weather data (from
cloud-based weather services) to learn the parameters of a thermal model. The learned
thermal model together with estimated and predicted energy profile of the appliance is
beneficial for applications such as - (1) fault detection and diagnosis, (2) energy-efficient
control, (3) improving disaggregation accuracy for NILM algorithms [127] (when fused with
smart meter data), and (4) identifying changes in the thermal behaviour of the room (e.g.,
detect door/window is open when AC is running). To evaluate PACMAN, we conducted
an in-situ study across seven homes in Delhi (India). In our analysis, the proposed service
achieved an average accuracy of 85.3% and 83.7% with the best accuracy of 97.0% for the

estimation and 93.3% for the prediction of AC energy consumption, across all homes.

If followed, actionable feedback can save significant energy; however, the realization
of these energy savings mainly depends on residents’ attitude; thus can benefit from au-
tomation [29]. Typically, tenants set the AC thermostat temperature (also referred to as
the setpoint temperature), depending on their personal preferences. For the same setpoint
temperature (in a given atmospheric condition and context), while some people might feel
comfortable, others might feel hot or cold. Thus, people choose different setpoint temper-
ature, as per their choice. However, though the set temperature is a matter of choice, it
directly influences the AC energy consumption. For a given atmospheric condition, the

AC energy consumption would decrease as we increase the thermostat temperature. With
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limited knowledge about the comfort-energy trade-off, residents prefer to set a fixed thermo-
stat temperature (usually lowest possible) in their daily routine. In Chapter 3, we propose
a Comfort-Energy Trade-off (CET) knob on smart thermostats to allow users to balance
their comfort and the savings without them worrying about the right set temperature. The
CET knob will be present on the user’s smartphone so that they can report their interest
(along with the setpoint temperature), that whether they want to maximizing savings, or
maximizing comfort, or balance both. Our analysis based on real data, collected from a
controlled experiment (across two rooms for two weeks) and an in-situ deployment (across
five rooms for three months), indicates that the proposed service can reduce residents’ dis-
comfort by 23% (CET selection for maximal comfort) and save 26% energy when we set
CET for maximizing savings.

Though automated control could assist users in maximizing their comfort and savings,
the effectiveness of any typical predictive control strategy (like above mentioned) depends
on the prediction accuracy of model inputs, such as building occupancy and outside air tem-
perature. As prediction accuracy deteriorates, performance - in terms of occupant comfort
and building energy use - degrades and may get even worse than conventional techniques.
While existing studies [122] studied the influence of errors in the weather forecast, to the
best of our knowledge, there exist no studies analyzing the impact of prediction errors in
occupancy on user comfort and total energy consumption. With the help of a simulation
framework (ThermalSim?), in Chapter 4, we systematically study the impact of occupancy
prediction errors on HVAC operations. Besides, we model and analyze the effect of a per-
sonal environmental control system (PEC) in the presence of prediction errors. A PEC
could be a fan or a heater to provide personalized thermal comfort [22]. We find that PEC,
when used with a predictive control strategy, can reduce both - the variability in energy
consumption and occupants’ discomfort, and make predictive controllers more reliable.

When we talk about reliability, another critical aspect is, timely notifying a fault to
ensure efficient functioning of the appliance. Several reasons, such as ageing, irregular
maintenance, and improper handling lead to frequent breakdowns of any appliance. Some
failures are sudden (such as electrical failure), others happen gradually over time, also known
as slow time-varying faults. While occupants can quickly identify sudden failures, sensing

the early symptoms of slow time-varying faults requires detailed attention and technical

“We are still working on its stable release for the community use and we hope to release it soon
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training. Refrigerant leakage is one such slow time-varying mechanical fault, quite common
in air-conditioners and refrigerators [23]. The puncture hole often starts as a pinhole leak
and becomes bigger when goes undetected. Due to the loss of refrigerant, the compressor
works with reduced efficiency and takes more time than the usual to cool the room; thus,
wasting significant energy. In addition to energy wastage and user discomfort, the leakage
exposes tenants to the refrigerant, which is extremely dangerous for their health [7]. Early
detection of such leaks can benefit in - (1) avoiding leakage of hazardous refrigerant in
the open environment, (2) reducing the energy wastage, and (3) maintaining the desired
temperature. While occupants usually fail to sense the early symptoms of such leaks,
current techniques to report refrigerant leakage are often unscalable. In Chapter 5, we
propose Greina - to continuously monitor the readily available ambient information from
the thermostat and timely report such leaks. We evaluate our approach on 74 outlets of a
retail enterprise. Our analysis indicates that the proposed framework can report leakage a
week in advance when compared to manual reporting.

The data-driven thermostat is a low-cost and scalable extension of the smart thermo-
stat that benefits from grey-box modelling to provide energy-efficient feedback, maintain
personalized comfort, and ensure timely notification to the users about a fault. The pro-
posed framework is efficient, works out-of-the-box, and compatible with any air-conditioner
with an infrared (IR) remote. Given the current scenario, smart thermostats are any-
ways going to replace conventional thermostats in the near future. We believe extending
smart thermostats to data-driven thermostats presents a genuinely ubiquitous way to ensure

energy-efficient usage of the air-conditioning.

1.5 Thesis Publications

We now enlist the major publications that contributed to this thesis.

1.5.1 Actionable Energy Feedback

1. Milan Jain, Amarjeet Singh, and Vikas Chandan. ”Non-intrusive estimation and
prediction of residential ac energy consumption.” IEEE International Conference on

Pervasive Computing and Communications (2016).
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1.5.2 Adaptive and Personalized Comfort

1. Milan Jain, Amarjeet Singh, and Vikas Chandan. ”"Portable4: A Ubiquitous And
Smart Way Towards Comfortable Energy Savings.” Proceedings of the ACM on In-
teractive, Mobile, Wearable and Ubiquitous Technologies (2017).

1.5.3 Reliability

1. Milan Jain, Rachel Kalaimani, Srinivasan Keshav, and Catherine Rosenberg. ”Us-
ing Personal Environmental Comfort Systems to Mitigate the Impact of Occupancy

Prediction Errors on HVAC Performance.” Energy Informatics Journal (2018).

2. Milan Jain, Mridula Gupta, Amarjeet Singh, and Vikas Chandan. "Beyond Control:
Enabling Smart Thermostats for Leakage Detection.” Proceedings of the ACM on
Interactive, Mobile, Wearable and Ubiquitous Technologies (2019).
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Chapter 2

Energy Estimation Through

Thermostat

If you can’t measure it, you can’t improve it.

— Lord Kelvin, Lecture on ”Electrical Units of Measurement” (1883)

2.1 Introduction

Occupants, who are unaware of their electrical consumption, add up to one-third to their
electricity bills [119]. Among all the appliances, typically available in a home, air-conditioning
(also referred to as AC in this thesis) contributes a significant proportion to the total elec-
tricity bill. However, even today, real-time and actionable feedback about AC settings,
such as the impact of increasing the setpoint temperature by each degree on AC energy
consumption, is broadly missing. A direct method to measur AC energy consumption is
to use in-line plug monitors [20]. However, such plug monitors are typically unavailable
in high current ratings, required for handling large transient current flow associated with
AC switch-on events. The widespread presence, high energy consumption, and little under-
standing of optimal AC settings among people make ACs an attractive target for energy
conservation. Though commercial smart thermostats, such as Nest [118], Tado [152], and
Sensibo [148] can automatically change the thermostat temperature to optimize AC opera-
tions; they often rely on occupants’ schedule and are unaware about their surroundings.
In this chapter, we discuss PACMAN, an end-to-end feedback system that leverages

room temperature data for estimation and prediction of AC energy consumption. FEnergy
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Figure 2-1: [2-1a]Room temperature recorded at multiple locations (L1-In front of the AC,
L2-Farther away from the AC, L3-In the attached bathroom with the door closed, L4-
Other corner of the room). Here, the setpoint temperature is 20°C. [2-1b] The setpoint
temperature is an insufficient metric to report the AC energy consumption.

estimation, post-usage, let tenants analyze the impact of chosen settings, to support better
decision making eventually. On the other hand, predictive feedback, at the beginning of the
usage, strives to influence occupants’ behavior, when it matters the most. Unlike tenants’
daily routine, room temperature is more stable since it chiefly relies on the physical prop-
erties of the space, such as outside weather conditions, cooling added by an AC, and heat
exchange through other entities in that enclosed space. While it is hard for a thermostat to
understand the rationale behind tenants’ particular action, it is feasible for a thermostat to
analyze temperature variations within an enclosed space. For instance, a thermostat might
not understand why Alice left early on the weekend, but it can expect room temperature to
be relatively higher when the outside temperature is high. Moreover, analyzing tempera-
ture variation enables a thermostat to comprehend an environment and adapt to temporal
variations within the room, and spatial variations across the rooms.

However, using temperature as a proxy for AC energy consumption exposes multiple
open challenges. One such hurdle is the position of the temperature sensor in the room. As
shown in Figure 2-1a, the ambient temperature at any point in the room differs significantly
from the temperature observed by the AC thermostat. Akin to that, the AC energy con-
sumption should ideally increase by reducing the setpoint temperature; however, as shown
in Figure 2-1b, we observed significant deviations from the expected behavior, mainly due

to the impact of the thermal environment in the room and weather conditions. Since there
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are several other non-intuitive dynamics involved, the use of temperature sensor as a proxy
for AC energy consumption is complicated. PACMAN, to address these concerns, records
ambient room temperature from the room and weather information from a cloud-based
weather service to develop a thermal model of the space. Since PACMAN learns the pa-
rameters of the thermal model from the data gathered through the room, we expect the
thermal model to represent the space. When tenants switch on the AC, the PACMAN uti-
lizes the thermal model to predict room temperature and project AC energy consumption
at different setpoint temperatures. At the beginning of an AC usage, such predictions act
as a motivation for the tenants to consider energy-efficient thermostat temperature.

Since PACMAN is purely a data-driven framework, it is practical to attach PACMAN
with any smart thermostat and provide near real-time feedback to the occupants about
the impact of their current settings. In such a scenario, the aim will be to potentially
motivate a change in tenants’ behavior to set up a slightly higher set temperature, whenever
required. In this study, we evaluated PACMAN based on its accuracy in estimating and
predicting the AC energy consumption. For the study, with an in-situ deployment, we
collected temperature and power consumption data from seven apartments of a city, for a
total duration of three months. Our analysis based on the in-situ deployment indicates that
PACMAN achieved an average accuracy of 85% and 84% with the best accuracy of 97%
and 93% for the estimation and prediction of AC energy consumption, respectively, across
all homes. To the best of our knowledge, ours was the first work to estimate and predict

the AC energy consumption non-intrusively, by only sensing the ambient temperature.

2.2 Related Work

Optimization of HVAC systems for energy conservation has been well studied in the past.
Appliance-level feedback can be provided by direct monitoring (using plug loads) [161] or by
disaggregating meter level data into appliance level consumption [63] using machine learning
algorithms. However, using such direct or indirect monitoring systems in the context of AC
usage, typically limits the feedback to actual energy consumed without getting into the
details of estimation and prediction of energy and its interdependence on set temperature.
Disaggregation algorithms [14, 58, 15, 89, 88], when combined with our proposed system,

will only help in improving the overall accuracy of our system.
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Several studies tried to make thermostats more intelligent to optimize AC energy con-
sumption. Programmable thermostats were the initial efforts in this direction where occu-
pants were able to give fixed schedules. However, Sachs et. al. [145] showed that households
with simple thermostats saved more energy on average than programmable thermostats.
Commercial reactive thermostats such as Nest [118] claimed energy savings based on its
intelligent AC control that require learning a schedule before taking actions. But, one of
the participants in a survey [166] reported Nest as arrogant due to its nature of forcing
their decision on occupants based on its inaccurate learning. Similar attempts [107, 96]
were made to actuate AC based on the occupancy and sleeping patterns. Scott et al. [146]
proposed sensors based actuation while Rogers et al. [143] introduced a system to control
heating based on calculated thermal comfort in real-time. Studies in Indian context [12, 13]
showed that automated sensor based HVAC control could have false positives from sensors

leading to energy wastage or false negatives leading to occupants’ discomfort.

Various metrics such as Predicted Mean Vote (PMV) [45] or other similar metrics [51]
were proposed in the personalized home heating domain to address occupants’ comfort.
However, recent study [65] showed that one type of sensor is insufficient and ineffective at
capturing the larger thermal comfort picture of the room. Thus, the objective of PACMAN
is to reasonably learn the thermal model of the room based on historical usages. Decisions
on comfort level are left to the occupants while providing them with information, relating

set temperature with energy consumption, using the learned model.

Rogers et al. [142] (closest to our work) proposed MyJuolo whereby a USB based tem-
perature logger collects the room temperature data. Using this data, their framework
learns a thermal model of the room, involving several parameters including leakage rate,
heating rate, and thermal noise within the room. However, their process requires significant
intervention from occupants and also a static thermal model that might give inaccurate pre-
dictions with varying operating and weather conditions. In contrast, PACMAN uses data
from multiple usages, collected in real time, making it more effective for the prediction.
Updating the thermal model in PACMAN;, accounting for dynamic operating and weather

conditions, require no effort from the occupant thus making it user-friendly as well.
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Figure 2-2: Use case of PACMAN: When the AC is switched ON, the set temperature and
weather forecast is used with the learned model to predict the AC energy consumption at
multiple set temperatures. When the AC is switched off, PACMAN estimates AC energy
consumption during the usage. The collected room temperature data and corresponding
weather conditions from recent n historical usages are used to update the thermal model.

2.3 Use Case

Figure 2-2 presents a typical usage scenario for PACMAN system. Alice has a smartphone
with an application to control AC that also has access to ambient temperature from the
sensor embedded in the phone. Various commercial devices [152, 148] provide such mobile
applications for the users. These devices come with IR interface to communicate with the
AC but lack the intelligence built into the PACMAN system. Such a combination is similar
to intelligent control of central HVAC systems as performed by Google Nest [118], while
also taking account of energy savings and Alice’s comfort.

As Alice switches on the AC, PACMAN extracts the weather forecast, for the area
surrounding her residence, from an online weather service. Weather forecast, together with
the thermal model of her room (learned from the historical usage) is used to predict the AC
energy consumption around its desired set temperature for a duration mentioned by her.
Using the predictions, PACMAN estimates the cost Alice will pay if she runs AC at the
specified set temperature, together with savings possible with increase in set temperature
by each degree. Such information can assist her to decide the trade-off between cost (in
terms of the electricity bill) and comfort (in terms of desired room temperature).

PACMAN as a backend service also provides room temperature readings together with

weather conditions in real-time for easy accessibility of information to Alice and her better
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engagement. At the end of each AC usage, PACMAN estimates the AC energy consumption
for the recent usage using the collected room temperature data. Estimated energy can help
her understand the impact of her chosen settings and decide them appropriately over time.
As PACMAN receives AC on and off instances, it can also improve the accuracy of NILM
algorithms performing energy disaggregation for other appliances using meter level data. It
can help her gain better insight into her electricity bills and take informative decisions (e.g.
replacing an energy inefficient refrigerator).

In its final step, PACMAN learns the thermal model using the collected room tempera-
ture and weather conditions. The learned thermal model presents thermodynamic properties
of the surrounding. It can be used to detect abnormal behavior of the occupants (e.g. open
window) or the appliance (e.g. AC condenser working improperly).

The primary contribution of our work is to provide informative feedback on energy
efficient usage of AC by developing a thermal model using easy-to-collect temperature data.
Extension to other use-cases such as anomaly detection, automated control, and improved

disaggregation is left for future work.

2.4 System Architecture

We designed PACMAN to model AC power consumption using room temperature and
weather information to output actionable insights for the occupants at successive phases
(from prediction to estimation) of AC usage. Keeping in mind the modularity and extensi-
bility of the PACMAN, we partitioned it into three major components namely PACMAN-L,
PACMAN-P, and PACMAN-Engine. It works as a backend service capable of supporting
various commercial devices [152, 148] providing their own mobile front-ends.
PACMAN-L utilizes the set temperature, room temperature, and weather conditions,

during an AC usage, to learn the following thermal parameters for the room:
1. Cooling Rate: The rate at which AC dissipates heat from the room.

2. Leakage Rate: The rate at which room gets heated because of its structure and thermal
insulation. The structure includes various factors such as the number of windows, area

of the room and material of the walls.

3. Thermal Noise: Variations in the room temperature due to unknown factors, such as
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Figure 2-3: Tllustration for estimation of AC state using the room temperature data going
through various stages (Left to Right); (A) Sample usage from an apartment, (B) Ar,.,
along with detected clusters for the usage, (C) Event detection and matching after filtering
only RampUp (significant increase in temperature) amd RampDown (significant decrease
in temperature) events, (D) Estimated AC state with actual power consumption of AC

open window, heat exchange with other appliances, present in the room.

PACMAN-L also estimates the AC energy consumption using the temperature data, col-
lected at the end of each AC usage.

PACMAN-P is the prediction component providing energy consumption at various set
temperatures, considering weather forecast for that duration. When the AC is switched on,
PACMAN-P takes as input the set temperature, thermal parameters learned from historical
usages and weather forecast to then predict the AC energy consumption prior to usage.

PACMAN-Engine is an administrative component that controls other elements of

PACMAN and interacts with weather service to extract weather data for them.

2.5 System Implementation

PACMAN is implemented in Python while utilizing several libraries supporting machine
learning tools (e.g. Pandas and scikit-learn). We now discuss the implementation details

for each component of PACMAN, as outlined in Section 2.4.

2.5.1 PACMAN-L

As the occupant switches off the AC, PACMAN-L gathers the time annotated room and
outside temperature data measured at a mismatched sampling rate for the duration (d =

tolf —¢©0) wwhere t(© ¢t are the timestamps when AC was switched on and off respectively)
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Algorithm 1: Algorithm to estimate AC state

Input: t(©, toff T,
Output: Sest

Data Initialization:
for t + tM) to t°/7 do

A, 11l

act

/* K-Mean clustering with 3 clusters x/
Clustering:

[Cl, CQ, 03] — K—Mean(ATact, 3)

Ey < Min([C1,C2,Cs]) // RampDown Event

Ey < Max([C1,C2,C3]) // RampUp Event

/* Detect AC state on labeled series */
Event Detection:
S < 1// AC state at start of usage
curr_event < F; // Current event
search < F5 // Next event to detect
for t + tM to t°/f do
if C(A%Bd) == search then
curr__event <— search;
if search == FE> then Séz < 0, search < FEj ;
else Séz < 1, search < E» ;
else Retain previous state and event ;

AC was on at set temperature (Tse;). To time align, this module resamples the collected data

to 1 reading every 2 minutes and interpolates the missing values using linear interpolation®.

Estimation

Figure 2-3a exhibits the correlation between the room temperature and AC power con-
sumption. As the room achieves a temperature Ty, close to Ty (24°C), the compressor
turns off resulting in an increase in the room temperature. When the room temperature
increases beyond a threshold, T,,, (this threshold varies for different AC and their set tem-
peratures), the compressor is turned on again, and the room temperature starts decreasing.
As a result, the room temperature keeps fluctuating around Ty.; resulting in multiple com-
pressor cycles during an AC usage. Thus, we assume an AC to be a device with two-states
namely (see Figure 2-4a); (1) Compressor On (Coy), and (2) Compressor Off (Cys), where
transition depends upon Toy,, Tysr, Tact, and A, , defined as A%l)ct =7 b )

act act act

"https://en.wikipedia.org/wiki/Linear_interpolation
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(a) State transition diagram of AC (b) AC State Classification

Figure 2-4: AC as two state diagram with possible transitions (Left). Ar,., and Ar_,
sufficient features to classify AC state while learning and predicting (Right). White dot
indicates Cy,, while black dot indicates C state.

(t)

is the room temperature and ATact signifies an increase or decrease in room temperature
at t;, time instance. We observed from our dataset that during state transition there is a
sudden decrease (RampDown) and increase (RampUp) in room temperature corresponding
to Co, and Cp states respectively (Figure 2-3b). Leveraging on this observation, we run
K-Means? clustering over Ar,_,, to identify RampUp and RampDown events within the
usage followed by event matching (Figure 2-3c) to detect corresponding AC state at any
time during the usage. PACMAN-L uses estimation algorithm (Algorithm 1) to output
Sest, a vector of 0 (Cppy) and 1 (Cyy,) indicating AC state at any point during the usage.

polf

(Zt:t(O) S(t) - 1) %
60

Energy = Prateq X 2 (2.1)

Equation 2.1 maps AC state (S) to an estimate of AC energy consumption (FEnergy in
KWh) using the rated power (P,qtq in KW) mentioned by the AC manufacturer.

2Though we are aware that K-Means clustering is sensitive to the outliers; with prior knowledge about
the number of distinct spherical clusters (k=3) and limited data size within an AC usage, we found K-Means
to be most effective clustering technique for the PACMAN.
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Learning

The control circuitry for a particular AC uses its set temperature to switch the compressor
state. However, the room temperature (as observed at another location in a room, and
used in PACMAN-L) corresponding to the compressor on or off instance, deviates from
the temperature seen by AC (Figure 2-1a). To simplify this complex interdependence
between Ty and Tse, we learn an AC state classifier over Ap, , and Ar,_, (defined as
Agfjet =T, 652 — Tset), sufficient to classify AC state (Figure 2-4b). We use Random Forest
Classifier (RDF) as AC state classifier over A, , = {A%ﬂ:t, A%Ej;, AtT(jitv ..} and Ap,, =
{A%ﬁit, Aﬁ_p(:t, AtT(i)t, ...} using a python library [130].

Next we learn our thermal model, which is an adapted version of earlier presented
model [142]. Room temperature (T;.) at any time instance depends upon numerous factors
as discussed in previous sections. However, we explicitly considered the effect of AC cooling
and external temperature for our thermal model (Equation 2.2), while accounting for all
other dynamic factors as thermal noise in the room.

A — o (1D 1) 4 B4 S 4y T e (2.2)

Toct est

T, e(ti is the external temperature and S ® depicts estimated AC state, at the ¢4, instance of

T est
the AC usage. Learned parameters of the model are; (1) Leakage Rate («), (2) Cooling Rate
(8), (3) Thermal noise due to external sources (), and (4) Thermal noise due to internal
sources (€). To learn unknown parameters (0 = {«, 3,7, €}), we first compute dependent

variables (A%Itl)) and independent variables [(T(t) — 7y, s 1)

ack ut)s Seats Toyy] for previous n recent

usages and then use linear regression to learn the unknown parameters.

2.5.2 PACMAN-P

PACMAN captures AC set temperature from the occupant, together with her location, to
predict AC energy consumption for d,,..q, the time duration for which occupant wants to
predict. By default, PACMAN-P predicts for a duration which is average of all historical
usages. For the sake of evaluation purpose we assume d,..q = d for every usage.
Algorithm 2 presents our prediction algorithm to predict room temperature (Tpred)
and AC state (Spreq) before using the air conditioner. Prediction algorithm uses parameter

vector, = {a, 3,7, €} learned over recent n historical usages, current room temperature
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Algorithm 2: Algorithm to predict Tpreq and Spred

0

IHPUt: T(;Ect)v Tset7 dpreda 97 Text
OUtPUt: Tpred, Spred
/* Current Temperature and AC State */
Data Initialization:
T(O) _ mt® |

pred — Tact >

0 _q.
Spred =1
/* Predict Ar,, and AC state */

Prediction Loop:
for t < (0 to t°/f do

A s (2, ~ 1) + 5 ST

Tuct pred — pre
Tyid = Toa+ AL,
A'_(Zfsttl) = TIE::dl) — Tset;
84ty = RDF(ASTD AGHYD);

(Tég)), AC set temperature (Tset), prediction duration (d,,eq) and, weather forecast (Text)

as input to first predict Ar,,. Then it uses learned AC state classifier (RDF) along with

Ar,,, to predict AC state (Spreq) for the entire prediction duration (dpreq).

2.5.3 PACMAN-Engine

PACMAN-Engine uses Wunderground? for weather forecast, historical weather data and
real time update of outside temperature. It also manages learned models from historical
usages along with meta information such as d, 7! Tt Tse: and various other statistics

act » ~ext

related to prediction and estimation for every AC usage.

2.6 Evaluation

We conducted an in-situ study in seven different rooms of seven homes over a period of
approximately three months. During our data collection, we collected room temperature,
power consumption, and external temperature data without interfering occupants’ daily
schedule. From each home, we collected data in different time intervals across three months.
We used power consumption data as ground truth for the evaluation purpose. Table 2.1

summarizes environment of the seven rooms with their AC specifications.

3http:/ /www.wunderground.com/
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Experimental Setup Air Conditioner Technical Specifications Room Specifications

#ID +#Days Used Model Tonnage Rated Floor Window Occupancy Floor
Set Power Area Width
Points (Watts) (sq.mt) (mt)
1 15 27, 28 O-General AXZB18GNL-W 1.5 2180 20.06 2 1-2 2/2
2 9 20, 23,26  O-General 1.5 2180 13.2 2 2-3 2/12
3 13 25, 26, 27 Hitachi RAU518HTD 1.5 1570 20.06 2 1-2 5/12
4 41 28 Haier HW-18L2H /2013 1.5 1950 20.06 2 1-2 5/12
5 9 25 Carrier GWRAC 018DR002 1.5 1950 13.2 2 3-4 6/12
6 12 28, 29 LG L-Crescent 1.5TR 5 1.5 1600 20.06 2 1-2 7/12
Star
7 9 18, 25 Hitachi RAV518HTD 1.5 1575 20.06 2 1-2 9/12

Table 2.1: We collected data from seven rooms. Second column represents number of
days we collected the data, third column shows various Ty used during the study. AC
technical specifications are as supplied by the manufacturer. Room specifications, that
impact thermal modeling, includes occupancy denoting average # of occupants in the room
and floor ratio representing proportion of room’s floor number to total floors in the building

2.6.1 Experimental Setup

We interfaced a temperature sensor from Maxim?*

(accuracy +0.5°C) over a single board
computer® to record room temperature data at 1Hz. Each home had a three phase power
supply with a clear knowledge of the phase supplying power to the AC. Using modbus
enabled smart electricity meter, we extracted the AC power consumption from the phase
level power consumption. We recorded weather conditions using Wunderground API that
provided two readings of historical weather information for every hour and one reading of
weather forecast every hour. Besides, we also collected usage related information such as
time at which AC was switched on and switched off along with set temperature of AC

for that usage from the occupants. During this in-situ deployment, we recorded average

external temperature to be 28°C, with the minimum at 25°C and maximum at 33°C.

2.6.2 Evaluation Criteria

Using Equation 2.3 and 2.4, we evaluate the performance of PACMAN in estimating (Fes;)
and predicting (Epy.q) AC energy consumption when compared with actual energy con-
sumed (FEg.t), collected for evaluation purpose.

error _ Eest/pred — Eact
est/pred —
/p Eact

x 100 (2.3)

“http://datasheets.maximintegrated.com/en/ds/DS18B20.pdf
Shttp:/ /www.raspberrypi.org/
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Figure 2-5: Validation of different datasets used for the empirical evaluation of PACMAN.

while, prediction accuracy as:

Egsctc/pred =100 — ’Esgg/o;red‘ (24)

where, Eeeg/"gre 4 1s the error in estimating/predicting AC energy consumption and Ee“;f/pre d

denotes estimation/prediction accuracy of AC energy consumption.

2.6.3 Data Validation

Datasets used as proxy, e.g. weather data from weather service as a proxy for external
temperature and historical external temperature for the weather forecast, are validated for
their accuracy before using for the evaluation purpose. To validate the accuracy of external
temperature data as provided by weather service, we recorded temperature in our campus
for few days. For the same duration, we extracted historical weather data from the weather
service. Results (Figure 2-5a) show that the historical temperature provided by the weather
service is close to the actual external temperature with a mean absolute deviation (MAD) of
0.3°C. Since PACMAN takes weather forecast, from the weather service, for the prediction
of AC energy consumption, the nggd depends on the accuracy of the weather forecast. We
collected both the forecasted temperature and historical temperature from the website for

the duration of 34 hours and observed an MAD of 0.8°C, as shown in Figure 2-5b.
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Figure 2-6: PACMAN achieved higher F-Scores across all the rooms except for the one with
improper sensor positioning (e.g Room-6). It classified majority percentage of C,, events
(80%) when averaged across all the rooms

2.6.4 Analysis of AC State Detection during Estimation

The performance of PACMAN in estimating AC energy consumption depends upon the
accurate classification of AC state at any time instance during the usage. The result (Fig-
ure 2-6) show that temperature data is sufficient to estimate AC state at any instance of
time with an average F-Score of 80.0% across all the rooms and the best F-score being
94.5%. We observed a poor classification accuracy for Room-6, where sensor was kept far
away from the AC. This introduced a lag between the actual and predicted values leading
to poor F-Scores but decent prediction and estimation accuracy. However, classification
accuracy can be improved in such scenarios by keeping sensor close to the AC. We also
compared our approach with a random bias approach, i.e. assuming AC state to be C,,
always (Figure 2-7a) except for two time instances; (1) Before occupant switches on the AC,
(2) After occupant switches off the AC. However, such a naive approach had comparable

f-score but high number of false positives and thus poor prediction accuracy (Eg;fgd).

2.6.5 Sensitivity Analysis

PACMAN learns from historical n usages to predict for the (n + 1)** usage. To select
the value of n, we measured the average prediction accuracy while varying its value till 15

(Figure 2-7b). We observed that average prediction accuracy over all the rooms (dotted
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Figure 2-7: [2-Ta] Although Random Bias had comparable F-Scores but poor prediction
accuracy. [2-7b] For n = 10 (recent historical usages), system achieved the peak value

line) achieves peak at 10 and show insignificant improvement beyond that. Thus, we used

10 recent historical usages to learn our thermal model to predict for the next usage.

2.6.6 Analysis of AC Energy Estimation & Prediction Accuracy

We evaluate the estimation and prediction accuracy of PACMAN for each room (with dif-
ferent combination of room and AC specifications), each set temperature across different
homes and ACs, and across different AC manufacturers to understand the general applica-
bility of PACMAN across diverse usages. Figure 2-8a presents the variation in estimation
of AC energy consumption, using room temperature data, across all the rooms. Similarly,
Figure 2-8d presents box plot for room level prediction accuracy in energy forecast of AC
usage. We recorded an estimation accuracy of 85.3% (Best-97.0%) and prediction accuracy
of 83.7% (Best-93.3%) when averaged over all the rooms. Further, during our experiment,
occupants used AC at various set temperatures, as shown in Column 3 of Table 2.1. Fig-
ure 2-8e and 2-8b shows that neither the estimation and nor the prediction were biased
to a specific set temperatures, for all the rooms. For example, since 18°C was used only
for Room-7, its variation in estimation and prediction accuracy is similar. Across all the
set temperatures, we observed that the average prediction accuracy was 82.4% with best
accuracy of 93.2%, while the average estimation accuracy was 85.2% with best accuracy of

100.0%. For prediction, we had few set temperatures as it excludes those points that were
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Figure 2-8: Comparison of AC energy estimation [2-8a, 2-8b, 2-8c| and prediction [2-8d, 2-8e,
2-8f] accuracy based on various influencing parameters - room (for thermal properties), set
temperature (being directly used in the prediction model) and AC manufacturer (possibly
leading to different control mechanisms).

used for learning the thermal model initially. There were only a small number of usages
at some of the set temperatures thus resulting in smaller variation in prediction accuracy
for such temperature settings. Figure 2-8c and Figure 2-8f illustrates energy prediction and
estimation accuracy, respectively, based on variations in the model of ACs used in our ex-
perimentation. We observed an average accuracy of 84.1% and 85.0% with best accuracy of

92.6% and 93.3% for the estimation and prediction of AC energy consumption, respectively.

2.7 Challenges And Discussion

PACMAN is principally designed for room level ACs and heavily depends on the room
temperature. However, room temperature depends upon various factors such as sensor
positioning, number of occupants and their activities, among others. In this section, we

analyse the outliers in estimation and prediction accuracy of PACMAN, caused primar-
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Figure 2-9: A, [2-9a] and A [2-9b] varies across all the rooms during usages.

ily from imperfect applicability of the thermal model. This require further research into

inclusion of multiple thermodynamic properties to enrich the current model being learned.

2.7.1 Sensor Position

In a separate controlled experiment, we installed four different temperature sensors at dif-
ferent locations in the room. Figure 2-1a shows that temperature seen by AC (L1) is very
different than ambient temperature at other locations (L2, L3, L4). These variations im-
pact estimation accuracy as temperature drop near the AC (major factor in estimation
algorithm) is significantly larger than a location farther to AC.

Also, AC control algorithm depends upon the return air temperature that deviates from
room temperature at any other point in the room. A,, is the temperature difference between
room temperature and compressor on temperature, Tp,. Ay is the difference between room
temperature and compressor off temperature, T,z Ideally, both T, and T, should remain
constant during an AC usage. However, thermal noise around the sensor results in varying
Aoy, (Figure 2-9a) and A,y (Figure 2-9b), as also observed in our data collection. Lower
was the set temperature, more were the deviations (Room-7). This makes a major impact
on prediction accuracy because predicted state change might vary from actual state change
of AC and this error accumulates over the time for each usage (Figure 2-10a). We deployed

temperature sensor in some open space within the room while also accounting for esthetics
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Figure 2-10: Variation in A,, and A,y leads to misaligned predicted and recorded temper-
ature cycles [2-10a]. Similarly, occupants’ intervention distorts actual temperature cycles
resulting in poor classification of AC state during predictions [2-10b].

in the room to ensure its presence is comfortable to the occupants. In the future, we plan to
enrich PACMAN to automatically classify the location of temperature sensor with reference

to the AC in the room and accordingly adapt the thermal model for improved accuracy.

2.7.2 Occupants’ Interference

Occupants interfere in two ways, either by changing AC settings or by performing activies
that impact temperature surrounding the sensor during a usage. Changing AC set tem-
perature was observed frequently in our deployment across all the rooms resulting in poor
prediction accuracy in such scenarios as PACMAN predicted assuming Ty to be constant
during the usage. Similarly, real-time activities of occupants such as to-and-fro movements
from one room to another, turning on/off other appliances (fans) also affect room temper-
ature significantly. For example (Figure 2-10b), occupant woke up around 07:00 AM and
impact of his activity is visible. However, annotating such activities for every usage require
more instrumentation. Such distorted cycles impact both estimation and prediction accu-
racy as their algorithms being function of room temperature. However, these challenges
can be addressed by incorporating context information such as occupancy information to

learn a daily schedule of the occupants for the predictions.
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2.7.3 Long Usages during Night

During the night, generally AC run for long durations and external temperature (initially
higher) goes lower than the room temperature in mid of the night. In these scenario,
where the external temperature is lower than the AC set temperature, the compressor
should ideally turn off. PACMAN prediction model, accounting for variation in external
temperature, will also work as per this ideal scenario. However, due to additional sources
of thermal noise in the room, the compressor may still continue running, leading to poor
prediction accuracy.

Variations in room temperature depend upon numerous factors such as number of oc-
cupants, human activities, the number of doors & windows together with whether they
are open or closed and thermal appliances present in the room. However, annotating each
factor can make the model complex along with making it cumbersome for the occupant
to accurately report each of these parameters as and when they change. Therefore, while
compromising on the accuracy in some of the usage instances, we simplified the thermal
model with T, as the only input by the occupant. It is important to note that due to these
reasons, accurate prediction of AC state at any instant is a very complex task. For the use
case (giving energy consumption feedback to the occupants) discussed in this chapter, even
if the exact state at majority of the instances is inaccurate, it is important to achieve high
level of accuracy in energy consumption prediction and estimation. Such a behavior was
also observed with PACMAN whereby while the precision and recall for the prediction were

inaccurate the overall energy prediction accuracy was still reasonably good.
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Chapter 3

Comfortable Energy Savings

Automation applied to an inefficient operation will magnify the
inefficiency.

— Bill Gates, Founder of Microsoft Corporation

3.1 Introduction

If followed, feedback can lead to significant energy savings, however, the realization of these
energy savings mainly depend on the residents’ attitude; thus can benefit from automa-
tion [29]. Several studies [34, 13] indicate that efficient and optimized usage of an AC
can save significant energy while maintaining the user comfort. To feed in the comfort
requirements, tenants typically set the AC thermostat temperature (also referred as the
set temperature) which varies across people, depending on their personal preferences. For
instance, the comfort of Alice, Bob, and Fve goes up and down for distinct values of set
temperature while assuming the same effect of extrinsic factors such as weather (Figure 3-
1). People similar to Eve prefer a higher range of thermostat temperature and others like
Alice feel pleasant if AC operates at low temperature for a particular climate. Though
set temperature is a matter of choice, it directly influences the AC energy consumption.
Portrayed by the black arrow (in Figure 3-1), the AC energy consumption decreases as the
user raises the thermostat temperature for a given atmospheric condition. This way, with
Alice’s preferences, she will always end up consuming on the higher side and start believing
(rather incorrectly) that savings are beyond the bound of possibilities.

People feel comfortable in a range of temperatures. Alice is unaware of the fact that
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Comfort Range for Alice, Bob and Eve

AC Energy Alice Bob Eve CET=0
Consumption

Scope for
Savings
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Set Temperature

Figure 3-1: For a given weather condition, Alice, Bob, and Eve might feel comfortable at
different set temperatures depending on their individual preferences. Even within their
comfortable band (indicated by shaded region), there is a scope of varying the thermo-
stat temperature to achieve better comfort while minimizing the AC energy consumption.
Portable+ thermostat empowers the residents in deciding between attaining the peak com-
fort (CET = 0), maximizing the energy savings for CET = 1 (i.e. power saving mode), or
maintaining a balance between both (0 < CET < 1).

whether she set the thermostat at 18°C, 19°C, or 20°C', she will perceive similar sensa-
tions (depicted by blue shaded area in Figure 3-1) for a given environment. Now, assume
that Alice starts the AC at 18°C thinking that lowering the thermostat temperature will
make the room more comfortable. She hardly knows that raising the set temperature to
19°C can attain the peak comfort (for her) while also reducing the AC energy consump-
tion. Moreover, moving the set temperature to 20°C' can further increase the savings (from
AC) while making her slightly (and possibly within an acceptable range) uncomfortable.
With limited knowledge about the comfort-energy trade-off, residents (like Alice) prefer to
set a fixed thermostat temperature in their daily routine. Therefore, a thermostat should
report the users, “What temperature settings will provide personal comfort and the cost effi-
ciency?” [150]. State-of-the-art commercially available portable thermostats [152, 148] and
smart ACs [100] emulate the IR (infrared) commands of the AC remote; thus allowing them
to control their AC even from their smartphone. Besides, they also monitor the user loca-
tion to provide “comfort” features such as location based on/off and precooling the room

as per the schedule set by the user. Although portable thermostats collect temperature
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data from occupied area, they neither monitor the user comfort within the room nor assist
the residents in achieving their desired comfort and savings, simultaneously. A thermostat
should provide occupants with a way to adjust and control the conditions; if not given,
controls become ineffective, inappropriate or unusable [120]. Thus, there is a high motiva-
tion to provide users with an additional knob that allows them to specify their goal beyond
the set temperature - minimize AC energy consumption (savings), maximize comfort, or
maintain a balance between both. Based on the input specified by residents on the knob,
the thermostat should adjust the set temperature to attain the peak comfort and energy
savings, simultaneously. Control approaches applying automated set-point variation (i.e.

intelligent) save up to 26% energy when compared with scheduled set temperature [115].

We build portable+ thermostat on top of the existing portable thermostat by adding a
knob (varying between 0 and 1) to let the residents optimize between comfort and energy
consumption. We call this knob CET - Comfort Energy Trade-off. The knob is part of
the mobile application (used to remotely control the AC) where tenants mention their
interest (along with the set-point temperature) - maximise savings, or maximise comfort,
or balance both. Nicol et. al. [120] pointed out three contextual variables to decide if
conditions are comfortable for the residents - climate, nature of the building, and time.
Taking the work forward, we realize the proposed thermostat through an optimization
framework that considers all three stated variables. The framework leverages a physics-
based thermal model to simulate the room environment for any weather conditions. To
learn the model parameters, framework records the room temperature data and adapts the
generic model to imitate the thermal behaviour of the room. With time, as framework
collects more and more data, it keeps updating the model parameters to accommodate
temporal changes in building’s thermal behaviour. For a given weather forecast, the tuned
thermal model works as a simulation testbed to decide the optimal thermostat temperature
for the AC, while optimizing for occupants’ comfort and the energy savings, independently
and jointly. In this work, we consider a lumped parameter thermal model that divides the
room into multiple zones and applies for thermal balance across them (Section 3.3.2). Given
the modular architecture of the framework, the thermal model (and the other components)

are replaceable with their refined versions to further improve the outcome.

We analyzed the benefits of enhancing portable to portable4+ thermostats towards re-

ducing the user discomfort and improving the energy savings. For the study, we gathered

67



temperature data from a two-week controlled experiment in two rooms (a bedroom and
a living room) of a home and a three-month in-situ deployment across five rooms of five
different homes. For the stated dataset, our analysis indicates that portable+ thermostats
can reduce residents’ discomfort by 23% when trying to attain peak comfort, and save 26%
energy in power-saving mode. Pervasive adoption of portable4+ thermostats can result in
significant aggregate reductions at the global scale to attain sustainable use of energy.

To summarize, the major contributions of this chapter are:

1. Extending portable thermostats to a smart portable+ thermostats that equip the
residents with a CET knob to specify their comfort requirements along with the set

temperature.

2. Optimization framework to dynamically vary the set temperature (for the AC) as
climate changes; thus, achieving the desired CET value, as input by the users on

portable+ thermostat.

3. Field evaluation of extending portable to portable+ thermostats for a lumped thermal
model, demonstrating simultaneous savings in energy consumption and improvement

in user comfort.

3.2 Related Work

Programmable thermostats were one of the initial attempts in the direction of energy sav-
ings in central HVAC (Heating, Ventilation and Cooling) units across residential buildings.
Beyond the conventional thermostats, they offered an additional feature to set HVAC op-
erating schedule. For a (regular) home occupied by multiple people having their individual
calendar to follow, programmable thermostats proved to be an inefficient approach [132, 94].
Smart thermostats [107] surpassed the shortcomings of programmable thermostats by learn-
ing residents occupancy patterns to control the HVAC. Google Nest [118] is one such real-
ization of smart thermostats for residential spaces. Recent studies [72, 96, 134, 146] evinced
the feasibility of energy-efficient control for centralized HVAC units while using reactive
and predictive thermostats. However, in contrast to developed countries, room level split
or window air conditioners (decentralized ACs) are common across developing countries.

Given an inbuilt thermostat (having an inbuilt controller) of the window ACs, it is infeasible
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to use commercial smart thermostats with them.

Decentralized ACs are ubiquitous in many parts of the world; thus optimizing their
energy consumption is need of the hour. Appliance-level feedback can result in 5-15%
savings in power consumption [33]. Understanding the noteworthiness of the appliance-
level feedback, PACMAN informed occupants about the impact of changing thermostat
temperature on AC energy consumption in the Indian context [77, 78]. MyJuolo used
temperature data collected from a USB logger to learn a thermal model of the room to infer
the optimal thermostat temperature for the occupants [142]. Lork et. al. [106] proposed a
data driven framework for AC load forecasting using advanced machine learning techniques.
Previous studies [102, 103] also proposed control algorithms to optimize duty-cycles of
the AC compressor. Some studies [9, 99, 101] also suggested upgrades for various AC
components for energy-efficient usage of the decentralized ACs. While the feedback based
approaches depend on the residents to decide their comfort, hardware upgradations (of

window ACs) makes various assumptions about the human comfort during the design phase.

To further ameliorate the user experience, manufacturers introduced smart and web-
based ACs having numerous modes of operations (such as sleep mode), along with the
capability to control the AC from the smartphone. Similarly, state-of-the-art portable
thermostats ([152], [148]) allow residents to operate their AC locally as well as remotely
(from any other location) through their smartphones. When the user’s smartphone location
is close to home, they pre-cool/heat the room (to improve residents’ comfort) and switch AC
off (to save energy) as soon as occupants leave their residence. However, understanding the
impact of outside weather conditions and thermostat temperature towards energy savings
and occupants comfort (as studied in this chapter) provide an attractive value proposition
for window AC units [34, 67, 66]. Such an analysis is largely absent in research literature

that primarily focused on optimizing central HVAC for developed countries.

The specified advances (in the domain of residential conditioning) neither monitors
the user experience nor quantify the effect of their energy-efficient approach on the res-
idents. Studies [138, 52] proposed thermal imaging to monitor thermal comfort of the
occupants while attempting to reduce energy footprints through air conditioning. In resi-
dential apartments, camera sensing will be a breach of the residents’ privacy. McCartney
et. al. [111] shows that changing the set temperature with outdoor temperature does not

increase the discomfort while raising the energy savings. Following on these studies, we pro-
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Figure 3-2: Left to Right: Alice mentions the thermostat temperature and her comfort
requirements (CET) through her smartphone before switching on the AC. Besides the user
input, the optimizer (of the framework) also takes a tuned thermal model generated by
learning the parameters of a generic (thermal) model using the data from recent n historical
AC usages from Alice’s room. The set temperature, CET, and tuned thermal model act
as an input for the framework to predict optimal set temperature for the Alice for a given
weather forecast. Though the optimizer predicts for a fixed duration, it periodically updates
the set temperature with changing atmospheric conditions.

pose portable+ thermostat with a CET knob to specify comfort requirements along with
the thermostat temperature. To realize we propose an optimization framework that utilizes
a theoretical thermal model to vary the set temperature while considering changing weather
conditions. The framework automatically learns the model parameters (before every AC
usage) using historical data to adapt the thermal model to any room while also accounting

for changes in the local conditions with time.

3.3 Optimization Framework

Beyond set temperature, a portable+ thermostat provides the user with an additional knob
of CET (Comfort-Energy Trade-off) realized through an optimization framework comprising
of a tuner and an optimizer (Figure 3-2). Initially, tuner of the framework takes a lumped
thermal model and tunes its parameters for a particular room environment after gathering
the data from a few AC usages in that room. The process of using real-world data to tune

parameters of a thermal model is called Grey Box Modelling and widely practised by the
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researchers in various domains. Next, the optimizer takes set temperature and CET (from
the user), and the tuned thermal model (from the tuner) to optimally control the AC.
The tuned thermal model along with current room temperature and the weather forecast
empowers the optimizer in simulating temperature across the room. The simulated data
for the thermostat temperature (set by the user) acts as a reference point to compute the
comfort requirements of the user i.e. where it lies on the curve (from Figure 3-1). The
optimizer utilizes the calculated comfort to look for an optimal thermostat temperature to
achieve the desired CET value. On completion of ongoing usage (and prior to next AC
usage), framework updates the model parameters while using the data gathered from the

current usage and a few other recent historical AC usages.

3.3.1 Optimizer

An AC contains an inbuilt thermostat that uses on and off hysteresis to maintain the desired
room temperature, set by the user on the thermostat. When temperature sensor (of the
inbuilt thermostat), embedded within the AC, senses that room temperature is close to the
lower threshold (off hysteresis), the controller (of the inbuilt thermostat) shuts down the
compressor, a major power consuming component of the AC. Correspondingly, when the
room temperature attains the upper threshold (on hysteresis), the controller again turns on
the compressor. At any time instance during the AC usage, the thermostat temperature
(provided by the user) is used by the AC to decide whether to keep compressor on or
off. Compressor being the major power consuming component of the AC, its state (at any
time instance) principally drives the AC energy consumption. Thus, to improve the user
experience, the optimizer finds a set temperature with least impact on the user comfort
while minimizing the compressor on duration.

When a resident turns on the AC, (s)he sets the thermostat temperature and a CET
value. The optimizer utilizes the set temperature to simulate the room temperature and
AC compressor state. However, within a room, the temperature in any region depends on
numerous factors such as the distance from the AC, exposure to external weather conditions,
and heat transfer from the adjacent spaces, among others. Thus, the framework leverages
a theoretical thermal model to understand temperature variations within the room. As
thermal conditions may vary significantly from one home to another, the tuner adjusts the

model parameters for a particular environment using the data from its historical AC usages.
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Sensation pmuy (Lower Limit) pmuy (Upper Limit)  pmuyes

Cold - -2.5 -3.0
Cool -2.5 -1.5 -2.0
Slightly Cool -1.5 -0.5 -1.0
Neutral -0.5 +0.5 0.0
Slightly Warm +0.5 +1.5 +1.0
Warm +1.5 +2.5 +2.0
Hot +2.5 - +3.0

Table 3.1: PMV ranges for each sensation level

The optimization framework, using the tuned thermal parameters and weather forecast,
predicts AC compressor state (to compute savings) and the region-wise temperature (to
calculate region-wise discomfort) for various thermostat temperature. While savings (in
AC energy consumption) quantifies the impact of a particular set temperature on AC energy
consumption, discomfort signifies the effect on occupants’ comfort. The optimizer outputs
a thermostat temperature that maximizes the weighted average of savings and discomfort
for a given value of CET.
Eact — Enew

savings (%) = —5 X 100 (3.1)
act

Energy Savings

It is the percentage change in AC energy consumption before (FEq.;) and after (Ejey) chang-

ing the thermostat temperature (Equation 3.1).

discomfort =| pmuvace — pPMyes | (3.2)

Occupants’ Discomfort

Franger’s Predicted Mean Vote (pmwv) is an ISO 7730 standard and widely used to estimate
human comfort within the buildings [45]. It assigns a numerical value based on 1. ambient
air temperature (°C), 2. mean radiant temperature (°C), 3. air velocity in the room (m/s),
4. relative humidity (%), 5. metabolic rate of the occupants (met), and 6. clothing insulation
of the occupants (clo). On a thermal scale, pmv varies from Cold (-3) to Hot (+3) and

consists of seven sensitivity levels for the humans (Table 3.1) each having a lower (pmuy)
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and an upper bound (pmuv,;). Comfort is subjective and differs from person-to-person.
Given that people adapt themselves to a particular environment, their preferred sensation
often deviates from Neutral [68, 138]. Therefore, the proposed framework based on the
set temperature provided by the residents estimates the desired sensation of the occupants.
The optimizer then looks for a thermostat temperature that keeps the pmuv close to the
midpoint (pmu,es) of the estimated sensation level (Equation 3.2).

Though it is viable to monitor each factor which is required to compute pmuv, the current
thermal model (discussed in Section 3.3.2) of the framework computes pmuv using tempera-
ture in the region (under consideration) as the ambient air temperature, wall temperature
as the mean radiant temperature, and remaining as per the ASHRAE (The American Soci-
ety of Heating, Refrigeration and Air-Conditioning Engineers) standards. We discuss pmuv

computations and value of each factor in detail in Section 3.3.3.

Comfort-Energy Trade-off

The AC settings differ across the users according to their cooling requirements. Some people
prefer to optimize the AC usage to reduce their electricity bill, while others choose to cover
themselves with thick blankets and set their AC thermostat to lowest possible temperature.
The proposed framework allows the residents to mention their preference through CET, for
any thermostat temperature.

—

score = a X savings + (1 —a) x (1 — discomfort ) (3.3)

The optimization function (Equation 3.3) maximizes score to get the optimal value of
set temperature for the thermostat. To bring both (savings and discomfort) on the same
scale ([0, 1]), savings and discomfort are the metric values normalized with the maximum
savings and discomfort, for the particular AC usage. We subtract the later half from 1
to make the overall problem a maximization problem. « is the weight that ranges from 0
(min discomfort) to 1 (max savings) and decided based on the value set by the residents
on CET on the portable+ thermostat. While finding the optimal thermostat temperature,

framework ensures that the following constraints are satisfied:

1. Epew < Egq ie. in worst case, optimizer should return the actual thermostat tem-

perature set by the users.
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2. pmuy < PMUpewy < pMuy i.e. any change in thermostat temperature should keep

occupants’ comfort (i.e. pmuye,) within the same sensitivity level as of pmu,g.

Since occupants are free to use the AC as per their convenience, the optimizer considers
pmuyg as their comfortable sensitivity level. Therefore, the second constraint ensures that
user comfort (after changing the thermostat temperature) remains within the lower (pmuy;)

and upper (pmuy;) limits of the actual sensitivity level (Table 3.1).

3.3.2 Tuner

Different parts (or regions) of a room perceive different temperature. The equation between
region-wise temperature is non-linear; therefore, the framework needs a simplified model to
emulate the thermal response of a building by capturing its essential behaviour. Studies
show that analysis based on ‘lumping’ entire room into a small number of parameters
can help develop smart, powerful, and energy-efficient solutions [142, 51, 52]. In contrast
to extensive instrumentation of a room, embedding thermal model in the framework also
ensures scalability of the approach to any environment. We now present one such thermal
model to demonstrate the approach. Though in the specified model, we divide the room

into three regions, Appendix A presents a generic formulation for an n-regions space.

Thermal Model

In a controlled experiment, we deployed temperature sensor in three distinct regions (let’s
say R1, R2, R3) and noted an average temperature of 23°C, 27°C, and 34°C (during the AC
usage) for a set temperature of 24°C'. Motivated by Lake Thermal Stratification [32] that
divides the lake into 3 different thermal zones - top zone which receives sunlight, bottom
zone which is always dark and cold, and a mixing zone in between wherein water from top
and bottom zone mix due to currents; we also divide the room into 3 regions - Low Impact
Region (lir), Moderate Impact Region (mir), and High Impact Region (hir). Here, hir
corresponds to the area in proximity of the AC, thus facing direct and the maximal impact
of the cold air coming from the AC. Further, mir is the region where occupants spend their
significant time and often have an indirect effect of AC cooling, while lir primarily includes
the corner spaces of the room. Instead of physical boundaries, these regions are considered

to be separated by a thin layer of air having negligible thermal mass. The framework
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Figure 3-3: Pictorial representation of various thermal interactions considered in the thermal
model of the proposed optimization framework
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Equation 3.4 and Equation 3.5-3.7 describe the mathematical formulation for the heat
lost/gained (due to indicated thermal interactions) by the wall (facing outside), and the
three regions of the room (hir, mir, and lir), respectively, in a given time interval 7.
During the time duration 7, we consider conductive heat transfers due to the difference in
temperature of the region (under consideration) and the adjacent spaces such as weather
conditions, wall (facing outside), neighbouring regions, and the AC as depicted in Figure 3-
3. We assume negligible heat transfer through adjacent rooms within the home. T,y
takes care of the changing weather conditions and thermal noise (depicted by 7., where
r € {hir,mir,lir}) in each region models the dynamic occupancy patterns and various

other activities, such as frequent opening/closing of doors/windows in the room.

0= {Owalh Chim Cmira Clirv b wall Klm,;ll, Khw K Klzr

wall» Prwally Hw extrtrext » Prext

il i li
Kgg)gf ) KI:,?:"T) anmrir) Nhirs Nmars Mir QAC}

(3.8)

Table 3.2 lists all the symbols used in the thermal model. The thermal model consists
of 17 parameters (Equation 3.8) where each parameter is physically significant in the real-
world and should be adapted to a particular environment. Depending on the material of
the wall, insulation quality, and various assumptions, it is feasible to compute theoretical
values for the stated parameters, but that will make the approach unscalable across diverse
type of rooms. Besides, with aging, each parameter of a thermal model can see noteworthy
deviations in their values, e.g. efficiency of AC might degrade with time. Therefore, before
predicting each AC usage, the tuner automatically adjusts each parameter (of the thermal
model) based on the data gathered from a few recent historical AC usages. The tuner uses
theoretical values from the literature [25, 55] to derive appropriate range for initializing the
parameters. Initialization based on theoretical values ensures inclusion of domain knowledge

while performing statistical optimization.
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Symbol Description Unit

T Sampling Interval S

r Thermal region € {hir, mir, lir} -

Ny Thermal noise in region r —

Qac Cooling capacity of AC kW
TT(t) Temperature in region r at time instance ¢ °C
Te(i)t External temperature at time instance ¢ °C
TSC)L” Temperature of wall (facing outside) at time instance ¢ °C

C, Thermal capacity of region r kJ/K
Cuall Thermal capacity of wall (facing outside) kJ/K
K Heat transfer coefficient between wall (facing outside) and region r kW /K
K, Heat transfer coefficient between external environment and region » kW /K
Kwall Heat transfer coefficient between wall (facing outside) and weather kW /K
Kmir Heat transfer coefficient between hir and mir EW/K
Kl Heat transfer coefficient between mir and lir EW/K
Sz(axt)c AC compressor state (on/off) at time instance ¢ -

Table 3.2: List of symbols used in the proposed thermal model

Tuned Thermal Model

The power of Grey Box Modelling lies in its ability to tune the model parameters (with
time) using the sensory data. As tuning involves the actual (temperature) data collected
from the room, the adjusted parameters are an approximate representation of the thermal
behaviour of the room. By using the data from recent n AC usages, tuner keeps updating
the parameters (before each AC usage) to accommodate changes in weather conditions,
user activities (in the form of thermal noise), and various other dynamics of the room. The
optimal parameter vector 8* minimizes the total squared error between estimated (T,SZ)

and observed (7, ,52) temperature in hir to tune the model parameters (Equation 3.9).

toff
6* = argmin Z (T,EQ, - T,gfz,)Q (3.9)
0 i=ton

t°" and t° are the time instances when user turned the AC on and off, respectively. The

objective function is convex and quadratic with added constraints of {C'., Cuaurs Koy, Ko i1

ext >

Kwall K, Krlfl’;w Qact >0, Vr € {hir,mir,lir}. We solve this constrained convex opti-
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mization problem using the SNOPT solver in AMPL, a modelling language for mathemati-
cal programming. In an attempt to avoid local optimum, we initialize each parameter with
twenty random instances of parameters, limits (lower and upper) of whom are derived from
the domain knowledge. Empirical evaluation over the collected dataset shows that the data
from n = 4 usages (each of length 4 hours) can tune the (discussed) thermal model with a
decent accuracy.

The optimizer utilizes the tuned thermal model to predict region-wise temperature and
AC compressor state at each time instance. While region-wise temperature computes the
user comfort, the predicted compressor state (Sa¢) calculates the AC energy consumption
(Equation 3.10).

sl

E kWh) = P, x =222 240
nergy (kWh) = P x == 0

P, is the rated power consumption of the AC, and S,(;)C denotes the AC compressor

X T (3.10)

state at any time instance t. Here, t°" and t°F are the time instances when user turned on
and off the AC, respectively. 1/7 denotes the sampling rate in hertz (Hz) used for the data

collection.

3.3.3 Putting Things Together - A Case Study

For a random day from one of the rooms of in-situ deployment, we now illustrate the
functioning of the proposed framework in finding optimal set-temperature to control the
AC. For the scenario under consideration, the thermostat is present in hir and set at 21°C.
The sensors are collecting data every 2 minutes, thus setting 7 = 600 seconds to compute the
AC energy consumption. Besides, we use standard ASHRAE values for other parameters
to calculate pmv at any time instance during an AC usage. The occupants never used the
fans; thus we use standard value (for a static environment) for the velocity of air i.e. 0.5
m/s. We set relative humidity to 50% as the thermal model (Section 3.3.2) only predicts
the room temperature. Though it is feasible to predict humidity by using a further complex
thermal model, we limit the scope of this study to temperature only and leave dynamic
humidity exploration as part of our future work. We conducted both the studies during
summers; thus we set clothing level to be 0.5 clo. Also, given that study included only

bedrooms and living rooms, occupants were either sitting or sleeping during the AC usages
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comfort savings score

Tset pmv  discomfort discgrzfort co?n%rt energy savings samgs a=0.2 0.5 0.8
21 —0.13 6.24

22 +0.08 0.21 0.25 0.75 5.46 0.78 0.24 0.65 050 0.34
23 +0.28 0.41 0.49 0.51 4.68 1.56 0.48 0.51 0.50 0.49
24 +0.49 0.62 0.74 0.26 3.83 241 0.74 0.36 0.50 0.65
25 +0.71 0.84 1.00 0.00 2.29 3.25 1.00 v inv v

Table 3.3: Illustration of optimisation framework through an AC usage where AC is cur-
rently set at 21°C'

(also confirmed by the residents). Thus, we set metabolic rate equal to 1.0 met, defined for
occupants sitting in the room. The value of 7 and other parameters (to compute pmuv) will
be valid even for the subsequent analysis of the framework in Section 3.4.

Table 3.3 shows the analysis to find optimal set temperature for a given value of set
temperature and CET (or «). When set at 21°C, the value of pmv = —0.13 indicates that
residents (in mir) will feel Neutral during the AC usage and consume 6.24kWh energy.
Based on this information, the optimizer of the framework looks for a set temperature that

maximizes the score and keeps the sensation level at Neutral (in mir).

Maximize Comfort (o = 0.2)

When a (or CET) is set to 0.2, the optimizer changes the thermostat temperature to 22°C
for maximizing the user comfort during the AC usage. By increasing the set temperature
by 1°C (21°C" — 22°C), residents will experience better comfort as it brings the pmuv closer
to the mean value of Neutral sensation (pmv = 0.0). Moreover, running the AC at 22°C
also reduces the AC energy consumption by 0.78 kWh (i.e. 13%) while improving the user

experience.

Comfortable Energy Savings (a = 0.5)

CET = 0.5 implies that users are ready to compromise a little on their comfort but also
looking for potential energy savings for the AC. Though scores remain same by increasing
the thermostat temperature to 22°C, 23°C, or 24°C, the optimizer set AC at 23°C. By
doing so, energy savings increases to 25% (with a slight drop in comfort) while maintaining

an equilibrium between both comfort and the savings.
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Maximize Savings (a = 0.8)

Next, we demonstrate the potential of the framework in maximizing the AC energy savings.
Though setting the thermostat to 25°C will result in maximal savings, but it violates the
second constraint of the optimization function (of the optimizer) i.e. pmupe, should remain
within the same sensitivity level (Neutral). As Ty = 25°C is an invalid temperature
(depicted by inv) for the thermostat, framework operates the AC at 24°C to achieve the
desired CET. Raising the set temperature from 21°C' to 24°C increases the energy savings
to 39% i.e. three times of the energy savings obtained by setting the CET = 0.2.

The framework in a portable+ thermostat dynamically decides the set temperature, as
explained above, in fixed time windows by looking at the weather prediction fetched from a
weather station. This will ensure that while the user provides a static reference set temper-
ature and a personal desire to optimize between comfort and energy savings, the framework
automatically keeps changing the set temperature in accordance with user inputs. Next, we
assess the accuracy of our tuned thermal model in simulating the temperature (across the
regions) followed by the impact analysis (of both portable and portable+ thermostats) on

occupants’ comfort and the AC energy savings.

3.4 Evaluation

In real world, portable+ thermostat senses temperature from a single location in the room.
To emulate the actual condition in different parts of the room, proposed framework uses
a lumped parameter thermal model; tuned using the temperature data gathered from the
sensing point. For a comprehensive analysis, we carried out a controlled experiment in
two rooms (bedroom and living room of a home) over two weeks and collected data from
three different locations within the room, each representing a different thermal zone. The
controlled experiments helped us in examining various hypothesis. For a broad and diverse
evaluation of portable4, we conducted an in-situ deployment across five different homes
over a duration of three months and monitored everyday AC usage by the occupants. For
both the dataset, using Leave-p-out Cross Validation (Lpo-CV), we assess tuned parameters
(of lumped thermal model) in estimating the temperature across different regions. Later,
using the tuned models, we analyze the impact of portable+ thermostats on occupants’

comfort and AC energy consumption. We begin this section by briefing our experimental
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setup used for the data collection across controlled and in-situ deployments.

3.4.1 Data Collection

For both controlled experiments and in-situ deployment, we connected a low-cost temper-
ature sensor (Maxim DS18B20!) to a single-board computer (Raspberry Pi). For ground
truth, we also monitored power consumption of the AC across all the rooms. We pushed

the collected data to a cloud server.

Controlled Experiment

We deployed three temperature sensors in a bedroom (represented as CEBR herein) and
a living room (designated as CELR herein) of a home for a duration of two weeks. While
the bedroom was small in size (floor area of 13.2 m?) having a 1.5 tonne AC, the living
room was comparatively larger in size (floor area of 20.06 m?) containing a 2 tonne AC.
To decide the regions for placement of temperature sensors, we asked a few volunteers to
feel the cooling from the AC at distinct points in the room. For each room, we combined
volunteers’ feedback with temperature measurements at those locations to deploy three
temperature sensor, one in each region of the thermal model - high impact region (hir),
moderate impact region (mir), and low impact region (lir). To monitor weather conditions,
we kept one temperature sensor in the balcony of the home. During the study, we set the

thermostat to different temperatures and experienced diverse weather conditions.

In-Situ Deployment

To further validate our hypothesis in real-world, we also conducted an in-situ deployment in
five different homes (for three months) which consist of three bedrooms (ISR1, ISR2, ISR5)
and two living rooms (ISR3, ISR4). One of the biggest challenges for in-situ deployment
was to ensure occupants’ comfort in daily routine. Therefore, during the data collection, we
asked residents to follow their usual routine and only confirm their thermostat temperature
for each AC usage. Further, to avoid inconvenience to the occupants, we monitored temper-
ature only in hir (nearby AC) and AC power consumption (for ground truth). To monitor
the weather conditions, we used an API of third party weather stations (Weather World

Online [164]) which reports temperature as recorded by their nearest station every half an

"https://www.maximintegrated.com/en/products/analog/sensors-and-sensor-interface/DS18B20.html
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hour. We understand that not monitoring the temperature in other regions (for tuning the
thermal model) and also using a proxy (in the form of a weather server) to monitor weather
conditions can develop a bias during the impact analysis of data from in-situ deployment.
However, this also represents a genuinely low-cost and scalable transition to portable+ that
monitors the temperature at only one location in the room. We use data from controlled
experiments to understand the accuracy for estimating temperature across the regions when

data from only one region is available.

error = \/E[(Tr(t) - Tr(t))Q], Vr € {hir, mir, lir} (3.11)

3.4.2 Validation of Tuned Parameters

Tuned thermal model from our optimization framework is a pre-requisite to analyze the
impact of set temperature and placement of portable+ thermostat on occupants’ comfort
and AC energy consumption. We use root mean square error (RMSE) in estimated temper-
ature across the different regions to evaluate the accuracy of proposed framework in tuning
the parameters of the thermal model (Equation 3.11), where E[.] denotes the expectation

of squared error.

Leave p-out Cross Validation (Lpo-CV)

We term an AC usage as the duration from the time user switched on the AC till they
switched it off. In Leave-p-out Cross Validation (Lpo-CV), we train the model from n — p
AC usages and test the tuned parameters over remaining p usages. Here n is the total
number of such AC usages observed during the data collection and p denotes the size of
test dataset. For example, if there are 10 AC usages in a home and p equals 30%, then
we train our model using first seven usages and test the tuned parameters over remaining
three usages. It continues in a circular fashion until it learns the model on all possible
combinations of n — p consecutive AC usages. In our case, we divided the total number
of usages (n) into 70% training and 30% testing dataset for all the rooms, from both the

deployments.
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Figure 3-4: Leave p-out Cross Validation: Using data from WS instead of LS had little
impact on RMSE when objective function varied from O1 to O3 but introduced uncertainty
in estimating T}, across both (a) Bedroom (CEBR) and (2) Living Room (CELR) from
the controlled experiment. (c) Tuned thermal model (using O1 as the objective function),
estimated the temperature across three regions with reasonable accuracy while using WS (to

monitor weather) for both the rooms in controlled experiment. (d) Accuracy in estimating
Thir for both bedrooms (ISR1, ISR2, ISR5) and living rooms (ISR3, ISR4) from the in-situ

deployment.
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(3.12)

We begin the validation with analyzing the influence of 1. choice of objective function

ie. 01, 02, and O3 (Equation 3.12), and 2. monitoring weather conditions using a local

sensor (LS) in place of an API from third party weather station (WS).

As we vary the objective function from O1 to O3, we need additional temperature in-

formation sensed across different regions.
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estimating Tj;-) for CEBR and CELR, respectively, across three different objective func-
tions when using WS and LS to monitor the outside weather conditions. We observe that
including more information (O1—-02—03) in the objective function while making a lit-
tle improvement in estimating T};, across both the rooms, reduced standard deviation by
0.03°C. We further noted that temperature from WS deviated (absolutely) by 6°C (o =
2.8°C') from the temperature sensed by LS, resulting in some uncertainty in estimating T,
(i.e. increase in standard deviation).

Next, we validate the tuned thermal model (using Lpo-CV) on the data from the con-
trolled experiment (in estimating Tp., Ty, and Tj;.) while using O1 as the objective
function and weather data from World Weather Online [164]. Figure 3-4c shows the mean
error in estimating temperature across the three regions while using the tuned thermal
model. We noticed a mean RMSE of 1.54°C (¢ = 0.38°C), 1.19°C (¢ = 0.68°C), and
1.64°C (o = 1.48°C) in estimating Thj, Tinir and Ty, respectively, in the bedroom. Even
though the living room was larger than the bedroom, and connected to a corridor (possi-
bly resulting in some thermal leakage), tuned thermal model estimated T}, Trnir and Ty,
with an RMSE of 1.22°C' (o = 0.68°C'), 1.15°C (0 = 0.99°C), and 1.81°C (¢ = 1.18°C).
These errors align with those presented in the existing literature [37] and show that thermal
model is reasonable enough to estimate temperature across the regions, specifically for our
application. While reducing objective function (to O1) and using WS (to monitor weather)
brings a little uncertainty in the tuned parameters, they are critical in ensuring that the
proposed approach is scalable and less intrusive for the occupants. To be closer to a scalable
scenario and analyze its effectiveness, we deployed only one (temperature) sensor in hir and
used (third-party) weather server for the validation of tuned thermal models from in-situ
deployment. We observed that RMSE increased to 3.15°C' (o = 0.77°C) for the bedrooms
(ISR1, ISR2, ISR5) and 7.4°C (o = 4.6°C) for the living rooms (ISR3, ISR4), as shown in
Figure 3-4d.

Where Things Went Wrong?

Primary reason for the increase in errors and standard deviation for in-situ deployment is
the increase in thermal noise due to numerous uncontrolled and dynamics activities of the
occupants present in the room. In Section 3.3.2 we outlined a thermal model that depicts

the dynamic activities of the occupants as a noise in each region (7, ) which is constant at any
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time instance t. Thus, a source generating constant (thermal) noise will make insignificant
effect on simulation accuracy, although dynamic and random activities during the AC usage
can increase the simulation errors significantly. For instance, we carried out an experiment
(in a controlled setting) to understand the impact of five activities in simulating the room
temperature - 1. keeping doors open, 2. keeping windows open, 3. running the (ceiling) fan,
4. single occupant working, and 5. multiple occupants working (Figure 3-5). During the
experiment, we carried out each activity for an hour under similar weather conditions and
noted slight deviations in RMSE across the activities. However, for in-situ deployment,
users were allowed to follow their daily schedule which resulted in (a few) AC usages that
incorporated (random) noise from multiple of such sources. To illustrate, Figure 3-6 presents
one such usage annotated with multiple activities that arose at distinct time intervals while
using the AC. As the (current) model is unaware of changing fan/door/window status
(on/off), it will predict assuming an average noise through these sources; thus inflating the
errors. In bedroom, people used their AC mostly during the night while sleeping; thus, the
influence of dynamic activities is less when compared to the living rooms. Further, living
rooms also include many shared spaces such as corridor impacting the thermal leakage
from the room and raising the average error during cross-validation. While a higher order
thermal model can reduce these errors, but such a model will require more information;

thus additional instrumentation of the home.
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Parameter CEBR CELR ISR1 ISR2 ISR3 ISR4 ISR5

Qac, kW 6 7.9 5.2 4.9 7.6 8 5.32
Chir, kJ /K 206 475 311 516 787 862 439
Coir, kJ | K 148 160 148 348 495 337 271
Clir, kJ /K 90 110 50 150 275 431 112
Cuwalt, kJ /K 653 153 453 153 833 670 492

KM kW /K 0.34 0.18 0.22 0.12 0.83 0.35 0.16

wall’

Kmir kW /K 0.06 0.23 0.11 0.01 0.51 0.24 0.07

wall’

Kbir, kW/K 003 035 009 003 091 041 025

Kb kW /K 0.09 032 013 013 159 023 0.28
Kmir kW /K 0.24 0.13 0.02 002 084 044 0.7
Kl kW /K 0.4 0.14 0.07 003 075 095 0.15
Kmir kW /K 0.29 1.1 04 088 082 112 0.99
Kb kW/K 0.37 0.6 023 043 085 037 087
Kl kW /K 0.15 015 017 0.09 072 036 0.16
Nhir 0.15 0.34 026  0.71 3.1 1.38 047
N 0.48 0.18 033 063 376 3.09 0.59
Niir 0.35 048 048 058 585 4.05 1.2

Table 3.4: Tuned parameters of the thermal model for each rooms from both controlled and
in-situ deployments

Sensitivity Analysis

The tuner learns from historical n usages to predict and analyze (n+ 1) usage for optimal
set temperature. To select the value of n, we measured the average simulation accuracy
for all the rooms (from in-situ deployment) while varying the size of training data from
one to ten AC usages (Figure 3-7). We observed that simulation accuracy averaged over
all the rooms (dotted line) stabilizes at four usages and shows insignificant improvement
beyond that. Thus, in real-world, we used four recent historical usages to learn our thermal
model to predict for the next usage. However, to set up the testbed (for Impact Analysis),
we tuned the thermal model for each room using the complete dataset i.e. including all
AC usages for a particular room. As we are bound to respect the privacy concerns of the
volunteers, the list of learned parameters ensures that results are reproducible even though

we are unable to share the datasets. Table 3.4 summarizes the learned model parameters
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Figure 3-8: Impact Analysis: (a) Energy savings increase when we move our optimization
goal from minimizing discomfort to maximize energy savings (a« = 0.0 — 1.0) across all
the rooms. The portable+ thermostat is consistent with achieving these energy savings
across different set temperature for both type of rooms; (b) Bedroom and (c) Living Room
from the controlled experiment. (d) When compared with portable thermostat, portable+
thermostat increases comfort (by reducing discomfort) across all the room. Similar to energy
savings, % change in discomfort (Agiscom), when moved from portable to the portable+
thermostat, has a weak correlation with T§.; across both (e) Bedroom and (f) Living Room
from the controlled experiment.

for all the rooms. Using the testbed, we next present our impact analysis on portable+
thermostats to quantify their impact on occupants’ comfort and AC energy consumption,

in terms of savings and discomfort.

3.4.3 Impact Analysis

Optimization framework requires tuned thermal model (of the room), external temperature,
and Tp;, at the time when AC was turned on (t°"). Therefore, to carry out the impact
analysis, we collected historical weather data for the period when we conducted both the
studies (controlled and in-situ). From our (in-situ) dataset, we observed that much (45%)
of the AC usages (across all the rooms) was between 12 AM and 4 AM. Therefore, for the
period of controlled study (2 weeks) and in-situ deployment (3 months), using the tuned

thermal model of each room, we estimated the temperature (in hir, mir, and lir) between
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12 AM to 4 AM while considering a diverse set of thermostat temperature. During the
simulation, we set the thermostat at 25°C' (for the controlled experiment) and frequently
used set temperature (by the residents) for in-situ deployment i.e. 27°C' (ISR1), 24°C
(ISR2), 26°C (ISR3), 25°C' (ISR4), and 21°C' (ISR5). Based on the estimated temperature
measurements (across all regions) and AC compressor state, we assess the potential of
portable+ thermostats in attaining maximum savings while reducing occupants’ discomfort.

discomfort,,, — discomfort,q,

Adiscom((%) =

(3.13)

discomfort,y

We use Agiscom (Equation 3.13) to depict percentage change in discomfort when shifting
from portable to a portable+ thermostat. Here, discomfort,,  indicates occupants’ dis-
comfort observed due to portable+ thermostats for the optimal settings, while discomfort,,
depicts the discomfort incurred by using portable thermostats. A higher value of Agiscom
implies better user comfort (or reduced discomfort) if switched from portable to a portable-+
thermostat to optimize AC energy consumption.

Figure 3-8a and Figure 3-8d shows the average savings and Agjscom (When compared
to the portable thermostat) across different rooms while varying the a in Equation 3.3.
As we move our optimization to maximize energy savings from maximizing occupants’
comfort (&« = 0 — 1), we noted a significant increase in energy savings across all the
rooms, with maximum energy savings of 50% achieved for ISR3. On the other end of the
spectrum, with o = 0, significant improvement in comfort was achieved (as expected),
with the maximum change in comfort being 50% attained for ISR2. Further, in controlled
experiments, we collected data at different set temperatures to understand the savings and
comfort potential across different user settings. We observed that improvement in comfort
(Figure 3-8e, 3-8f) along with increased energy savings (Figure 3-8b, 3-8¢) is achievable
across a range of set temperatures. Before moving further, we remind readers that across
all the optimization (that we discuss now), we ensure that the constraints (1) Epew < Egd,

and (2) pmuy < pmupey < pmuy; are met, as discussed in the previous section.

Maximize Occupants’ Comfort (a = 0.0)

The job of the AC is to maintain comfortable room temperature for the occupants. Thus, we

begin our analysis with maximizing comfort (or minimizing discomfort) for the occupants.
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With o = 0.0, our analysis shows that portable+ thermostats reduce occupants’ discomfort
by 23% (o = 11%) (Figure 3-8d) while still saving 11% (0 = 7%) (Figure 3-8a) energy
(across all the rooms), as compared to portable thermostat. These improvements over
portable thermostat are given the fact that portable+ thermostat seek to attain peak (from
Figure 3-1) for Alice which ensures minimal discomfort (in mir) while optimizing for AC

energy consumption.

Comfortable Energy Savings (a = 0.5)

The power of portable+ thermostat lies in its potential to attain comfortable energy savings
i.e. optimize AC energy consumption while maintaining occupants’ comfort. As we move
a to 0.5, savings increased to 21% (o = 14%) while reducing discomfort by 7% (o = 15%).
The high deviations (in Ag;scom) is given the fact that human comfort may vary significantly
as per the weather conditions. Thus, with a change in climate, comfort requirements of Alice
(curve in Figure 3-1) may shift either towards left or right. However, Alice following a daily
routine will operate her AC at 18°C' which can fall towards left on the much lower side
and also close to the peak value. Depending on where user comfort resides (on the curve)
for a given set temperature and weather conditions, likelihood of savings and comfort may
vary significantly in magnitude. Such variations across diverse climate further advocate the

necessity of portable+ thermostat for residential ACs.

Maximize Energy Savings (« = 1.0)

Next, we move our optimization goal towards maximizing the energy savings. We observed
that now portable+ thermostat is no better than a portable thermostat in reducing the
occupants’ discomfort while optimizing the AC energy consumption. Discomfort intro-
duced by portable+ thermostat increased by 10% (o = 12%) when compared with portable
thermostat, however, energy savings also increased to 26% (o = 12%).

To conclude, referring to savings for 18°C' (from Figure 3-8b), our analysis indicates
that portable+ thermostat empowers Alice in saving 10% energy while keeping her comfort
intact (o = 0.5) while using the set temperature from her daily routine. With slight
discomfort, savings (from AC) can raise up to 14% by switching to power saving mode of the
thermostat. Moreover, to do so, all she need to do is set the thermostat at any temperature

and mention her requirements (peak comfort/maximal savings) at CET, and portable+
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thermostat will take care of everything else. By using the portable+ thermostats, residents
(like Alice) can attain a balance between their comfort and energy savings. Depending on
their preference, they can save up to 26% energy (when set on power saving mode) and
reduce their discomfort by 23% while aiming for the peak comfort. Realized savings can
be significantly improved by further optimizing the control logic of portable+ thermostat

through various applications, which we discuss in the next section.

3.5 Challenges And Discussion

In this work, we proposed portable+ thermostat that uses a 2"¢ order thermal model to
make AC operations energy-efficient and comfortable for the users. For the detailed ther-
mal model, we depicted numerous sources affecting the room temperature (such as doors,
windows, fans, among other) as a lumped thermal noise that ensued lower accuracy for a
few usages from in-situ deployment. However, thermal model is an input to the frame-
work, and installing motion sensors (to detect occupancy) and relay sensors (to determine
door/window status) will allow the system to utilize thermal models with low errors. Hav-
ing said that, the framework is open to refinements for any n-region room (Appendix A),
places where residents possess inverter ACs (Appendix B), or any other scenario; therefore,

model assumptions should not be confused with the limitations.

Next, though we propose portable4+ thermostat, this study neither deals with the ther-
mostat design nor its mobile application. Studies show that human-centric prototypes of
such devices (and applications) can significantly influence the outcomes; thus we keep that
thread open for the concerned community. Further, the optimization framework comprises
of two components - (1) optimizer, and (2) tuner. The optimization function (of optimizer)
aim to maximize the weighted average of savings and discomfort. The stated function
ensured 26% savings for power-saving mode and enhanced the user experience by 23% in
an attempt to attain peak comfort for the residents. Though the wide adoption across the
community establishes the reason behind the choice of metrics (such as PMV), and functions
(for savings, discomfort, and score) in the framework; they are the nut and bolts of the
proposed system. For instance, in current implementation, we only consider temperature
in hir and wall temperature to compute pmuv; however, the formulation includes other pa-

rameters also, such as air velocity, relative humidity, metabolic rate of the occupants, and
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clothing insulation. While we can sense these parameters, directly or indirectly, to enrich
the model, the current implementation is limited and assumes standard ASHRAE values
for the other parameters. Since tightening them might boost the performance of portable+
thermostat, we encourage the community to study their variants towards enhancing the
proposed framework.

The portable+ thermostat is capable enough to work for any window AC in any geog-
raphy of the world, but we analyzed its effectiveness through a dataset collected from the
homes of a particular area in India. Climate, users’ attitude (towards energy savings), and
many other factors differ significantly across the geographies. Though the shown numbers
are an indication of better comfort along with notable energy savings, there can be consider-
able discrepancy across (and within) the countries. Therefore, a real-world implementation

is critical to understand its effectiveness in achieving the desired goals.
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Chapter 4

Influence of Prediction Errors

I am going to make a prediction - it could go either way.

— Ron Atkinson, Britain’s Best-Known Football Pundit

4.1 Introduction

In the literature, several studies proposed different control strategies which broadly fall into
two categories: reactive [60] and predictive [79, 123]. Typically, in a reactive controller,
air-conditioners respond to measured occupancy in a zone. Here, occupancy is measured
using motion, C'Oy sensors, or by monitoring building’s WiFi infrastructure [159]. Since
buildings typically take some time to respond to control inputs, better performance can be
obtained using predictive control strategy where the controller selects the optimal trajectory
of set points for a finite time horizon [76]. Of the predictive control techniques, perhaps the
best-known approach is Model Predictive Control (MPC) [53].

In a typical MPC, a known building thermal model estimates the future system state
using forecasts of model inputs, such as building occupancy and outside air temperature.
However, the effectiveness of this approach depends on the accuracy of the predictions. As
prediction accuracy deteriorates, MPC performance - in terms of occupant comfort and
building energy use - degrades and may get even worse than conventional techniques. In
recent work, Oldewurtel et al. [122] extensively studied the influence of errors in weather
forecast on HVAC energy consumption and occupants’ comfort and quantified the impact
of mispredictions. However, the work neither addressed errors in occupancy prediction nor

studied the ways to mitigate the influence of prediction errors.
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In this chapter, we address this gap. While using the occupancy data from a commercial
building, we study the influence of occupancy errors on MPC performance using a custom-
built building simulator. We also model and analyze the impact of personal environmental
control system (PEC) in the presence of prediction errors. A PEC could be an off-the-shelf
desktop fan or a heater to provide individual thermal comfort [22]. We find that PEC when
used with model predictive control, can reduce both - the variability in energy consumption

and the occupants’ discomfort.

Our contributions are as follows:

1. We present the design and development of a building thermal simulator that models
conventional schedule-based, reactive occupancy-based, and predictive MPC-based

HVAC controllers.

2. We extend the MPC-based control strategy proposed by Kalaimani et al. [85] and

allow PEC to react between any two consecutive states of the system.

3. We quantify the impact of occupancy prediction errors on two MPC-based control
strategies - with and without PEC. For analysis, we use occupancy data from forty-
five volunteers over three months and simulations of a test building in both heating

and cooling seasons.

4. Tt is important that occupancy forecast errors are realistic; thus, we propose a method
to systematically introduce realistic occupancy errors into MPC predictions using real-

world occupancy data.

The rest of the chapter is organized as follows. Section 4.2 discusses the literature and
studies conducted in the past. In Section 4.3, we outline the control strategies studied in
the chapter. In Section 4.4, we present the detailed architecture and design of the thermal
simulator followed by detailed analysis in Section 4.5. In Section 4.6, we discuss several

limitations and possible future directions of the study and conclude the chapter.
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4.2 Related Work

4.2.1 Central HVAC Controllers

In the past, researchers have extensively studied the optimization of HVAC controllers to
minimize the aggregate energy consumption and maximize user comfort [73, 77]. Agarwal
et al. [3] studied aggressive duty cycling of HVAC based on occupancy patterns within the
building. Lu et al. [107] proposed a smart thermostat to automate HVAC control by sensing
occupancy and sleeping patterns in residential buildings. The occupancy-based control al-
lows buildings to operate outside of comfort regimes when unoccupied, thus reducing energy
usage [44]. Henceforth, several other studies also explored the use of occupancy information
to optimize the HVAC energy operations [43, 11, 44, 118, 8, 72, 94, 96, 146, 165]. However,
centralized HVAC controllers divide a building into thermal zones comprising of private
and shared spaces. Within each zone, these control strategies maintain ASHRAE stan-
dard while assuming each zone as either occupied or unoccupied; thus, ignoring individual

comfort requirements.

4.2.2 Personal Environmental Control

For personalized comfort, studies proposed to use personal environmental control systems
(PECs), especially in shared spaces [22, 18, 171, 52, 51, 136]. Unlike conventional centrally-
controlled HVAC system, where people share the same set point temperature [35, 74|, PEC
systems can meet the comfort requirements of all occupants, albeit at the cost of additional
energy expenditure. Kalaimani et al. [85] merged PEC with model predictive control to
further minimize the HVAC energy consumption and maximize the user comfort.

Though advanced predictive control strategies (such as MPC) have the potential to
optimize HVAC operations significantly, none of the studies mentioned above quantify the
influence of the prediction errors on the energy consumption of HVAC and on the occupants’

comfort.

4.2.3 Error Analysis

Oldewurtel et al. [122] studied the influence of errors in weather forecast on MPC-controlled
HVAC operations, and their results indicate that the quality of weather predictions highly

correlates with the performance of the model predictive controller. However, the study only
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Symbol Description Unit

u(t) Supply air temperature at time ¢ °C

v (1) Rate of flow of supply air in room j of a VAV zone i at time t m3/s

Table 4.1: List of HVAC control variables

focused on prediction errors in the weather forecast and the evaluation was limited to “pure”
MPC-based HVAC controller. Given that occupancy prediction is also an input to MPC,
it is essential to analyze the influence of occupancy prediction errors on HVAC operations.
Besides, the study [122] is limited to HVAC and does not incorporate the impact of PECs
in satisfying the comfort requirements of occupants.

In this chapter, we extend the work in [122] and in [85] by first analyzing the effect of
prediction errors in occupancy and later exploring the benefits of PECs in mitigating (or
minimizing) the influence of prediction errors on HVAC operations. Our study indicates
that predictive control strategies make HVAC operations highly unreliable. High variability
has discouraged building managers to use advanced HVAC control strategies, and thus, they

have continued using conventional HVAC controllers.

4.3 HVAC Control Strategies

In a typical commercial building, spaces are either private (such as offices) or shared (such as
cafeteria, corridor), and a set of private and shared spaces constitutes a zone. Within each
zone, there exists a VAV unit that takes air from AHU at a particular temperature (u(t))
and supplies it across the rooms at a specific rate (v¥/(¢)) to maintain the room temperature
close to the set point temperature. Here, j indicates the room number in the i** zone of
the building. To ensure a consistent supply of fresh air, AHU recirculates only a limited
amount of used air (r(¢)) and ejects the remaining air in the open environment.

Defined in Table 4.1, u(t), v¥(t), and r(t) are key HVAC control parameters and their
values are typically decided by the control strategy. In this section, we discuss the four
control strategies, implemented to analyze the influence of occupancy prediction errors on
HVAC operations. The first two methods are non-predictive, and building managers widely
use these strategies in commercial buildings today; when employed, the HVAC operations

are independent of prediction errors. The last two are MPC-based control strategies. In
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the chapter, we use non-predictive control strategies as the baseline strategies for predictive

control strategies when occupancy prediction is not perfect.

4.3.1 Schedule-based control

In a schedule-based control of HVAC, the building manager starts the HVAC at a fixed
time in the morning and shuts it down in the evening (typically 9 AM to 6 PM). On
any day, AHU supplies air at a static temperature which is chosen based on the season
(summer/winter), and the set point temperature does not vary within a day. Based on
ASHRAE standards®, we set the supply air temperature (u(t)) to 15°C for summers and
20°C for winters. For both seasons, the ratio of reuse air (r) and rate of flow of supply air
(v(t)) is constant at 0.8 and 0.236 m?/s, respectively. The approach is naive but widely

used by building managers in commercial buildings.

4.3.2 Reactive control

In reactive control strategies, VAV cools or heats the space only if people are present in the
corresponding VAV zone. In the past, studies have suggested several direct and indirect
HVAC control strategies to estimate occupancy; we use the occupancy data and implement

the strategy proposed by Ardakanian et al. [5] for benchmarking.

4.3.3 Model Predictive Control

Model predictive control (MPC) is a recent approach for HVAC where controller can com-
pute the room temperature over a finite time horizon [2]. Typically, a thermal model using
occupancy estimates and weather forecast determines the future system state over a time
horizon. In our implementation of MPC, we used Equation 4.1 as the thermal model that
considers the influence of HVAC, atmospheric temperature, heating load by the occupants,

and other heating or cooling loads present in the room [140]. Table 4.2 lists all symbols of

! American Society of Heating, Refrigeration and Air-Conditioning - a global organisation that publishes
standards and guidelines related to HVAC.
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Symbol Description Default Unit

P Density of air 1.204 kg/m?
o Specific heat of air 1.003 kJ/(kg.K)
T Sampling interval - s
n, Total number of VAV zones in a building - -
ni Total number of rooms in VAV zone ¢ - -
0% (t) Occupancy in room j of zone ¢ at time ¢ - -
T4(t) Temperature in room j of zone ¢ at time ¢ due to HVAC - °C
Tex(t) External temperature at time ¢ - °C
ci Thermal capacity of room j in zone 7 2000 kJ/K
A Heat transfer coefficient between outside and room j in zone 4 0.048 kJ/(K.s)
fﬁ, Heat load due to heating/cooling equipments in room j of zone i 0.1 kW
f,jc Heat load due to occupant in room j of zone ¢ 0.1 kW

Table 4.2: List of symbols used in the thermal model

the thermal model and their default values.

TIEAD =TI | cid Z P i (1) x (u(t) — TH(8))

7
T n,

+al, x (Toalt) — T (8)) (4.1)

+ (Qoe + Qi) x O (1)

For the time horizon, the controller computes u(t), v¥/ (¢), and r(t), by solving an optimiza-
tion problem using the current state of the system, with an objective to minimize the total

energy consumption (Equation 4.2).

Po(t) = V(£) x 1 x (u(t) — Teu(t)) + V() x V(1) x 1

(4.2)
+ V(t) X Ne X (Tmz(t) - T0u<t))
where,
V(t) = Z Z v (t) (4.3)
i=1 j=1

V(t) depicts the total air supplied across all the rooms within a building, 7, and 7. indicate

the efficiency of the heating and cooling unit, respectively. T¢,(t) and T),,(t) denote the
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temperature of air coming from the cooling and mixing unit, respectively. 7y is the efficiency
of the VAV fan which is supplying air to the room. Details about the power consumed by
the supply fan can be found in Rabbani et al. [136].

The optimization problem constraints the comfort index to remain within the specified
bounds to ensure user comfort. In this study, we use widely used metric PMV - Predicted
Mean Vote, to measure user comfort [46]. Other constraints include time-scale limitations,
thermal dynamics (Equations 4.1), and constraints dictated by the system setup (such
as thermal comfort and HVAC operation should remain within a desired range). In this
chapter, we implemented MPC with two time-scales where the controller updates the supply
air temperature every hour and the supply air volume every 10 minutes. The above time-
scales are typically determined by the physical limitation of an HVAC unit. For more details
about this specific formulation of the optimization problem, please refer to Kalaimani et

al. [86].

4.3.4 MPC with Personal Environment Controller

Recently, Kalaimani et al. [85] proposed a hybrid HVAC controller and combined MPC with
a personal environmental control system. In the study, [85] used SPOT - an off-the-shelf
desktop fan/heater with local temperature sensing and a computer-controlled actuator to
provide individual thermal comfort. Assuming perfect prediction of occupancy and outside
temperature, the study shows that combining MPC with SPOT is effective in reducing the
total energy consumption by choosing appropriate thermal setbacks during the intervals of
sparse occupancy.

At the time of partial occupancy, HVAC runs at a base temperature which is slightly
higher (in summers) or lower (in winters) than the desired temperature. Equation 4.1
depicts the base temperature (due to HVAC) which depends on HVAC, external weather
conditions, and occupants within the space.

Tyt +1) — Ty (1) i — g x v (t) x (ud(t) — T (¢)
T Ny (4.4)
+ o X (T (t) = T (0) + Q x 07 (1)

In the proposed approach, we assume that room is divided into two regions: occupied -

the part of the room where the occupant is present; and unoccupied - the other part of the
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Symbol Description Default Unit

T,Z,(t) Temperature in room j of zone i at time ¢ due to HVAC - °C
Aéjc(t) Change in temperature of occupied region of room j in zone i at time ¢ - °C

T (t) Temperature in occupied region of room j in zone i at time ¢ - °C
Tﬂz(f) Temperature in unoccupied region of room j in zone 4 at time ¢ - °C

Csl. Thermal capacity of occupied region of room j in zone 4 200 kJ/K
i Heat transfer coefficient between occupied and unoccupied regions of 0.1425  kJ/(K.s)

room j in zone ¢

he Heat load due to SPOT in room j of zone ¢ 0.7 kW

Table 4.3: Notations used in the revised thermal model

room.

In the occupied region, SPOT provides the offset comfort to attain the comfort require-
ments of the occupant. In Equation 4.4, we show how the room temperature changes when
taking into account the impact of HVAC, heat exchange with the outside, external weather
conditions, and other heating/cooling loads present in the room. In Equation 4.5, we then
calculate the change in temperature due to SPOT, occupant, and other heat exchanging
load present in the room, followed by temperature in the occupied part of the room in Equa-
tion 4.6. On the other hand, in the unoccupied portion (Equation 4.7), both SPOT and
the occupants indirectly influence the room temperature due to thermal coupling between
the two zones, modeled by the heat transfer coefficient a;,.Table 4.3 lists the new notations

used in the extended model.

AL (t+1) — AL (¢) y y g o
X Cll=Qa. x OV (t) +Qp) x SL(t
. () + Qj. x SP.®) )
— i x A

Tt 4+1) = T2 (t+1) + A%t +1) (4.6)
y i T X oy .
Tffn(t =+ 1) = T;LZ}(t =+ 1) + ﬁ X Aéjc(t) (47)
ocC

The revised objective function has additional parameters Sy for fan and Sy, for heater
(Equation 4.8). A fan consumes negligible power, thus the objective function only considers

the power consumption of SPOT’s heater.
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Figure 4-1: ThermalSim is a lightweight C/C++ based building simulation platform that
focuses on analysing the influence of prediction errors on HVAC operations.

Po(t) = V(t) x nn x (u(t) = Teu(t)) + V(E) X V(t) x g

n. npo (4.8)
+ V() X ne X (Tina(t) — Teu(t)) + Z Z Sp.(t)
i=1 j=1

The controller determines HVAC control parameters (Table 4.1) on a 10-minute timescale
and in between, fan/heater (of SPOT) reacts to occupancy every 30 seconds. By doing
so, SPOT assists the controller in regulating the discomfort that might arise due to mis-
predictions; thus ensuring both - personalized comfort and minimal influence of prediction

errors on HVAC operations. Next, we discuss the simulator.

4.4 Simulator Software Architecture

To evaluate the impact of forecast errors on the different HVAC controllers, we built a
thermal simulator called ThermalSim? [75]. ThermalSim is a lightweight C/C++ based

simulation platform, whose focus is to study the influence of prediction errors on HVAC

2We are still working on its stable release for the community use and we hope to release it soon
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building:{

zones:1, /% Number of Zones %/
rooms:1, /% Number of Rooms */
start:20150111T0000, /* Start Time (Format: yyyymmddThhmm) x*/
stop:2016022172300, /* Stop Time (Format: yyyymmddThhmm) x*/
horizon:4, /% Horizon for simulation */
time_step:600, /* Time Step */
control:2, /* Control Type: 1 (No Control), 2 (Reactive), 3 (MPC) */
ahu:{
h_eff:0.9, /* Heating Efficiency /
c_eff:0.9 /* Cooling Efficiency x/
},
room: {
C:2000, /% Thermal Capacity of Room - kJ/K */
C_SPOT: 200, /* Thermal Capacity of SPOT Region - kJ/K %/
alpha_o:0.048, /* Heat Transfer Coefficient for Outside (kJ/K.s) #x/
alpha_r:0.1425, /* Heat Transfer Coefficient for Regions (kJ/K.s) %/
Q_l:0.1, /* Heat Load Due to Lightening and Equipments (kW) %/
Q_h:0.1, /* Heat Load Due to Presence of Occupants (kW) */
Q_s:0.7, /* Heat Load of SPOT Unit (kW) =/
fan_coef:0.094
},
air:{
density:1.225, /* Density of Air - kg/m3 *x/
; sp_heat:1.003 /% Specific Heat Capacity of Air - J/Kg-K%/

Figure 4-2: Input format for ThermalSim.

operations. ThermalSim, as shown in Figure 4-1, consists of four major modules:
1. Master - to handle data I/O and preprocessing,
2. Error Management - to inject unbiased errors in the occupancy streams,
3. Simulator - to simulate room temperature for a given thermal model and control logic,

4. Analyser - to compute energy consumption, occupant comfort, and analyze simulated

data streams.

In the current version, Simulator module incorporates AMPL [4] — an algebraic modeling

language for the mathematical programming — to compute the control parameters.

4.4.1 Master Module

The Master module takes as input historical weather and occupancy data in CSV (Comma
Separated Values) format, a user-generated description of the building, and simulation
control parameters (Figure 4-2) including start and stop time of the simulation, parameters
of the thermal model, control strategy, among others. Before executing the simulations, the
Master module pre-processes the data, and after completion saves the output of simulation

in the CSV format.
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4.4.2 Modeling Occupancy Prediction Errors

ThermalSim represents occupancy data for a day as a string of consecutive 0’s (for unoccu-
pied workspaces) and 1’s (for occupied spaces). We consider only two states of occupancy
because a majority of occupancy prediction algorithms use occupancy as a two-state vari-
able. We call this string an occupancy string. The length of a single occupancy string
depends upon the sampling rate of the occupancy data. Data sampled every ten minutes
will generate an occupancy string of length 144 characters, and if the sampling rate is thirty

seconds, the string will be 2880 characters long.

Error Matrix

It is important that occupancy forecast errors be realistic. For example, it does not make
sense to randomly flip occupancy states, since this may result in forecasting occupancy dur-
ing the middle of the night, which is very unlikely. Our key insight is that a likely outcome
of an errored forecast is to forecast another valid occupancy string, with the observation that
the higher the error rate, the larger the distance, in an appropriate metric space, between

the true and the errored strings.

We use the following approach: For a dataset with n occupancy strings, each cell of
an error matrix depicts the Hamming Distance between any two occupancy strings — the
number of mismatching characters [61]. To normalize, we divide value in each cell by the
length of occupancy string. The error matriz is a symmetric matrix of size n? which helps

in systematically injecting unbiased errors in the occupancy data.

To illustrate, consider a scenario where we want to analyze different control strategies
with 10% prediction error in the occupancy data. The error management module will refer
error matriz for an occupancy string which is closest to the day of analysis. We term the
selected occupancy string as the reference string. The module will then look into the error
matriz to find all those strings that have 10% error as compared to the reference string and
randomly select one. We call the selected one an erroneous string. If the day (reference
string) was 30% occupied, then the occupancy in the erroneous string may fall anywhere in

between 20%-40%.

103



2.0

1.5

error(°C)
-
o
Temperature (‘C)

0.5

0.0
usage #

(a) ThermalSim can simulate daily room temperature with (b) Recorded v/s Simulated
an RMSE of 1.52°C(0 = 0.18°C).

Figure 4-3: The hard line indicates the actual room temperature and dotted line indicates
the predicted room temperature.

4.4.3 Simulator

The simulator module takes input from the master and error management modules to sim-
ulate the room temperature. It comprises two major blocks - 1. thermal model - depicts
various thermal interactions occurring within a room, and 2. control module - to compute
the control parameters. In the current version, we have implemented two thermal models
- 1. single region - no partition exists within a room (Equation 4.1), and 2. two regions -
the occupied area is separated from the unoccupied portion by a thin layer of air (Equa-
tions 4.4-4.7). As discussed in Section 4.3, we have implemented four HVAC controllers in
ThermalSim - 1. schedule-based, 2. reactive, 3. model predictive control (no SPOT device
present), and 4. SPOT-aware model predictive control. In the rest of the chapter, we will
use NS as an acronym for No-SPOT model predictive control and SA for SPOT-Aware
MPC.

Simulator Validation

To quantify the accuracy of ThermalSim in simulating room temperature, from a room in
residential apartment, we collected temperature data for 17 days and carried out leave-p-out
cross validation with p = 5. In such an approach, we validate the model on p observations
and use the remaining observations for training. We used a non-linear solver whose objec-

tive was to minimize the residual between predicted and actual room temperature. The
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simulator tunes following model parameters -
1. thermal capacity of the room (C),
2. heat transfer coefficient between outside and room (),
3. coefficient of heating/cooling (po)
4. heat load due to occupants (Qq4c), and
5. heat load due to heating/cooling appliances (Qquc)-

Our analysis (in Figure 4-3a) indicates that ThermalSim can simulate the daily room tem-
perature with an RMSE (Root Mean Square Error) of 1.52°C(c = 0.18°C'). Figure 4-3b
depicts the average (solid line) and predicted (dashed line) room temperature. Note that
though the predicted room temperature follows the pattern of actual room temperature,
it fails to align perfectly. Though misalignment does increase the RMSE at some time
instances, we found that it has little overall impact on total energy consumption and occu-

pants’ comfort.

4.4.4 Metrics
Energy Consumption

Equation 4.9 computes the total energy consumption of a building for a day. Here, Po(t) de-
notes the power consumption of HVAC and other heating/cooling devices, T is the sampling

rate, and n; is the number of daily samples.

T

Tt
E= Po(t 4.9
> Polt)  z555 (49)

Occupant Discomfort

ThermalSim leverages Predicted Mean Vote (PMV) [6] to estimate the comfort level of
the occupants (Equation 4.10). At a given time instant ¢, if PMV (P%(t)) lies within the
comfort requirements ([Fy;, Py]) of an individual then we mark the room as comfortable,
else uncomfortable. Dsz denotes the percentage of time instances in a day when the user

was uncomfortable in the room.
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PU(t) = P1 x T (t) — P2 x v (t) + P3 x v (t) x v/ (t) — P4 (4.10)

D (t) = maxz(0, Py — PY(t), P (t) — Py) (4.11)

i _ 2imo[DY(1) # 0]

% = S [0 () = 1 (4.12)

Robustness

Prediction errors are stochastic in nature and their impact on energy consumption and
occupant comfort depends on two factors:

Nature of the Error: If the prediction algorithm mispredicts occupancy for short time
intervals (say for a minute or so), we term the prediction errors as point errors, otherwise
we call them burst errors. For a particular error percentage, an erroneous occupancy string
can have point errors, burst errors, or a mix of both; resulting in different values of energy
consumption and occupants’ discomfort for the same error percentage.

Timing of the Error: The occupancy prediction algorithm can make errors at any
time of the day - such as during peak or non-peak time. Consider the situation where the
occupancy prediction has 15% error during the peak hours and the controller assumes one
of the five rooms to be occupied though it was unoccupied. In this situation there is a high
chance that the HVAC might be already running during that time. Given the fact that
the other four rooms are occupied, this particular prediction error will have an insignificant
impact on the HVAC operations. However, during night time, the same error percentage
might waste significant energy. This illustrates that the timing of the prediction errors has
a significant impact on both comfort and energy consumption.

For a specific error percentage, depending on the nature and timing of the errors, the
energy consumption and user discomfort may either increase or decrease, potentially desta-
bilizing HVAC operations. For a specific example, consider the big circle and triangle in
Figure 4-4, which depict the energy consumption and user discomfort for NS and SA con-
trollers respectively for perfect occupancy predictions in a particular simulation scenario.
For a specific error percentage, the small circles (NS) and triangles (SA) depict the energy

consumption and user discomfort for fifteen different erroneous occupancy strings. We no-
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Figure 4-4: As error increases, the energy consumption and occupants’ discomfort vary
depending on the nature and the timing of prediction errors. 5% errors on the left and
20% on the right. Large circles/triangles indicate a perfect prediction scenario and small
circles/triangles correspond to those scenarios when occupancy prediction was erroneous.

ticed that as prediction error increases from 5% (left) to 20% (right), the points indicating

erroneous strings start moving away from the results obtained from perfect prediction.

Note that the circles (NS) are more scattered than the triangles (SA). In the case of NS,
the system decides the control parameters such that the desired room temperature (which
is the same for each room) is achieved across all the rooms. In case of a sudden change in
the occupancy, NS updates the control parameters, but it takes significant time to re-attain
the energy-discomfort tradeoff setpoint. In contrast, in SA, the controller knows the current
state of SPOT; thus, the controller chooses a set point such that HVAC provides a certain
level of comfort to the occupants and SPOT provides the necessary additional offset. SPOT,
being responsive in nature, keeps the comfort level of individuals within the desired range
with insignificant increase in aggregate energy consumption. Therefore, even if the error
percentage increases, the energy and discomfort stays close to the perfect prediction for SA

whereas NS becomes highly unstable.

To capture this phenomenon, Equation 4.13 defines a robust (cs € {NS,SA}) metric
which quantifies the robustness of a particular control strategy cs towards the prediction
errors. It computes the number of instances that stay within the desired limits of the

building manager.
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Figure 4-5: For evaluation, we considered a hypothetical building consisting of 5 rooms
separated by walls.

robustes (%) = # of instances within limits

x 100 (4.13)

total # of instances

For concreteness, we use +£20 kWh and +5% as the acceptable limits for energy con-
sumption and occupants’ discomfort, respectively, as shown by the rectangles in the figure.
For the given scenario (in Figure 4-4), when the error percentage is increasing from 5%
to 20%, NS is less robust towards the prediction error (60% — 0%), however, SA remains
consistent (100% — 93%). For a predictive control strategy, a PEC system (like SPOT)
mitigates the effect of prediction errors to make the HVAC operations more reliable and
robust. Whenever there is an unexpected occupancy in the room, SPOT can react quickly

as compared to central HVAC system which has a slower time-scale.

4.5 Evaluation

4.5.1 Test Building Description

For our evaluation, we consider a single zone in a typical building comprising of five rooms
where each room is surrounded by walls on three sides and has a window exposed to weather
conditions on the fourth (Figure 4-5). We assume an AHU and a VAV unit in the building.
Though the structure is hypothetical, it is a typical architecture for faculty offices in Univer-
sities where thick brick walls separate the rooms. We believe that the key insights obtained
for the study are well representative of more complicated building architectures. Note that

ThermalSim can also deal with more complicated structures, should that be desired. When
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Figure 4-6: We sample occupancy every 30 seconds; in every 10-minute interval, there exist
20 measurements of occupancy. Here, the color indicates the number of 30 seconds instances
in a 10-minute interval when the room was occupied. Notice that room would be marked
occupied for all the three scenarios, however, the percentage of instances when the room
was occupied for less than 2 minutes (in the range of (0, 5]) is relatively low.

we evaluate MPC with a reactive controller, we also consider effect of SPOT heater/fan on

the room temperature. For the stated scenario, we next discuss the dataset.

4.5.2 Dataset

ThermalSim requires real-world occupancy data to generate an error matriz. We leveraged
an existing deployment from our university campus and gathered occupancy data (along
with other information) from more than fifty volunteers — including students, faculty, and
the staff members every 30 seconds for a year.

An MPC requires occupancy information in every 10-minute to compute the control pa-
rameters 24 hour time horizon; therefore, we upsample the occupancy data from 30-seconds
to 10-minutes by applying the following rule - “Mark a 10-minute interval unoccupied if
all the 30-second instances indicate the room to be unoccupied, else mark the space as oc-
cupied”. However, with this strategy, even if a single instance in the 10-minute interval is
occupied, the controller will mark the space as occupied for the whole duration. To un-
derstand whether such a bias is limiting or not, we analyzed the occupancy data and our

analysis indicates that data has only 3% 10-minute instances where the room is occupied for
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Figure 4-7: [Left] The arrow indicates the performance degradation, in terms of energy
consumption and user comfort, when we move from predictive to non-predictive control
strategies. [Right] Error bars indicate the variation in different simulated scenarios. For
system to be more robust, the length of error bar should be smaller.

less than 2 minutes (Figure 4-6). Therefore, we only mark a 10-minute interval unoccupied

if the room was occupied at all the 30-second instances within that interval.

4.5.3 Evaluation Setup

Our hypothesis is that the benefits of using a PEC system like SPOT along with HVAC
controller mitigates the influence of prediction errors on MPC-based HVAC operation.

We validate this hypothesis assuming occupants in all the five rooms have similar comfort
requirements: [23°C, 25°C] in summers and [21°C, 23°C] in winters. For the given setup, we
compare the performance of predictive and non-predictive HVAC controllers for 25 days,
both in summers and winters.

For each day, we select an occupancy string from the error matriz that deviates (from
the current day) by the error percentage specified in the system. For instance, if we wish to
introduce 10% error in the current day occupancy string, we search for another occupancy
string in historical data where 288 out of 2880 instances (for a data sampled every 30
seconds) have a mismatch with the current day occupancy string. ThermalSim utilizes
both actual and erroneous occupancy string to simulate the building (depicted in Figure 4-

5) for all the four control strategies and compare their performance.

110



100 = SA

80

60

robust (%)

40

20

1 2 3 45 6 7 8 9 1011121314 151617 18 19 20 21 22 23 24 25
Day#

Figure 4-8: For 20% prediction error in occupancy, SA is more reliable and robust NS across
all the 25 days of summer.

To mitigate any bias in the selection of erroneous occupancy strings, ThermalSim eval-
uates fifteen different erroneous occupancy patterns for each day and error percentage.
Furthermore, a separate analysis for each of the two seasons provides better understanding

of the influence of seasonal variations.

4.5.4 Insights

In the jurisdiction corresponding to our temperature data set, i.e., Southwestern Ontario, we
find that for all control strategies, the HVAC system consumes less energy in summers when
compared to winters (see Figures 4-Ta, 4-9a). In our setting, the outside temperature in
summers is only a few degrees higher than the desired room temperature and so the HVAC
has to put in less effort to achieve the desired comfort. On the other hand, in winters, the
HVAC energy consumption is significantly higher because the outside temperature is quite
cold. In winters, all control strategies attempt to maintain a room temperature in the range
of 21°C and 23°C which is much higher than the outside temperature (approx. —10°C).
Consequently, HVAC has to expend more energy in winters than in summers to attain the

desirable comfort conditions in the occupied zones.
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Figure 4-9: [Left] The arrow indicates the performance degradation, in terms of energy
consumption and user comfort, when we move from predictive to non-predictive control
strategies. [Right] Error bars indicate the variation in different simulated scenarios. For
system to be more robust, the length of error bar should be smaller.

User Experience

The schedule-based and reactive controllers can make occupants uncomfortable and yet
consume significant energy, even with perfect prediction. When set to follow a fixed sched-
ule, HVAC supplies air at a constant flow and temperature, and does not consider occu-
pants’ schedules or daily temperature changes. For pictorial representation, we use energy-
discomfort plot where x-axis denotes the daily energy consumption of the building and
y-axis represents the total discomfort for the users. Consequently, with a schedule-based
control strategy, user experience lies in the top-right corner of the energy-discomfort plot
with maximum energy consumption along with notable discomfort for both the seasons (see
Figures 4-7a, 4-9a). On the other hand, a reactive controller with occupancy information is
marginally better or equivalent to the schedule-based controller. Model predictive control
(with no SPOT) shows significant improvement in minimizing both energy consumption
and occupants’ discomfort. Given the weather forecast and occupancy prediction, MPC

keeps updating the temperature and volume of supply air at regular time intervals.

As central HVAC unit cannot cater to the dynamic schedule of the occupants, discom-

fort in NS is slightly higher than the hybrid control strategy that integrates SPOT with
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Figure 4-10: For error percentage as high as 20%, note that SA has less deviation in HVAC
operations than NS.

MPC to satisfy the comfort requirements of each individual in the building. In SA, the
central HVAC system is aware of the SPOT system, therefore, the controller choses the set
point temperature such that HVAC can provide minimal comfort, and SPOT can offset the
individual comfort requirements. This results in additional savings in energy when there is
partial occupancy is in line with the results from previous study by Rachel et al. [85]. Next,
we observed that the discomfort is negligible for summer as opposed to winter. The fan
assists the occupant in quickly achieving her desired comfort level as opposed to a heater
which takes comparatively more time to increase the temperature to provide the offset.
In conclusion, irrespective of the season, both SA and NS strategies improve comfort and

energy compared to schedule-based and reactive, with SA outperforming NS.

Error Analysis

When occupancy predictions are erroneous, depending upon the nature and timing of errors,
energy consumption and occupants’ discomfort vary, hence HVAC operations become highly
variable. When analysed over 25 days each for 15 different occupancy patterns, we find
that the SA control strategy is more robust than NS even with a high error percentage.
As the prediction error increase from 5% to 20%, the performance of NS drops while SA

performance remains quite consistent (Figure 4-7b). For 20% prediction error, SA (o = 5%)
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is 12% more robust than NS (o = 16%).

Next, Figure 4-8 shows that the SA is consistently robust across all the days as compared
to NS for 20% prediction error in the occupancy. Highly unreliable HVAC operations lead
to significant variations in the energy consumption and the user comfort. Though the fan
makes insignificant impact on the room temperature, it quickly achieves the desired comfort
level by providing a cooling perception to the user. Thus, the fan is very helpful in dealing
with the unexpected changes in the occupancy of the room while NS alone fails to do so.

We noticed that a fan is more effective and quicker than a heater in mitigating the effect
of prediction errors on both energy consumption and discomfort. When a room gets occu-
pied, a heater slowly increases the room temperature to achieve the comfort requirements
of the occupants. This results in few intervals of discomfort for the user. This effect is
visible in Figures 4-9b, 4-10. For 20% prediction error, we noticed that the SA is now even
less robust than NS on few days due to the slow reaction of the SPOT heater. However,

the average performance of SA is still better or comparable than NS.

4.6 Challenges And Discussion

In this chapter, we analysed the influence of prediction errors in occupancy on the HVAC
operations while leveraging a custom-built building simulator - ThermalSim. In this section,
we summarize our results, discuss various limitations of the study followed by research
questions which are open for the community.

Our insights include the following: First, our dataset indicates that aggregate energy
consumption is higher in winters than in summers. Second, integrating a PEC like SPOT
with a predictive HVAC controller is definitely better or comparable than a pure MPC
based approach. Third, for SA controller, fast reactive device (such as fan) is 20% better
than the heater, in terms of occupants discomfort. Finally, NS typically fails to satisfy the
comfort requirements on any day.

Our work suffers from two main limitations. First, while the thermal model (of Ther-
malSim) considered the effect of numerous sources (such as weather, occupancy) affecting
the room temperature, there still exist various other factors (such as humidity) which are
critical for such analysis. We plan to explore such factors and enrich the data for a deeper

analysis in future.
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Second, we carried out the study through a dataset collected from a particular part
of the world. Climate, users’ attitude (towards energy savings), and many other factors
differ significantly across the geographies. Though the results indicate that SA is more
robust than NS, there can be considerable discrepancy across (and within) the countries.
A real-world implementation of the technology is critical to understand its effectiveness in
achieving the desired goals.

We find that mitigating the effect of prediction errors possess considerable potential
in optimising the HVAC operations with predictive controllers. While model predictive
control (MPC) is one of the most promising state of the art HVAC control strategies, its
performance is limited by the accuracy of the weather and occupancy predictions. Therefore,
we designed a custom-built building simulator — ThermalSim — to analyse the influence of
prediction errors on HVAC operations. We also proposed a method to introduce realistic
errors in occupancy for the analysis. Our initial analysis indicates that prediction error
(in occupancy) of 20% can make the HVAC operations highly unstable in terms of both
energy consumption and occupants’ comfort. Recent literature shows that it is feasible to
use a personal thermal comfort system — SPOT — along with predictive strategy to ensure
personalised comfort in personal and shared spaces. We observed that while SPOT is
effective in attaining better personalised comfort, it also strengthens the predictive strategies
by mitigating the influence of predictions errors on energy consumption and occupants’
comfort because it works at a finer time-scale than the MPC-based HVAC. Employing a
personal thermal comfort system, such as SPOT, we stay in the acceptable region 95% of
the times as oppose to 83% of the times even for the prediction errors as high as 20%, in

the occupancy; thus, motivating a reliable control strategy across the commercial buildings.
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Chapter 5

Leakage Detection

Watch the little things, a small leak can sink a great ship.

— Benjamin Franklin, Founding Father of the United States

5.1 Introduction

While energy savings and user comfort are essential, fault detection is of paramount impor-
tance. Refrigerant leakage is a common mechanical fault in compressor based appliances
which are primarily used for air-conditioning and refrigeration purposes [23]. The punc-
ture hole often starts as a pinhole leak and becomes bigger when goes undetected. Due
to the loss of refrigerant, compressor (a component within the RU) works with reduced
efficiency and takes more time (than the usual) to cool the room, thus, wasting significant
energy. In addition to that, the leakage exposes tenants to refrigerant which is extremely
dangerous for their health [7]. The consequences of refrigerant leakage are even worse for
retail outlets who set up cold-rooms to preserve perishable food items (usually at 5°C-8°C),
and the stored product goes bad due to improper cooling by the RU during the leakage.
Early detection of such leaks can benefit the retail enterprises in - 1. increasing their profits
by reducing the energy wastage, 2. avoiding leakage of hazardous refrigerant in the open
environment, and 3. maintaining the product quality [40, 39, 49, 34].

Unfortunately, store managers usually lack necessary skills to sense the leakage at an
early stage, and undetected leaks widen with time as RU remains functional during the
leakage. At breakdown point, RU stops cooling followed by the complete shutdown of

outlet for few days. Figure 5-1 depicts one such scenario where store manager reported the
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Figure 5-1: Gas leakage started on March 21, but manager kept using the RU for a week
and complained on March 29 when it stopped cooling. Delay in reporting refrigeration leak
led to complete shutdown of store operations for 2-3 days.

problem when RU broke, and the store went out of operations. In addition to repairing
cost, the owner also dealt with the staling of stored products and business loss owing to the
downtime. Current techniques for leakage detection are typically categorized as direct and
indirect methods [169]. Direct methods, such as Halide leak detector, require an expert to
use the detector for on-spot leakage detection with certain precautions [21, 81, 109]. On the
other hand, indirect techniques need specialized sensors to monitor temperature, pressure,
and mass flow rate at multiple points inside the appliance [47, 139, 129]. As pressure
and mass flow sensors are more expensive than temperature sensor, several studies focused
on limiting the number of sensors for leakage detection [48, 169]. However, even with the
limited sensors, Yoo et al. [169] required temperature sensors at five points inside the system
- 1. air inlet of indoor unit, 2. air inlet of outdoor unit, 3. evaporator midpoint, 4. condenser
midpoint, and 5. compressor discharge point. Such an extensive sensor installation (that too
within the appliance) often limits indirect techniques to laboratory setup and considered as
an expensive and unscalable solution to the problem.

L _ a framework that ob-

In this chapter, we reinforce smart thermostats with Greina
serves deviations in the measured temperature from the estimated temperature to detect
refrigerant leakage. The estimates come from a lumped parameter thermal model whose
parameters are tuned to a particular room environment by the ambient information sensed

by the thermostat. Smart thermostats are 1. plug-n-play - no need of technician for instal-

! Greina is an Icelandic word that means to identify.
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(a) During daytime store manager frequently (b) In winters (December 2016 - March 2017),
visits the cold-room which leads to high tem- room temperature stays in a lower range as com-
perature in working hours. pared to summers.

Figure 5-2: Room temperature depends on the activities of store manager and seasonal
environmental changes.

lation, 2. allow remote sensing of RU, 3. never intervene in the daily routine of the store
managers, and 4. anticipated to increase by 400% in next couple of years [95]. Given the
benefits, studies in the past explored smart thermostats for user feedback [78], occupancy
detection [92], energy-efficient control [107], among many other application. However, to
the best of our knowledge, no one has studied smart thermostats for leakage detection. We
believe enhancing smart thermostats for leakage detection presents a genuinely low-cost

and scalable solution for the problem.

Despite all the benefits, one must also note that the overall problem is non-trivial and
exhibits multiple challenges. Room temperature is sensitive to the actions of outlet man-
ager (Figure 5-2a) and outside weather conditions (Figure 5-2b), and both these parameters
differ significantly across the outlets. Even within a store, the daily routine of the manager,
climatic conditions, and fitness level of an appliance change considerably with time. To
consider both temporal and spatial variations, Greina utilizes a first-order thermal model
which simulates the room temperature while considering the influence of outlet manager
and climate outside the room. Greina collects weather data through a cloud-based weather
service, and monitors user activity through a door sensor. With time, as framework re-
ceives more and more clean data, it keeps updating the model parameters to accommodate
temporal changes in building’s thermal behaviour. However, clean training data - when no
fault exists within the RU - is itself a challenge with most of the existing techniques for
leakage detection. To ensure clean data during the learning phase, Greina does not consider

those days which were identified as leaking while monitoring the RU. In the initial stages,
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when sufficient clean data is unavailable to tune the model parameters, Greina benefits
from transfer learning and uses the parameters of a contextually ‘similar’ outlet. Both,
clean data and transfer learning ensure that the proposed framework is ready-to-work from
the day of installation. Finally, Greina compares the estimates from the tuned thermal
model with sensor measurements and when the actual temperature is sufficiently above the

estimate, the system raises a leakage flag.

Of course, room temperature can be higher than the estimates even when RU is working
fine (false positive), and vice-a-versa, the framework might confuse the initial symptoms of
leakage with the noise generated from manual interventions (false negative). For instance,
in Figure 5-1, the room temperature is in the range of 8°C-10°C in the initial stages of the
refrigerant leak, akin to temperature variations due to tenants’ activities in Figure 5-2a.
If misclassification is a false negative (misinformed that RU is fine), then repairing will
get delayed until the outlet manager identifies the leakage. However, if misclassification is
a false positive (misinformed that RU broke), then the company might end up paying a
significant amount to their maintenance contractor for the unnecessary visits. While such
visits are immoderate, they are annoying for the store manager and disruptive to the daily
operations. Henceforth, Greina employs CUSUM (Cumulative Sum Control) technique to

ensure that user gets notified only when the system is confident about the leakage.

We evaluate Greina using the data collected from 74 outlets of a retail enterprise for
one year. For ground truth verification, we use fault logs as reported by the servicing
company after addressing the fault. Results indicate that Greina is comparable or better
than manual reporting. The proposed framework can reduce the average reporting delay
by 5-6 days, when compared to manual reporting. In other words, even if outlet managers
could use the leakage detectors (such as Halide leak detector), they would have delayed
the repairing by almost a week. We couldn’t compare Greina with indirect methods (of
leakage detection) because proposed techniques are often limited by the need of specialized

sensors to monitor temperature at multiple points within the RU.
Given the energy-saving features and other advancements, smart thermostats are any-

ways going to replace traditional thermostats very soon. As of now, thermostats can monitor

room temperature, tenants’ daily activities 2, and even upload the sensed information to

2Though, in this study, we used door sensor to monitor human activities, Appendix C discusses an
extended thermal model which replaces door sensor with the motion sensor of the smart thermostat.
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the cloud. Location-based detailed weather information is readily available from several
cloud-based climate monitoring applications. By combining the two pieces of information,
we can use Greina for leakage detection without instrumenting the appliance. In addition
to being scalable, the proposed approach is reliable enough to maintain food quality and
generate minimal false alarms. Finally, Greina requires minimal (or no) intervention from
the store manager and ensures non-interruptive working hours. Currently, in collaboration
with an energy-analytics based venture, we are working on the deployment of proposed

thermostats across all the 74 outlets which were considered as part of this study.

5.2 Related Work

Anomaly detection is an active research area with an extensive literature in numerous
domains and applications [26, 93]. One such problem is fault detection and diagnosis (FDD)
where the objective is to first identify a malfunctioned appliance followed by a root-cause
analysis to diagnose the problem [54, 71]. Usually, the partial or complete failure of the
hardware (present in the equipment) brings down the whole system. Though the literature
on fault detection in mechanical units is considerably extensive, we will limit the scope of

this survey only to compressor-based appliances.

5.2.1 Fault Detection Frameworks

Typically, fault detection frameworks for compressor-based appliances are designed either
for Refrigeration Units [19, 156], or Heating, Ventilation, and Air Conditioning Units
(HVAC) [163, 23, 38, 170]. Irrespective of type of appliance, most fault detection engines
are designed on the principal - simulate a baseline and compare with the measured signal
(mostly energy) to mark any deviations due to the fault [41, 112, 116, 50, 125, 27]. O’Neil
et al. [124] simulated the energy consumption through a building simulation framework,
EnergyPlus [31], and compared with current energy consumption to identify acceptable
performance. Mavromatidis et al. [110] suggested an artificial neural network based model
to provide energy baseline, and use the baseline to detect faults in supermarket refrigerators.
Li et al. [105] studied correlation between electrical signals and the common faults for roof-
top air conditioners by conducting a series of experiments. Srinivasan et al. [149] proposed

an energy model to pick anomalies in the power signature of supermarket refrigerators.
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Power consumption data provides better visibility of leakage than the room tempera-
ture because it is less sensitive to environmental noise, such as occupants’ activity. Even
technicians prefer to analyze electrical component such as input/output voltage and supply
current for fault detection. Moreover, with the advent of advanced techniques to estimate
usage and operating conditions of the appliance through NILM (Non-Intrusive Load Mon-
itoring) [16, 17] and EMI (Electromagnetic Interference) signatures [28, 59, 147, 58], the
use of energy signal for fault detection is worthwhile. However, one must note that though
power signal is useful for fault detection, it won’t allow us to monitor the consequences.
When fault occurs, power signal cannot tell if the appliance is maintaining suitable tem-
perature for the occupants (if conditioning the air), or the stored products (when using for
refrigeration).

Studies also monitored different other parameters to develop a black box model for fault
detection [167, 168, 62]. Keres et al. [90] monitored compressor frequency to identify fault
condition in the refrigerant unit. Porter et al. [135] collected actual operating parameters
from a set of microsystem sensors installed throughout the refrigeration and compared with
ideal conditions of the system for fault detection. Payne et al. [129, 128] proposed self
training of a fault free model, and used the model to detect fault through a data-clustering
approach while observing temperature at nine points within an air-conditioner. Similarly,
Kulkarni et al. [97] designed a random forest-based binary classifier to detect issues in
refrigeration cases while using temperature signal and defrost state from supermarket re-
frigeration cases. While most of the above mentioned studies focused only on detecting

‘abrupt’ faults, none of them looked into the problem of refrigerant leakage.

5.2.2 Leakage Detection Frameworks

Specifically for leakage detection, researchers designed systems primarily from the perspec-
tive of mechanical engineering, typically categorized as direct and indirect methods.

Direct Methods

In direct methods, typically a technician visits the site and uses a leakage detector [21, 109]
to confirm the leak. Hailey detector [81] is one such widely used leak detector in which
flame changes the color when refrigerant is present in the environment. Parekh [126] pro-

posed composition of fluorescent, alkyl substituted perylene-dye, and a polyhalogenated

122



hydrocarbon refrigerant to visually detect refrigerant leakage. Though these detectors are
accurate, one must use them with certain precautions. For instance, we cannot use Hai-
ley detector with hydrocarbon refrigerants. Moreover, the effectiveness of direct methods

primarily relies on manager’s ability in timely detecting the leakage.

Indirect Methods

Alternatively, in indirect methods, framework monitors multiple parameters at different
points within the appliance for leakage detection [82, 153, 141, 84, 42, 113, 114]. Taylor
et al. [154] designed a neural network to analyze data from multiple monitoring alarms
to predict refrigerant leakage. Rossi et al. [144] proposed a statistical rule-based leakage
detection technique which could detect 5% loss of refrigerant through extensive instrumen-
tation. Breuker et al. [24] studied nine temperature and one relative humidity parameters
to characterize soft faults (such as loss of refrigerant) and their impact on the operations of
roof top air conditioners. As majority of leakage detection research [104, 117, 57] assumes
steady-state, Kim et al. [91] proposed a methodology for developing a steady-state detector
for any generic vapour-compression system. Steady-state in itself is a misleading term be-
cause parameters of a vapour-compression system are dynamic in real-world [91]. Therefore,
the study recommended inclusion of all leakage detection features (for best results) which

makes overall approach expensive due to extensive instrumentation of the appliance.

To minimize the number of sensors and sensing points, Fisera et al. [47, 48] developed
an energy consumption model by monitoring nine parameters (including relative humidity
and carbon-dioxide level) to distinguish anomalous and degradation events. In a patented
technology, Suzuki et al. [151] compared theoretical heat dissipation of the condenser with
actual temperature difference (in the condenser) for the leakage detection. In the same
direction, Yoo et al. [169] monitored temperature difference between inlet air and midpoint
of heat exchanger to detect the refrigerant charge level. Even though number of sensing
points are less, invasive sensing often limits the evaluation of stated approaches to a con-
trolled environment. Consequently, the efficacy relies on the validity of assumptions from

controlled environment to a real-world scenario.
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Figure 5-3: [Left] Greina takes ambient information from the smart thermostat and weather
conditions from a third-party cloud-based weather server to tune the parameters of a lumped
thermal model. Tuned thermal model simulates the room temperature for leakage detection.
To incorporate temporal changes in the environment, Greina regularly updates the model
parameters. [Right] From data, we observed that if the temperature within a room is
consistently beyond the estimates for 36 hours, then there are high chances of refrigerant
leakage in the RU.

5.3 Approach

In Greina, every outlet goes through a two-step process - 1. learn the normal behaviour,

and 2. monitor the refrigeration unit for leakage, as shown in Figure 5-3.

5.3.1 Learn Normal Behaviour

In a typical room r, the change in temperature, in a given time interval 7 (in seconds),
primarily depends on the heat transferred by the weather outside the room, the heat added

by the open door, and the heat extracted by the refrigeration unit (Equation 5.1).

T 1y % ¢,
T

=K' x (T —T®) + (Qqr % Sc(z?) + (Qry X Sﬁf)r) + (5.1)

Here, Tr(t) and Te(t) denote the average room and external temperature in the last time
interval 7 (between ¢t and t—1), respectively. C, is the thermal capacity of the room, and K
is the heat transfer coefficient between room and external weather conditions. We derived
the model from Bacher et al. [10].

When supply in the front runs out, the manager opens the room to get the fresh stock
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and Sc(ltr) denotes the state of door (open/close) at time t. Given that RU is a two-state
appliance - 1. compressor on, and 2. compressor off, where compressor is the major power
consuming component of RU, S,(,Z)T is the state of RU at time ¢. Correspondingly, Qg
and @), denote the amount of heat added through the door, and heat extracted by the

refrigeration unit, respectively. 7, is the thermal noise introduced by the random events.

Kl 1 Kl 1 Qar *xT
/’LT:l_ C y  Me = C s Mdr = C )
T T T (52)
Qru*T ;M *XT

Hruy = C., sy Ny = C.

In state space representation, we can lump the parameters (as shown in Equation 5.2)
and rewrite the thermal model as Equation 5.3. Greina learns the model parameters
(0 =< pr, e, thdrs fru, M- >) through linear regression while using the data streams of room
temperature (T,), external temperature (Te), door status (Sq,), and RU status (Syy,).
Tuning the parameters of a physics-based thermal model by using the real-world data is
called Grey Box Modelling and widely practised by the researchers in several domains [37].
As tuning involves sensor data, the model with adjusted parameters represents an approx-

imate thermal behaviour of the room.

T = iy x TO 4 pie x T + pge x S+ pipu x S8+ 1, (5.3)

TUp

Greina tunes model parameters every month through Stochastic Gradient Descent [131].
The online learning ensures that model adapts to recent changes occurring in the environ-
ment, without forgetting the existing knowledge. To ensure clean data during the learning
phase, Greina does not consider those days which were identified as leaking while moni-
toring the RU. For instance, if Greina labelled refrigeration unit as Refrigerant Leaking for
five days in the last month, the learning module won’t consider data from those five days to
tune the model parameters. Rationale behind this is that if RU was unable to keep room
temperature within the limits for more than 36 hours consecutively, it was not an ideal
situation and there was a problem. During those five days, the problem could have been
Refrigerant Leakage (true positive), or an ongoing maintenance (false positive); either way,
those five days are abnormal for the outlet.

Initially, we specified two key features of Greina - 1. it uses readily available information
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Figure 5-4: If the managers of two rooms have ‘similar’ routine, then there are good chances
that the hourly temperature profile of those rooms will also be ‘similar’.

from the smart thermostat, and 2. it can start monitoring the RU without waiting for the
sensor data for a long time. Though the proposed framework can collect room temperature
(Ty) and door status (Sq, ) information from the thermostat, and external temperature (Te)
from any third-party weather server, the refrigeration state (Spy, ), which typically requires
appliance-level monitoring is unavailable to the framework. In addition to that, waiting for
clean data for a long time in the initial stages of deployment can significantly delay the

monitoring process. Greina leverages domain advancements to fulfill these requirements.

State of Refrigeration Unit

Jain et. al. [78], proposed a classification based algorithm to determine compressor state
from the room temperature. The intuition was to first identify compressor on and off
events from the temperature data followed by event sequencing to estimate the state vector
for RU. When compressor turns on, the room temperature quickly goes down due to the
addition of cold air, and when compressor turns off, the room temperature shoots up due to
thermal leakage. The estimation algorithm (EA) uses k-means to segregate sudden increase
and sudden decrease in room temperature (in 7 time) from normal variations. On the
segregated events, the algorithm applies sequencing and recreates the compressor cycles of
the refrigeration unit. We employ estimation algorithm to represent RU state as a function

of room temperature (Syy, = EFA(Ty)) and learn the model parameters. One must note
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Algorithm 3: Ranking Algorithm

/* fo indicates the median of total number of door opening instances
h

occurred in the A" hour for the r' room across all the days.

h € [1,24] */
Input: D, where r is the ID of new room
Output: Parameters < i, fle, fidr, fru, 1 > of most ‘similar’ outlet (room r*)

/* Score indicates the “similarity' in the door opening patterns of
two rooms across the day. x/
Compute Score:
S; = |D; — D;||?, Vi € {available outlets};
/* Select the room number with minimum score x/

Select ‘Similar’ Outlet:

r* = argmin(S)
i

that Greina estimates state vector only when RU is working fine because learning requires

clean data.

Parameter Initialization

When a store comes under monitoring, there exists no data to learn the model parameters for
the particular outlet. To begin monitoring, we explored correlation between the ‘similarity’
in manager’s daily routine and the hourly temperature profile across the day (Figure 5-4).
We designed a ranking algorithm (Algorithm 3) that sorts all the available stores based on
the ‘similarity’ in the daily routine of their respective managers. The framework selects the
most ‘similar’ store and uses its parameters to monitor the refrigeration unit for leakage
detection until sufficient clean data (from the new outlet) is available to update the model
parameters. We use [2-norm to measure the similarity. We do not use room temperature
to measure ‘similarity’ because it is possible that RU is faulty at the time of installation.
When there exists no ‘similar’ outlet, the monitoring module (of Greina) uses 10°C as a

default threshold 3.

5.3.2 Monitor for Leakage Detection

At the end of each hour, the tuned thermal model estimates typical temperature profile of

the room (T,), for the framework to look for refrigerant leakage. However, it is infeasible to

3The refrigeration units are supposed to maintain a temperature range of 5°C-8°C in the cold-rooms.
Typically, temperature remains higher (than the limits) during the working hours, and within the limits
during the non-working hours. The 10°C is the median value for both working and non-working hours.
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estimate the temperature profile which perfectly aligns with the actual temperature profile,
and the reason lies in the control strategy embedded within the internal thermostat of a
typical refrigeration unit. The inbuilt thermostat of an RU uses on hysteresis as an upper
threshold and off hysteresis as a lower threshold. When room temperature goes beyond
the on hysteresis, the thermostat turns on the compressor, and the room temperature
starts decreasing. Subsequently, when the room temperature reaches the off hysteresis,
the thermostat turns off the compressor and allows room temperature to increase up to
on hysteresis. However, in real-world, the temperature readings from inbuilt thermostat of
RU differs significantly from the deployed sensor measurements. As it is difficult for the
external temperature sensor to match the temperature readings as sensed by the inbuilt
sensor, it is also hard to accurately predict room temperature at every time instance. If we
observe deviations in the raw temperature profiles (T, and F,) for anomaly detection, the
misalignments will lead to false conclusions 4.

Instead, Greina analyses hourly mean temperature to mark if the RU in a particular
hour is anomalous or not. The reason is that the cycling helps the thermostat in achieving
a temperature which is the average of on and off hysteresis. For instance, in the current
scenario, outlets use 5°C as off hysteresis and 8°C as on hysteresis to maintain an av-
erage temperature of 6.5°C in the room. Though the temperature at any time instance
may misalign, the average temperature in that hour should remain close to 6.5°C. Thus,
Equation 5.4 first computes mean actual (7)) and estimated (7)*) temperature followed by

Equation 5.5 to determine the decision boundary for leakage detection in hour h.

_ 2T s 20T
"= oo = ooy o

Th =Th 4 oh (5.5)

Here, T" is the estimated mean temperature, o/ is the standard deviation in Ty in an
hour A, and Tﬁ denotes the estimated decision boundary for the particular hour h and room
r. If the sensed mean temperature (T*) is beyond the estimate (7), then we mark that
specific hour anomalous (Algorithm 4). Furthermore, to gain confidence that deviations are

due to leakage, Greina applies CUSUM (Cumulative Sum) control strategy [162] and main-

“We discuss misalignment in detail in Section 5.5 - Discussions
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Algorithm 4: Update Bucket

/* Sensed and Estimated Room Temperature x/

Input: 77, TTh, Rmon, GNock, br
Output: b,
/* Update Bucket Value */
if 7" > T then
b, = b, 4+ 1;
aNjock = hmon; // Reset the lock
else if " < T then
aNjock = AMijock — 1;

if anjoer. == 0 then

b, = 0; // Reset the bucket
else

b, = b, —1;

tains a bucket variable (b,) to monitor consecutive such anomalous instances. Whenever
room temperature goes beyond the decision boundary, the monitoring module increments
the b, value by one (Algorithm 4). For every consecutive hour, when room temperature
is within the estimated limits, b, decreases by one unit. If room temperature stays below
the decision boundary for Ao, hours, Greina assumes RU is working fine and resets the

bucket. In case of missing information, b, value remains unchanged.

Label the Refrigeration Unit

In the final step, Greina labels the refrigeration unit based on its bucket value (b,) in
the particular hour h. Our analysis indicates that if the room temperature is beyond the
estimated decision boundary for consecutively 36 hours, then there are maximum chances
of refrigerant leakage. Though we learned the current transition thresholds from the data,

we can always adjust these settings based on user requirements.

5.4 Evaluation

For the study, we deployed a customized thermostat and power meter across 74 outlets of a
retail enterprise. From July 2016 until June 2017, thermostats collected room temperature
and door information from the cold-rooms, and energy meters gathered appliance level
power consumption. Every cold room is 9 ft wide, 9 ft long, and 8 ft high. With thick walls

and doors, these highly insulated cold rooms can maintain storage temperature anywhere
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between —2°C and 5°C. We keep thermostats close to the blower fan (of the RU), because
that allows Greina to focus more on the output of refrigeration unit and less on the
thermal noises in the environment. We also monitored the weather conditions (in the region)
through an API of a cloud-based weather service [160]. All the outlets were located in a city
where outside temperature is usually between 21°C and 37°C, around the year. The retail
enterprise maintains a log of calls from the store managers regarding the complaint in their
cold-rooms. We used the fault logs for ground truth verification. During the study period,
repair person identified 42 cases of refrigerant leakage across 39 outlets, in addition to
several other defects. In remaining 35 stores, neither manager nor repair person mentioned
any instance of refrigerant leakage in the logs during the study period. In one instance, the
outlet manager called a local repair person instead of reporting the fault to the authorised

maintenance contractor.

5.4.1 Evaluation Metrics

We evaluate Greina primarily on two aspects - 1. model accuracy in estimating the decision

boundary ('Tr), and 2. minimising the delay in reporting refrigerant leakage.

Modelling Error

For each hour, we compute mean absolute deviation (denoted by e;) in measured (Ty) and
estimated temperature (F,) to quantify the accuracy of model parameters in simulating the

room temperature in an hour h (Equation 5.6).

ST — 1)
T (3600/7)

€h (5.6)

rdy = dty, — dt,  rdy = dty, — dt, (5.7)

Delay in Reporting the Leakage

We labelled all the leakage instances by start date (dts) - when symptoms became visible in
the data, and end date (dt) - when repair person repaired the leak. Reporting delay is the
number of days between the start and the leakage reporting dates. Equation 5.6 computes

reporting delay for store manager (rd,,) and Greina (rdy). Here, dt,, and dt, are the dates
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Figure 5-5: During working hours, the outlet managers are much more noisy than the
non-working hours.

when the manager and Greina reported the leaks, respectively.

5.4.2 Model Validation

Across all the outlets, our analysis on clean data (when RU was fit) indicates that model can
simulate the room temperature with a mean absolute error of 2°C (with o = 0.9°C), as shown
in (Figure 5-5). Estimation error is primarily due to sudden thermal noise by the random
events - such as leaving the door open, refilling the food products at a higher temperature.
For the same reason, the error is usually higher during the operational hours, as also evident
from the bumps. Erroneous estimations might mislead Greina that room temperature is
above the estimated temperature, but adding standard deviation in Equation 5.5 minimises

such instances.

5.4.3 Results and Analysis

In the study period, we noted 42 instances in the logs where either the store manager or the
repair person mentioned the keywords - gas® and leakage. In 4 cases, though the records had
the gas keyword, no leakage occurred in the refrigeration unit at that time, as validated by
the store manager and the data. Furthermore, refrigerant leakage shows physical symptoms,
such as water dripping and ice formation, which are visible before any leakage pattern in the
temperature data. In 3 such instances, outlet managers quickly intimated the maintenance

contractor to fix the refrigeration unit, and Greina had no data to analyse the symptoms for

Slocal people often use the word gas to refer refrigerant
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leakage detection. In remaining 35 instances, the proposed framework correctly identified
25 leaks and failed to detect leakage in the remaining scenarios. While few of them were

genuine system failures, others happened due to ungovernable circumstances -

1. Too Early to Detect: During the learning phase, Greina borrows the model pa-
rameters from a ‘similar’ outlet. While Greina successfully identified six leaks when

knowledge transferred from one store to another, it failed twice.

2. Improper Learning: Outlet managers generate significant thermal noise in the
room through their dynamic and random activities. While the model can deal with
such noise with a substantial amount of data, Greina incorrectly learns the model
parameters when the data is insufficient. Moreover, as the occupants’ behaviour differs
significantly across the outlets, there exists no definite way to compute - How much

data will suffice to train the model correctly?

3. Noisy Sensor: In two cases, we noticed that a faulty sensor was providing incorrect
temperature readings which resulted in false negative. However, we believe that these

issues are solvable with better governance around the deployment.

4. Low on Refrigerant: Quite often, a refrigeration unit is actually low on refrigerant
(due to heavy usage), and there exists no leakage. In such scenarios, though temper-
ature remains in a higher range as RU is not running at the full capacity, but differs
from the temperature patterns as in the case of refrigerant leakage. Therefore, when
RU was low on refrigerant in 3 such instances, the technician mentioned gas top up

in the log; however, Greina failed to find the symptoms of refrigerant leakage.

Furthermore, Greina reported only 6 instances of false positives - marked RU as leaking
while it was working fine. In four out of six cases, either store manager or technician shut
down the refrigeration unit for construction and the repairing work. As the shutdown was
unexpected, Greina confused the rise in room temperature with leakage and marked the
refrigeration unit as leaking. In remaining two instances, RU broke abruptly due to an
electrical fault and stayed down until a technician came to fix it. Consequently, room
temperature went high and Greina raised a refrigerant leakage flag. As the company,
maintenance contractor, and the outlet managers are usually aware of these situations; we

believe these flags were harmless. In addition to this, Greina also pinpointed a case of
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leakage before store manager.

Figure 5-6: Our analysis indicates, a simple yet powerful framework, Greina reduced the
average leakage reporting delay by 5-6 days, significant enough to avoid energy wastage and
maintain food quality by timely repairing the refrigeration unit.

refrigerant leakage where store manager called an unauthorised technician to repair the RU
and didn’t notify the enterprise. Though such cases are rare, they are a serious concern for

the company.

Beyond Accuracy

Though accuracy is essential, minimization of reporting delay is a more significant concern
for the stakeholders because the delay is directly proportional to energy wastage, health
hazards, and product wastage. In our analysis, we noted an average reporting delay of
seven days for Greina, while managers had a mean reporting delay of 12 days (Figure 5-6a).
In 19 out of 25 instances, Greina detected leakage before the store manager (Figure 5-6).
In eight cases, the difference was as high as 10-30 days. The early detection of leakage

exhibits several benefits.

Minimize Energy Wastage

In Section 5.1, we presented a scenario (Figure 5-1) when refrigeration unit had a gas leak-
age, and outlet manager kept using the RU for more than a week. While such situations are
common across all the stores, we noticed significant energy wastage in doing so. Figure 5-7a
compares hourly energy consumption during the normal operations with faulty operations,
when RU has a leakage. There are two essential takeaways - 1. energy consumption in-

creases significantly during the working hours (almost 4x), and 2. energy consumption is
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Figure 5-7: Beyond being accurate in detecting the gas leakages, Greina can also save
energy and keep the room 5°C-6°C colder, every day during the dj, period - the number of
days between manual reporting and leakage detection by Greina.

very high when refrigeration unit is leaking (around 7z during the non-working hours).

dj, = dty — dt,, (5.8)

While the activities (or routine) of store managers are hard to change, Greina seems
robust enough to minimize the energy wastage due to gas leakage. Figure 5-7b compares
the hourly energy wasted in the dj, period - the number of days between the reporting dates
of manager and Greina (Equation 5.8). Our analysis indicates that if central maintenance
team had taken the recommendations from Greina, they might have saved 5-10 kW h energy
every day (when RU was faulty) which is twice the typical daily power consumption of RU
(Figure 5-7c). The negative wastage depicted those scenarios when RU stopped working,

and the outlet ended up consuming less energy in comparison to normal operations.
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Minimizing Risk to Product Quality

Next, we observed that room temperature remains significantly high during the gas leakage
(Figure 5-7d). High temperature risks the product quality and impacts the store operations.
The average room temperature increased by 2°C-3°C in both working and non-working
hours. When we analyzed across all the 19 instances where Greina reported before the store
manager, we noted a median increase of 6°C during the d period for each hour of the day,
across different outlets (Figure 5-7e). If maintenance team had taken the recommendations
from Greina, they could have kept the rooms 5°C-6°C colder every day (when RU was
faulty), by timely repairing the RU (Figure 5-7f).

Even though store managers have a benefit of observing the physical symptoms of leak-
age, Greina identified 19 out of 25 leakages before the store manager. Though in two
instances, Greina couldn’t detect the leakage before manager; we also noted that in re-
maining three cases, it occurred due to the negligence of the maintenance contractor. While
outlet manager timely reported the leakage to the maintenance team, the maintenance con-
tractor didn’t take any action for several days. Consequently, the symptoms became visible
and Greina detected the leakage even though store manager repeatedly complained about

the leakage.

Beyond Leakage

Though we designed Greina for refrigerant leakage, we observed that the proposed frame-

work also identified other common time-varying faults.

Ice Formation

Dirty air filters, defective evaporator or condenser fans, lack of refrigerant often results in
the formation of ice in the refrigeration unit. The ice obstructs the path of cold air and
the refrigeration unit works at a reduced efficiency. Though the symptoms of ice formation
in temperature data may depend on the fault, Figure 5-8a depicts one scenario where the
increase in temperature is akin to refrigerant leakage (Figure 5-1). If the ice forms due to
heavy usage or a dirty filter, store managers usually clean the filters, however, if the ice
forms due to a fault, ice keeps on forming even after cleaning and manager needs to call

the technician to repair the RU. Greina identified 18 such instances where ice formed due
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Figure 5-8: [Left and Middle] In addition to leakage, Greina also reported 28 instances
of ice formation and motor failure during the study. [Right] Greina can be extended to
monitor the efficiency of maintenance contractor in repairing a reported fault.

to dirty air filter or defective fans.

Condenser Motor Failure

The job of the condenser is to cool the high-pressure refrigerant gas received from the
compressor by moving outside air across the condenser coils. Through condensation, the
high-pressure, high-temperature refrigerant gas changes to low-temperature liquid refrig-
erant. However, due to wear and tear, and high temperature during the summers, the
condenser fan motor usually fails and RU stops cooling the room. In an attempt to cool the
room during the motor failure, RU starts drawing more current which increases the peak
power consumption of RU and heats up the system further (Figure 5-8b). Eventually, RU
breaks down, and manager calls a technician to repair the motor. Greina detected ten such
instances of motor failure and raised the alarm 1-2 days before complete shutdown of the
RU.

To conclude, our analysis on a reasonably rich dataset collected from actual field de-
ployments, indicates that Greina possesses the power to timely identify the refrigerant
leakage instances. Beyond being accurate, on an average, Greina also proved to reduce the
reporting delay by five to six days. The improvement in reporting delay can minimize the
energy wastage and maintain desired temperature for the stored items. Interestingly, to
achieve these benefits, the company needs to only upgrade their traditional thermostat to a
smart thermostat with Greina running in the cloud and leveraging the data collected from

the thermostat. Our study indicates that with smart thermostats, the simple yet powerful
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Figure 5-9: [Left and Middle] Inability to accurately estimate room temperature close to
on and off hysteresis leads to misalignment in estimated and recorded temperature signals.
[Right] Current model is unaware of dynamic user activities and assumes constant thermal
noise in the room. It is another major source of modelling error, especially in residential
apartments.

framework, Greina is easily scalable.

5.5 Challenges and Discussion

In this chapter, we designed Greina for leakage detection by only sensing the ambient
information from the smart thermostats. In collaboration with an energy-analytic firm, we
are currently focused on the deployment of Greina across all the 74 outlets for rigorous
evaluation of the system in real-world. In this section, we discuss three possible dimensions

to extend the proposed framework.

5.5.1 Modelling Error

We rely on our thermal model to first learn a decision boundary for Greina to monitor the
RU for any leakage on a daily basis. Though current model estimates with a mean absolute
error of 2°C (with o = 0.9°C), the reader should also be mindful of the fact that the model
is a replaceable module of the whole framework. In Appendix C, we present one such
extension of current thermal model which can estimate room temperature with an RMSE
of 2.85°C (with 0 = 1.3°C) even in a highly noisy environment of residential apartments.

On further analysis, we noticed that following are the primary sources of error.
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Misalignment

When we turn on the AC (also applicable on RU), the compressor which is the major power
consuming component of the AC also turns on, and starts putting cold air into the room.
Due to the flow of cold air, room temperature drops up to a certain level - off hysteresis (as
depicted in Figure 5-9a). At this point, compressor turns off and allow room temperature
to increase up to a certain level - on hysteresis. As temperature reaches the on hysteresis,

compressor turns on again and starts cooling the space.

The control algorithm of AC decides compressor state based on the return air temper-
ature which is measured inside the AC, near the filters. Let’s call it T, On the other
hand, we install temperature sensor just outside the AC, near the fan. Now, let’s say T,
represents room temperature as measured by the sensor and T, depicts the estimated room
temperature. As per the control logic, the controller will turn off the compressor when
Trat = Tofr. However, given the complex non-linear thermodynamics, it is impractical to
precisely estimate Ty or T at any time instance; thus, Trq; — Topp and Tray — Ton. As a
result, Trqs — Topr # T, — Topr and T — Ton # T — Ty Basically, though the estimated
room temperature follows the pattern, it fails to align perfectly with the measured room
temperature. As depicted in Figure 5-9b also, the actual (hard black line) and estimated
(dashed black line) temperature signals are misaligned. To minimize the effect of error due
to misalignment, we consider hourly mean temperature and add standard deviation to be

more conservative while monitor the RU for refrigerant leakage.

Constant Thermal Noise

Another major reason of error is the thermal noise due to numerous dynamics activities of
the occupants. Especially in a residential apartment, multiple activities occur at distinct
time intervals during the AC usage (as shown in Figure 5-9¢). However, in current im-
plementation (Equation 5.1 and Equation C.1-C.4), we assume thermal noise is constant
at any time. As the (current) model is unaware of such dynamic activities, it will com-
pute room temperature while assuming constant noise from these sources; thus inflating
the error. While constant noise makes little impact on estimating the room temperature in
cold rooms (space is highly insulated and activities are relatively less), it makes significant

impact on the temperature estimation for the apartments. One way to handle noise due to
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dynamic activities is to first identify the activity (based on temperature, occupancy, and
time of the day), and then compute thermal noise for that particular time instance. Having
said that, we repeat that the model is a replaceable module of the whole framework; thus,
community is encouraged to explore other such variants of the current model to enhance

Greina’s performance.

5.5.2 False Negatives & Positives

We discussed multiple scenarios when Greina generated both, false negatives and false
positives. After scrutinizing those situations, we noted that we can avoid many of those
instances through user-friendly and interactive interfaces (or advanced notification systems).
Basically, by involving users, we can empower Greina with a two-way communication with
the outlet managers for accurate estimation of the refrigerant leakage. In several instances,
managers spotted unusual events, such as high temperature or ice formation. If they could
have notified Greina through a device, Greina would have used the information to detect
the leak, even early. Similarly, we discussed multiple cases where store manager timely
reported the leak but the repair person (or the maintenance contractor) only refilled the gas
instead of fixing the leakage. Consequently, refrigeration unit again went down in a couple
of weeks and company had to suffer from the business loss, in addition to usual consequences
of refrigeration leakage. If Greina could validate existence of anomalous pattern even after
the corrective action, the maintenance company could reassess the appliance. Not only the
two-way communication would minimize such instances, it will also develop a sense of trust
for the system.

Having said that, one must also remember that user attention is costly. When users are
involved, the line between a useful system and an annoying system is typically very thin.

User input is useful only if the system is designed while considering -

1. How frequently user should input the information?,

2. How much time does it take the user to input the information?,

3. How frequently system should notify the users?,

4. Is the interface intuitive and user-friendly?
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For the same reason, the new frontiers opening in the domain of smart and ambient
notification and attention management systems, the design of web and mobile application,
and many such factors can significantly influence the outcome of this study. In future,
we plan to implement the proposed framework (along with the user feedback) to critically

evaluate the effectiveness of Greina in achieving the desired goals at a much larger scale.

5.5.3 Beyond Refrigeration

Beauty of Greina lies in its modular and systematic architecture, especially the replaceable
thermal model, and ability to work on top of smart thermostats. While Greina can benefit
from readily available information from the thermostat (temperature, occupancy), it can be
adapted to diverse environments by tweaking the proposed thermal model. In Appendix C,
we discuss one such extension to a noisy home environment. Poor thermal insulation and
time-varying stochastic activities of people are the primary two basis of thermal noise in the
residential apartments. However, in a separate analysis, we found that a non-linear thermal
model can estimate room temperature with an RMSE of 2.85°C (with o = 1.3°C).
Though it is feasible to extend Greina for the home environment, the real challenge
lies in evaluating the efficacy of proposed framework in such an environment. In residential
apartments, tenants call local technicians, and typically no fault logs are available. Ground
truth data collection (at a large scale) demands enormous support from tenants and the
technicians in sharing the information whenever there is a fault. For the same reason, sev-
eral studies in the past have either evaluated their approach in theory, or in a controlled
environment. We believe a comprehensive evaluation of Greina across residential apart-
ments can bring up additional intriguing insights about both, the environment and the

system.
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Chapter 6

Conclusion and Future Work

Intelligence is the ability to adapt to change.

— Prof. Stephen Hawking

While rising temperature, across the globe, is making air-conditioning a necessity rather
than a luxury; growing income and reducing prices of hardware components are making
them affordable, especially in emerging hot economies like India. As of now, only 5%-8% of
people in India use air conditioners. However, given the current market trend, meeting the
electricity demand (especially during the peak demand) will become even more challenging
in the future. To fulfill this growing demand in the future, we must ensure energy-efficient
usage of the appliance. Since thermostat plays a crucial role in deciding user comfort and
AC energy consumption, in this dissertation, we proposed Data-Driven Thermostats - an
extension of smart thermostats.

One must remember that the field of optimizing air-conditioning experience through
thermostats is decades old. Since the advent of programmable thermostats in 1885, ther-
mostats today are smart, remotely accessible, better in design, and able to suggest optimal
settings by learning occupants’ schedule. Google Nest [118] is one such realization of smart
thermostats for residential spaces. While thermostats are smart, they still rely on the
dynamic and stochastic schedule of the occupants to optimize AC usage. To learn the
daily schedule, smart thermostats need that tenants follow a particular schedule during the
training period. Often, thermostat learns an irregular schedule and any deviation from the
learned schedule leads to discomfort. In a study, Yang et al. [166] showed that the energy

saving features of the Nest, such as Auto-Schedule and Auto-Away, were neither effective
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in saving energy, nor in maintaining the user comfort.

On the contrary, Data-Driven Thermostat fundamentally relies on temperature signal,
which is relatively stable than occupants’ schedule. The proposed framework takes sen-
sory data from the thermostat to tune the lumped parameters of a thermal model, which
eventually serves the application layer. With time, as the framework collects more and
more data, it keeps updating the model parameters to accommodate temporal changes in
the building’s thermal behavior. The proposed framework is compatible with existing in-
frastructure (scalable), require no additional instrumentation (low-cost), and need minimal
user intervention (user-friendly). Our analysis, based on real-world data, indicates that
Data-Driven Thermostats can provide actionable energy-feedback, dynamically vary the
set point temperature for personalized and localized comfort, and timely identify leakage to
ensure reliable functioning of the appliance. In this chapter, we first conclude our thoughts

on the proposed framework and later present our outlook on the future of thermostats.

6.1 Feedback

In several parts of the world, air-conditioning is still a luxury item, and the reason is, in
any typical home, AC contributes a significant proportion towards the monthly electricity
bill. Since the information is typically available at the end of the month, it is hard for
the occupants to reason, “Why?”. Often, appliance-level plug monitors are unavailable in
high current ratings, required to handle large transient current flow associated with AC
switching on events. Even if such a plug monitor exists, either it is expensive, or need
technical expertise for installation, or could not communicate over the network for real-
time analysis. Therefore, we started exploring indirect ways of appliance-level monitoring
and noticed a strong correlation between temperature and power signal.

We conducted an in-situ deployment in seven different apartments and asked the tenants
to follow their daily routine. In every home, we installed a smart meter to monitor AC
power consumption for the ground truth verification and a temperature sensor in the master
bedroom for data modeling. In the evening, we used to conduct a brief survey for ground
truth verification, in which, we would ask simple questions like, “At what times did they use
the AC?”, “What was the setpoint temperature during each usage?”, “How many people were

present during the usage?”. Based on the insights from the data, we designed PACMAN - a
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feedback system that only senses the room temperature to estimate and predict AC energy
consumption for the users. Given that the desired information is readily available through
smart thermostats, our research testifies that PACMAN is a low-cost and scalable extension
to smart thermostats for providing actionable energy feedback. Our retrospective evaluation
indicates that, on average, PACMAN can estimate and predict AC energy consumption with

an accuracy of 84% and 85%, respectively.

6.2 Comfort

“Ahmm, setting a thermostat temperature is quite challenging task. I come
home, feeling very hot and start the AC at 23... then in some time it becomes
very cold and I turn it off... and after some time, turn it on again (may be at
a higher temperature). You never know what to set AC on.... therefore, during
night I fix my AC at 24-25 and use blanket... at some point I feel cold and
take the blanket, after few minutes I start feeling hot and remove the blanket.
Though, it’s annoying but that’s the best way I have figured out till now...” -

Participant

User comfort is subjective; it differs from one person to another. Under particular
weather conditions, user comfort might depend upon context, environment, and user ac-
tivities. With this thought in mind, we designed PACMAN to estimate and predict AC
energy consumption at different setpoint temperatures; so that, the tenant could decide
right thermostat temperature for themselves. However, weather condition changes with
time, and a feedback-based system would require tenants to regularly update the thermo-
stat temperature - highly inconvenient for the occupants. For instance, during night time,
when occupants are sleeping, they might not bother to change the thermostat temperature;
instead set AC to a lower temperature and take a blanket when required.

Ideally, a thermostat should automatically set a temperature that would suffice user
comfort and also save energy. However, in doing so, thermostats should not be limited to
thermostat temperature, instead provide users an option to specify their goal - minimize
AC energy consumption, or maximize user comfort, or maintain a balance between them.
Eventually, based on user preference, the thermostat should change the setpoint tempera-

ture to achieve the desired trade-off between comfort and energy. To address this concern,
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we added a Comfort-Energy Trade-off (CET) knob on the mobile application of smart ther-
mostats, where residents can specify their intention (max. comfort/savings), along with
the thermostat temperature. Next, we designed and developed an optimization framework
that automatically tunes the parameters of a generic thermal model to a particular room
environment. Subsequently, the framework takes tuned thermal model along with the user
input (set temperature and CET value) and current weather conditions to dynamically vary

the AC thermostat temperature.

Our study indicates that the proposed framework is practical with data from a single
location in the room (somewhere close to the AC); thus, possess great potential to scale
up with existing infrastructure. Portable+ thermostat, empowered with the estimates of
temperature across different regions, can provide region-specific comfort when compared to
smart thermostats. Our evaluation based on the data collected from a controlled experiment
(spanning two rooms for over two weeks) and an in-situ deployment testified its efficacy
in reducing occupants’ discomfort by 23% (when maximizing the user experience), and
maximizing energy savings by 26%, during the power-saving mode. Overall, we found that
dynamically varying the setpoint temperature to maintain comfort energy tradeoff (based on
user preference) is feasible (through any smart thermostat), user-friendly (require minimal

or no manual intervention), and effective (as evaluated based on real-world data).

6.3 Reliability

Unlike air-conditioning in residential apartments, people often prefer centralized heating,
ventilation, and air-conditioning (HVAC) units in commercial buildings. Typically, in an
HVAC, there is a chiller unit (or a furnace if we are heating) to supply cold air/water to
Air Handling Units (AHUs). The role of an AHU is to maintain the desired temperature
in a zone, often consisting of private (such as offices) and shared regions (labs, lobby). In
such shared spaces, it is impractical to shut down chillers and AHUs when occupants are
not present in their individual spaces. Instead, building managers run HVAC on a setback
schedule, in which, HVAC supplies less cold air to the room, which is not in use. Now,
to generate an optimal setback schedule to run the HVAC, predictive control strategies for
commercial HVAC, often require an estimate of occupancy across the building. Therefore,

in such cases, the effectiveness of the control strategy relies on the accuracy of occupancy
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predictions. High variability in the outcome due to prediction errors, makes predictive
control strategy unreliable for commercial buildings. Thus, in the next part, we analyzed

the influence of occupancy prediction errors on users’ comfort and total energy consumption.

To study the influence of occupancy prediction errors, we first designed a custom-built
building simulator (ThermalSim) and systematically introduced realistic errors in the occu-
pancy data. In our analysis, we explored that occupancy prediction error, as high as 20%),
can make a model predictive control (MPC) based strategy highly unreliable, as measured
on an energy-comfort scale. Next, we noticed that a personal thermal comfort system (like
SPOT) could strengthen the predictive strategy by mitigating the influence of predictions
errors on energy consumption and occupants’ comfort. Our studies shows that it is feasi-
ble to use a personal thermal comfort system — SPOT — along with the predictive control
strategy to ensure personalized comfort in personal and shared spaces. As SPOT works at
a finer time-scale than the MPC-based HVAC, it can even cater to the dynamic schedule of
the occupants, and satisfy the comfort requirements of every individual, while mitigating
the influence of prediction errors; thus, making predictive controllers reliable even for the

commercial HVACs.

Beyond energy-efficient control, another critical aspect of energy-efficient usage of an
appliance is its reliable functioning. Usually, aging, irregular maintenance, and improper
handling lead to frequent breakdowns of the appliance. We, understanding the benefits of
fault detection through smart thermostats, next developed an unsupervised self-learning
framework Greina , that senses ambient information from the smart thermostat for refrig-
erant leakage detection. Often, due to the loss of refrigerant, the compressor works with
reduced efficiency and takes more time than the usual to cool the room; thus, wasting sig-
nificant energy. In addition to that, the leakage exposes tenants to the refrigerant, which is
extremely dangerous for their health [7]. The proposed technique employs Grey-Box Mod-
elling to estimate a decision boundary and later uses the estimates for leakage monitoring.
The performance evaluation of Greina on data from 74 stores (from a region in India)
indicates that the simple yet powerful framework can reduce the reporting delay by a week
with best of around 20-30 days in few instances. During these days, the retail enterprise
could have saved twice the energy, AC consumes on a typical day. Moreover, by timely
repairing the air-conditioning unit, they could have kept the rooms 5°C-10°C colder every

day, when refrigerant was leaking through the AC.
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6.4 Outlook

Looking forward, we envision smart thermostats to go beyond their functional limitations
and play a crucial role in keeping the occupants comfortable, relaxed, and productive. While
this dissertation identified and addressed a few fundamental challenges in developing such
a thermostat, there are several exciting dimensions of smart thermostats which are yet to

explore. In this section, we discuss two such horizons.

6.4.1 Cognitive Thermostats

It is a well-studied fact that the ambient room temperature effects office productivity [64],
social relations [69], a students’ ability to learn [83], and sleep [121], among many other
psychological and physiological parameters [30, 155]. In a study, Lang et al. [98] showed
that workers in a cold room not only make more errors but also give low throughput. In
another study, Perez et al. [83] demonstrated how hard it is for the students to focus when
the room temperature is too hot or cold. If we carefully observe these studies, we will
notice that to achieve optimal output; the cognitive mindset of the tenants must adapt to
that environment. Basically, while students might need a learning-centric environment in
schools, people at home might prefer a calm and relaxing atmosphere. The thermostats,
which can assist occupants in achieving the desired cognitive state, we define them as
Cognitive Thermostats.

Here, the research question is, “Given an environment, can thermostats vary the set-
point temperature such that tenants can achieve the cognitive mindset, desired for that
environment?”.

Only from the perspective of a thermostat, the problem is hard. As of now, thermostats
collect limited information; which is inadequate for the thermostat to comprehend the
environment, and psychological and physiological parameters of the occupants. However,
with the advent of extensive sensor networks as part of smart homes, each sensing unit
is now capable of providing a partial view of the atmosphere. For instance, with limited
accuracy, we can capture cognitive load on a person, by monitoring changes in the person’s
forehead and nose temperature using a commercial thermal camera [1]. Using multiple such
sensing units, we believe that it is feasible to get better visibility of the environment by

combining the partial view from these sensing units.
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In collaboration with MIT Media Lab, we first conducted a preliminary study to quantify
the accuracy of the thermal camera in estimating cognitive load in a temperature variant
atmosphere. In an office room, we placed an infrared camera along with a visible camera
and asked volunteers to complete a few tasks in a given time. During the study, we asked
the volunteers to wear a Zephyr BioHarness for ground truth data collection. From our
initial analysis, we noticed multiple challenges in estimating cognitive load from temperature
changes on the face and the nose in a noisy environment. As of now, we are still working
on system development. Hopefully, once the system is ready, we will carry out a large-scale

user study to get conclusive evidence for the hypothesis, as above-mentioned.

6.4.2 FDD for Commercial HVAC

Beyond feedback and comfort, another essential aspect of energy-efficient usage of an AC
is its fault-free functioning. As discussed in Chapter 5, faulty appliances waste significant
energy, compromise user comfort, and in some cases, they can even be hazardous for the
occupants. Therefore, it is imperative to implement automated fault detection and diagnosis
to monitor the health of the appliance regularly. In this dissertation, we implemented one
such fault detection technique to report instances of refrigerant leakage. While there exist
multiple leakage detection techniques in the literature, we ensured that our approach utilizes
only that information, which is readily available from a smart thermostat. By doing so, we
ensured scalability, ubiquity, and adaptability for the proposed framework.

However, if we look at centralized HVAC in commercial buildings, it is impractical to
report faults by merely monitoring the room temperature. Since an HVAC unit comprises
of numerous components, the faults may arise at room-level, zone-level, or even at the
building-level, and it is hard to pinpoint a fault without extensive information about the
system. Fortunately, building managers do monitor multiple parameters at different points
in the HVAC to maintain the desired temperature in every room.

Now, the question is, "With limited additional sensing, can building managers use ex-
isting sensors to monitor the health of an HVAC unit?”.

In collaboration with Optimisation and Control Group at PNNL!, we started exploring
an exciting domain of fault detection and diagnosis for HVAC units in commercial buildings;

but with the help of existing sensor network. With the help of Adaptive Control Team at

!Pacific Northwest National Laboratory, Richland, WA, USA
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PNNL, we first simulated the HVAC for a large office building, using EnergyPlus and
Dymola frameworks. The building consisted of three floors, with each floor divided into
five zones and each zone comprising of both private and shared spaces. In the simulation
framework, we monitored 192 parameters, which included temperature, pressure, air-flow,
and many other physical attributes at different points in the HVAC unit. In the dataset,
there were three faults for the analysis purpose, offset in outdoor temperature sensor, offset
in supply air temperature sensor, and cooling coil valve stuck at a particular position.

In our preliminary study, we specifically focused on the problem of cooling coil valve
stuck. Currently, we are studying the trade-off between cost, accrued in maintaining the
sensor network, and benefits, in terms of accuracy and time in detecting the issue. Our initial
investigation indicates that it is practical to identify valve-stuck issue using an ensemble
machine learning techniques, by only monitoring ambient temperature at AHU and the
zone-level. As of now, we intend to incorporate multiple such faults in our analysis and
study different machine learning and deep learning techniques in accurately generating a

health report for the appliance, every day.

6.4.3 Complex Environments

Beyond residential and commercial spaces, we noticed one another intriguing application
scenario, which is a big room with multi-split air conditioners. Quite often, especially in
developing economies, small-scale commercial offices, banks, retail outlets use multiple AC
units over a centralized air-conditioning system. Such buildings are generally limited to
a large hall on a single floor, where workspace comprises of multiple cubicles. Typically,
there is no central authority to control these ACs and tenants use a remote to set the
thermostat temperature, for each AC. For such a scenario, there are several open-ended
research questions for the community to explore. Since installed ACs typically run on their
full capacities without accounting for cooling impact from neighboring ACs serving the same
zone, such commercial premises possess tremendous potential for energy savings. Karmakar
et al. [87] proposed one such scheduling algorithm to coordinate the compressor cycles of
multiple ACs to reduce peak demand load. Therefore, extending smart thermostats for
multi-AC premises could be highly beneficial from both the perspectives, energy efficiency,
and user comfort.

Beyond personal benefits, a smart thermostat could even be beneficial for Smart Grids,
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an essential component of the Smart Cities project. Since air-conditioners are one of the
most power-consuming appliances in almost every type of building, coordinated scheduling
of ACs, at city-level, could benefit grids in managing the peak demand load. Moreover, by
applying advanced control strategies, such as model predictive control (MPC), smart grids
can even suggest optimal setpoint temperature for different hours of the day. It is even
feasible to provide an incentive to the users, for following the recommended setpoint schedule
of the ACs. If allowed, the tenants could automatically vary the setpoint temperature to
optimize AC usage and ensure user comfort.

While benefits are endless, we still need to explore them and apply them in the real
world. For starters, this dissertation introduces the concept of Data-Driven Thermostats
and testifies its efficacy through data collected from multiple field deployments. Further-
more, our research validates that Data-Driven Thermostats are practical, compatible (with
both old and new generation ACs), scalable, and quite effective. Henceforth, I believe, in
the future, further extending the Data-Driven Thermostats will be crucial in altering the
way we currently interact with our air-conditioning units and eventually make ACs highly

efficient and comfortable.
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Appendix A

Generic n-region Implementation

of Thermal Model

In Section 3, we presented a thermal model for a room divided into three regions (hir, mir,
lir) based on the cooling impact of AC. The shown model is derived from a generic n-region

formulation of a thermal model adapted from [157, 56] (Equation A.1-A.4).
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For generic implementation, r € [1,7;] where r = 1 implies the region closest to the AC,
and 7; denotes the farthest region from the AC. 7 is the time constant and T®), C, and
7 indicate the temperature (at any time instance t), thermal capacity, and thermal noise,
respectively, for the location depicted by their subscript. K is the heat transfer coefficient
between the regions (including wall and external conditions) shown by their subscript and

the superscript.

0] = 5n + 2 (A.5)

Figure A-1 presents the Resistive-Capacitive network of the generic implementation
where the thermal capacity of a particular area is shown as a capacitor, and resistor indicates
the heat transfer between the two regions (including the wall and external conditions). The
size of the set of parameters (for the thermal model) is directly proportional to the number
of regions (n) in a room (Equation A.5). Though the large size of parameters makes the
optimisation problem complex and slow, increasing number of regions will only need a

refined thermal model for the framework.
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Appendix B

Thermal Model for Inverter AC

In Section 3.3.2, we discussed a thermal model with a non-inverter AC. Such an AC depends
upon return air temperature (as measured by internal thermostat) and set temperature
(provided by the user) to decide the compressor state (on/off). The compressor of a non-
inverter AC has a fixed speed motor that can either run at full speed, or stop altogether.
Thus, to maintain the desired temperature, the compressor motor of a non-inverter AC
runs at full speed until return air temperature reaches the off hysteresis. Subsequently,
controller completely shuts down the AC compressor to allow rise in temperature, until on
hysteresis is attained. Due to temperature cycles, average room temperature remains close
to the thermostat temperature set by the user. Therefore, for a fixed speed compressor,
the shown thermal model denoted the AC state through a binary variable Sac which can
either be on (i.e. Sac =1) or off (i.e. Sac =0).

On the other hand, an inverter AC has a variable speed motor that can work even at a low
RPM (rotations per minute); also known as Variable Frequency Drive (VFD). Initially, the
compressor motor of an inverter AC runs at full speed to achieve the desired temperature.
When controller senses that return air temperature is close to the set temperature, in place
of complete shutdown, the motor rotates at a minimum speed required to maintain the
set temperature. Thus, inverter ACs offer significant energy savings over non-inverter AC
while maintaining the user comfort. However, to extend the proposed thermal model for
an inverter AC, Sac is updated to take any value between 0 and 1. Since the framework is

designed to find optimal thermostat temperature for the AC, it can work for inverter ACs.
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Appendix C

Extension to Home Environment

A residential apartment differs from a cold room in two major aspects:

1. Poor Insulation - Typically, thermal insulation in a residential apartment is substan-
dard as compared to a cold room. Often, heat leaks through walls, gaps around doors

and windows, and multiple such sources.

2. Noisy Occupants - In cold room, loss of cooling only happens (given superior insula-
tion) when manager opens the door for cleaning or shifting the goods. In contrast,

significant amount of cooling is consumed by the occupants in a residential apartment.

Thus, we need a high order thermal model to capture the non-linearity and estimate the
room temperature in a residential apartment. Equation C.1-C.4 depict one such thermal

model derived from Bacher et al. [10], also discussed in Chapter 3.
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Symbol Description Unit

T Sampling Interval S

T Thermal region € {ry,re,rs} —

Ny Thermal noise in region r —

Qoc Cooling load due to occupants and their activities —

Qac Cooling capacity of AC kW
Tﬂt) Temperature in region r at time instance ¢ °C
Te(t) External temperature at time instance ¢ °C
Tg) Temperature of wall (facing outside) at time instance ¢ °C

C, Thermal capacity of region r kJ/K
Cy Thermal capacity of wall (facing outside) kJ/K
K], Heat transfer coefficient between wall (facing outside) and region r kW /K
K] Heat transfer coeflicient between external environment and region r kW /K
KY Heat transfer coeflicient between wall (facing outside) and weather kW /K
K!? Heat transfer coeflicient between r1 and r2 KW /K
K3 Heat transfer coeflicient between 72 and r3 EW /K
st AC compressor state (on/off) at time instance ¢ -

Sg? State of occupants at time instance ¢ —

Table C.1: List of symbols used in the proposed thermal model

(T 1) % C,,

=K1 x (T -~ TW) + K72 x (T — 1Y)

T e T2
KT x (TO = TO) 4+ K73 x (0 — 1) (C.3)

+ro X Soc + My

(Te -1y % C,,
T

K x (T = T) + Kjp x (T ~ T)

(C.4)
KT (T — 1D 4 7

Here, the first region (r1) is the area in proximity of the AC, thus facing direct and the
maximal impact of cold air coming from the AC. The second region, ry is the region where
occupants stay, and the region receives indirect cooling from r; region where AC is present.
rg indicates corner spaces in the room. The thermal model in Equation 5.1 is a special case
of above mentioned model where whole room is considered as single region and manager’s

activities are monitored through a door sensor. Table C.1 describes all the notations used
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in the extended thermal model.

The idea is to logically divide the room into multiple thermal regions and capture heat
transfer at region level. In the model, we assume that thermostat is installed closer to the
AC and each region is considered to be separated by a thin layer of air having negligible
thermal mass. To evaluate the model, we installed smart thermostat in the bedrooms of
five residential apartments, and collected temperature and occupancy data for a month. In
parallel, we gathered weather information from a cloud based weather service. Leave p-out
cross validation (with p = 10) indicates that even in such a noisy environment, the extended

model can estimate room temperature with a mean RMSE of 2.85°C (with ¢ = 1.3°C).

0 - {va CT’17CT’27 C?”37 KLI’KZ'UQ’ K1711)37 Kgl,K;?, K£37 K;U’ KTQ

1

K3
" (C.5)
9 777“1 I 777“2 ) 777“37 Qaca ro}

One must note that we only used temperature in 71 (Ty, ), outside temperature (Te),
and occupancy information (Sec) to learn the parameter set 6 (Equation C.5). While tem-
perature and motion data can certainly be captured from a smart thermostat, climatic
conditions are readily available from cloud based weather services. Once Greina learns the
model parameters, it will simulate temperature in r; and compare with actual temperature
data for leakage detection. Details for monitoring stage remain same as specified in Sec-
tion 5.3. We believe, an interchangeable thermal model empowers Greina to be genuinely
pervasive and ubiquitous. Depending upon the design requirements, researchers can explore

different variants of the thermal model for diverse scenarios.
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