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Advancing the Development and Utilization of Data Infrastructure

for Smart Homes

Sheik Murad Hassan Anik

(ABSTRACT)

The smart home era is inevitably arising towards our everyday life. However, the scarcity
of publicly available data remains a major hurdle in the domain, limiting people’s capabil-
ity of performing data analysis and their effectiveness in creating smart home automations.
To mitigate this hurdle and its influence, our research explored three research directions to
(1) create a better infrastructure that effectively collects and visualizes indoor-environment
sensing data, (2) create a machine learning-based approach to demonstrate a novel way of
analyzing indoor-environment data to facilitate human-centered building design, and (3)
conduct an empirical study to explore the challenges and opportunities in existing smart

home development.

Specifically, we conducted three research projects. First, we created an open-source [oT-
based cost-effective, distributed, scalable, and portable indoor environmental data collection
system, Building Data Lite (BDL). We deployed this research prototype in 12 households,
which deployment so far has collected more than 2 million records that are available to public
in general. Second, building occupant persona is a very important component in human-
centered smart home design, so we investigated an approach of applying state-of-the-art
machine-learning models to data collected by an existing infrastructure, to enable the auto-

matic creation of building occupant persona while minimizing human effort. Third, Home



Assistant (HA) is an open-source off-the-shelf smart home platform that users frequently
use to transform their residences into smart homes. However, many users seem to be stuck
with the configuration scripts of home automations. We conducted an empirical study by
(1) crawling posts on HA forum, (2) manually analyzing those posts to understand users’
common technical concerns as well as frequently recommended resolutions, and (3) applying
existing tools to assess the tool usefulness in alleviating users’ pain. All our research projects

will shed light on future directions in smart home design and development.



Advancing the Development and Utilization of Data Infrastructure

for Smart Homes

Sheik Murad Hassan Anik

(GENERAL AUDIENCE ABSTRACT)

My research aims to address the gaps in the smart home systems domain in terms of data
availability, utilization, and, development issues. In this dissertation, I developed an IoT-
based wireless sensor network to mitigate the lack of publicly available actual building data.
I used machine learning tools for developing building occupant persona with real-world data
which is a necessary element in human-centered smart home design. I conducted an empir-
ical study to understand the automation configuration issues in smart home systems and
presented a root-cause taxonomy of the issues investigated. The combined findings of this
research can help the smart home development community and open new doors in research

directions.
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The terms ‘Internet of Things (IoT)’ and ‘Smart Home’ have been brought up more fre-
quently than ever in recent times. The Internet of Things (IoT) describes the network of
physical objects embedded with sensors, software, and, other technologies for the purpose of
connecting and exchanging data with other devices and systems over the Internet. A smart
home is a home that incorporates advanced automation systems to provide the inhabitants
with sophisticated monitoring and control over the building’s functions [106]. In recent years,
the buzz about this new type of domestic technology have been gaining a lot of popularity.
Devices like smart mirrors, robot vacuum cleaners, and wireless kitchen appliances combined
with a smart home system are bound to transform the indoor living experience. In 2022,
[oT smart home device sales grossed $115 billion US dollars, and it is forecasted to reach a

value of more than $195 billion US dollars by 2026 [110].

Smart home systems have become inevitable in recent times, and as this field is still in its
emerging phase, it still requires a lot of research to bring perfection to the system and pro-
vide the most convenience to its users. The first hurdle researchers face in the domain of
smart home research is the lack of publicly available data in the heterogeneous IoT platforms.
The vast number of facility management systems, home automation systems, and the ever-
increasing number of Internet of Things (IoT) devices are in constant need of environmental
monitoring. Indoor environment data can be utilized to improve indoor facilities and bet-

ter occupants’ working and living experience, however, such data are scarce because many



existing facility monitoring technologies are expensive and proprietary for certain building
systems, such as building automation systems, energy management systems, and mainte-

nance systems.

In the domain of smart home research, the next step after the data collection is analyzing the
data and identifying useful insights from it. The data obtained on different home automation
systems can tell us different stories and provide important insights on the environment as well
as its occupants. Such information can be utilized for the improvement of the habitat’s living
conditions. A user persona is a communication tool for designers to generate a mental model
that describes the archetype of users. Developing building occupant personas is proven to
be an effective method for human-centered smart building design, which considers occupant
comfort, behavior, and energy consumption. Optimization of building energy consumption

also requires a deep understanding of occupants’ preferences and behaviors.

Each smart home system consists of multiple smart devices, sometimes scaling up to hundreds
or thousands in number. These devices are controlled by the automation configurations
defined by developers. Writing the automation configuration for smart devices in smart
home systems is a challenging task. An issue in automation configuration can result in
variable consequences, for example, improper behavior of the device or errors in the whole
system. A study on automation configuration issues in the smart home domain is indeed
necessary due to the increasing enthusiasm of do-it-yourself users trying to develop their own

smart home systems.

000 UJibooooooobo ooo

With the increasing number of smart home users in recent days, its different areas are in

need of investigation to ensure proper growth. To mitigate issues related to the development



and usage of smart homes, this dissertation focuses on three aspects, (i) developing a cost-
effective, distributed, scalable, and portable indoor environmental data collection system, (ii)
using machine learning tools for semi-automated building occupant persona generation, and,

(iii) conducting an empirical study on automation configuration bugs smart home systems.

B A A T

The following is the outline of the organization of this dissertation:

o Chapter 2 discusses the prior research works related to [oT data infrastructure develop-
ment, building occupant characterization with persona development, and, development

issues of smart home systems.

o Chapter 3 provides an overview of the work done on IoT data infrastructure - Building
Data Lite (BDL), a cost-effective, distributed, scalable, and portable indoor environ-

mental data collection system.

o Chapter 4 narrates the work done on the usage of machine learning tools on residential
energy consumption data in a semi-automated approach to generate building occupant

personas.

o Chapter 5 describes the completed work on the empirical study of automation config-

uration issues in smart home systems.

o Chapter 6 concludes the dissertation with the view of future research direction.
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This chapter elaborates prior works relevant to development and usage of data collection
infrastructure for smart home development. Section 2.1 discusses the data collection sys-
tems proposed in previous researchers. Section 2.2 describes the related works conducted in
building occupant characterization and persona development. Section 2.3 explores the smart

home development issue investigations conducted previously.

O 0 I N [

The first step to make a building “smart” is to establish the data infrastructure. Data
collection has always been a challenge in the smart building research domain [82]. Wireless
sensor network technologies have been implemented as solutions to this challenge [77, 128].
However, there is still a lack of cost-effective means to generate, collect, and process the
ubiquitous indoor environment data in existing buildings. In this section, related works
in the domain of indoor environmental sensing system are discussed. The innovation of
the proposed BDL system lies in comprehensively achieving cost-effectiveness, portability,
scalability, and generalizability. Therefore, the related works are discussed regarding these

properties.

Ferdoush 00 O0. [61] presented a wireless sensor network system using open-source hardware

platforms, Arduino, Raspberry Pi, and XBee module. The system is low-cost and scalable

4



both in terms of the type of sensors and the number of sensor nodes. It is suited for a
wide variety of applications related to environmental monitoring. Each sensing node centers
around an Arduino board, which incorporates multiple sensors. The designed prototype
collected temperature and humidity data. The Arduino board incorporates an XBee module
to communicate with the base station. The base station is based on a Raspberry Pi which
is connected to the Internet via a router. The XBee module on the base station works as
a coordinator device which has a limitation of supporting a maximum of 10 sensing nodes.
The system is portable in the sense of placing the sensing nodes with the approximation of

the base station.

To lower energy consumption, Alva 01 OI. [40] used video-based human occupancy sensing to
optimize the lighting strategy. This study involves the development of a human occupancy
sensing system in MATLAB and the hardware for lighting controls. Video cameras in this
system can be placed in a portable fashion but the system remains purpose-specific, and the

cameras significantly increase the system’s cost.

Kumar 00 00. [77] proposed a low-cost Smart Living System, which uses an Android-based
user interface for control of home appliances. This model integrates temperature and hu-
midity sensor, DHT11, sound sensor, LM393, and gas sensor, MQ135, with Raspberry Pi 3B
microcontroller board. The system uses an external GPRS module to connect to the inter-
net. The work presents an experiment on monitoring the air quality, sound, temperature,
and humidity detection. The system uploads the collected data to a cloud server, which

decides whether the pollution level has crossed a certain threshold.

Zakaria 00 0. [128] developed an air quality sensing system by utilizing MQ-135 gas sensor,
coupled with the temperature and humidity sensor DHT-22. The system can detect gaseous
components such as NH3, NO,, Alcohol, and Benzene, along with sensing temperature

and humidity. Coleman 00 00 [55] developed a low-cost indoor air quality sensing system



capable of measuring volatile organic compounds (VOCs) and other gaseous concentrations
while monitoring temperature and humidity. They identified the Indoor Air Quality (IAQ)
matrix as composed of CO,, VOC, CO, PM, HCHO, and NO,. Sahal 00 [l. [104] proposed
a Raspberry Pi v3 based model to capture and monitor gas and sound properties from the
environment. It uses an LM393 sound sensor, an MQ135 gas sensor, a DHT11 temperature
and humidity sensor, and a GPRS module. The objective of their research is to monitor the
air quality and measure noise intensity to mitigate sound pollution. Marques 00 0. [88] pro-
vided an IoT-based real-time indoor air quality monitoring system named iAir. It features
an ESP8266 with ATMegal68PA MCU as a communication and processing unit. The sys-
tem utilizes MICS6814 sensor to detect gases such as Carbon Monoxide, Nitrogen Dioxide,
Ethanol, Methane, and, Propane. It uses WiFi connectivity and smartphone application to

provide data access and real-time notification.

The systems proposed in [55, 88, 104, 128] are focused on the specific task of air quality
monitoring with a set of fixed sensors, lacking the feature of scalability. The system in [40]
is also task-specific but significantly more expensive than the other works mentioned here.
The systems proposed in [61, 77] offer the property of cost-effectiveness, portability, and

scalability to some extent.

In contrast to the above-mentioned works, the BDL system proposed in chapter 3 aims in
attaining cost effectiveness, code-free scalability, and, portability, while keeping the usability
of the system more generic and task-independent. The use of general-purpose input and
output ports of Raspberry Pi enables the system to be compatible with a wide range of
sensors and makes the system scalable. The use of these sensors with the Raspberry Pi
keeps the overall cost of the sensing nodes inexpensive. The wireless communication of
the sensing nodes makes the system attain the goal of portability. BDL’s architecture is

similar to the one presented by Aheleroff 00 00. [37], which describes the system of mirroring



digital representatives of physical assets with two-way dynamic mapping. BDL offers a code-
free sensing system. The general concept of a code-free sensing network system can help
research work across researchers of different backgrounds because data regarding building
environments can be useful in multiple academic areas, in which not all researchers have a

background in programming.

000 00bo0on Oodbiiidool b0 ooditd oobodioo

Related previous studies in occupant characterization and persona development can be
grouped into the following two categories: building occupant persona development and ma-

chine learning tools for modeling occupant behavior.

Qoo OOoitodb Oootdboo bboibob »bodittdooo

Human-Building Interaction (HBI) usually reflects some characteristics of the building oc-
cupants, and the building occupant persona is an effective and concise way to represent
these characteristics for human-centered building design and operation. Agee 00 [I. [35]
conducted a study on a human-centered approach to smart housing. The study employed a
multi-phase, mixed-methods research design and collected data from 309 residential housing
units in Virginia, U.S. The authors collected longitudinal energy use data via the deployed
electricity sensors and the occupants’ attitudes, preferences, and self-perceived energy be-
haviors via surveys and semi-structured interviews. Affinity diagramming was then used to
identify the topics and themes of occupants” HBI activities. The output of the affinity dia-
gramming analysis and energy analysis led to the development of data-driven Personas that

communicate smart housing user needs. Malik 00 01 [87] researched the occupant behavior

7



of 1223 low-income households in India through a transverse field study. Three occupant
archetypes, indifferent consumer, considerate saver, and conscious conventional, were estab-
lished based on the occupants’ behavioral and psychographic characteristics gathered from
field surveys. Occupants’ age and education were determined as significant factors influ-
encing occupant archetype clustering and their actions within the indoor built environment.
The segmentation results further inform that there exists considerable diversity in occupant
behavior and attitudes within similar socio-economic groups, which consequently leads to
differential energy demand and occupant comfort preferences. The findings can assist the
building simulation community in accurately estimating energy demand through realistic
occupant profiles and providing pragmatic occupant-centric building designs for the future

low-income housing stock.

Studying occupant behavior related to their comfort needs is critical for better understanding
home energy consumption. Ortiz 00 00 [96] studied the motivations behind comfort behav-
iors and the energy consumption discrepancies among occupants with different behavioral
patterns. The authors grouped the occupants into five categories based on their psycholog-
ical and behavioral models — locus of control, emotions towards their home environment,
and the importance they give to comfort affordances. The findings show that each of the
archetypes has a distinct valence of opinions when asked about topics regarding energy use,
energy awareness, general comfort, and affordances, but what they express verbally is not
always congruent to the general results of their self-reported answers. Buttitta 00 01 [51]
proposed a method to develop occupancy-integrated archetypes that allow the annual final
heating energy required (by building stock) characterized by different occupancy profiles,
which play a significant role in influencing heat demand in residential buildings. The au-
thors showed that, for UK residential archetypes, the discrepancy between the heat demand

calculated using the proposed occupancy-integrated archetypes and the BRE Domestic En-



ergy Model (BREDEM) calculation procedures can be up to 30%, pointing out that the use of
BREDEM occupancy profiles is not necessarily appropriate, particularly when disaggregated

and differentiated energy profiles are involved.

Qoo boboiob tobobiod boood ot »oboohd booobol booobind

Occupant behavior remains one of the main sources of uncertainty in building energy model-
ing [57]. Amasyali 00 [[. [41] proposed a data-driven method of modeling occupant behavior
for simultaneously reducing energy consumption and improving comfort. The proposed
method consists of two components: 1) a set of machine learning-based occupant-behavior-
sensitive models for predicting energy consumption and thermal and visual comfort, and 2)
a genetic algorithm-based optimization model for optimizing occupant behavior. To test and
evaluate the proposed method, an office building was instrumented and data about energy
consumption, outdoor weather conditions, occupant behavior, and occupant comfort were
collected for about three months. Based on the collected data, the authors developed a set
of machine learning models for predicting energy consumption of cooling and lighting and
occupant comfort of thermal and visual. Carlucci 00 00. [52] presented a similar study with
a machine-learning approach for predicting building energy consumption in an occupant-
behavior-sensitive manner. In their approach, a model learns from a large set of energy-use
cases that were modeled and simulated in EnergyPlus [56]. The machine-learning prediction
model was trained using a large dataset including 3-month hourly data for 5760 use cases
representing different combinations of building characteristics, outdoor weather conditions,
and occupant behaviors. The results of the study demonstrated the high impact of occu-
pant behavior on building energy consumption and identified opportunities for behavioral

energy-saving measures.



To create comfortable indoor environments for building occupants, Deng 00 00. [58] devel-
oped artificial neural network (ANN) models for predicting indoor thermal comfort by using
thermal sensations and occupants’ behavior. The models were trained by data about air
temperature, relative humidity, clothing insulation, metabolic rate, thermal sensations, and
occupants’ behavior collected in ten offices and ten houses/apartments. The models were
able to predict similar acceptable air temperature ranges in offices. The occupants’ behavior
in multi-occupant offices was more complex, which led to a different prediction of thermal
comfort. This investigation demonstrates alternative approaches to the prediction of thermal

comfort.

Peng 00 00. [100] conducted an analysis of occupants’ behavior in an office building with the
goal of increasing the efficiency of HVAC systems. They proposed a demand-driven control
strategy that automatically responds to occupants’ energy-related behavior to reduce en-
ergy consumption and maintain room temperature for occupants with similar performances.
In this control strategy, two types of machine learning methods, unsupervised and super-
vised learning, were applied to learn occupants’ behavior in two learning processes. The
occupancy-related information learned by the algorithms was used by a set of specified rules
to infer real-time room set points for controlling the office’s space cooling system. This
learning-based approach intends to reduce the need for human intervention in the cooling
system’s control. The proposed strategy was applied to control the cooling system of the

office building under real-world conditions.

Automating the development of a human-centered building occupant persona requires vast
data on both energy consumption and occupant behavior. The gap in either one not only
hinders the comprehensiveness of the building occupant persona development process but
also leads to inaccuracy in results. Although occupant behavior is difficult to model due

to the stochastic nature and variability of humans, it is necessary to explore the generic

10



pattern of their behaviors and integrate the information with the building energy model
[71]. Modeling occupant behavior remains one of the key steps in the process of building
occupant persona development. A valid occupant behavior model needs to have the poten-
tial to simulate realistic building users’ reactions to different built environments, and the
lack of real occupant behavioral data accounts for a gap in research. The human-centered
building occupant persona development process proposed in [35] requires manual human
work of labeling, filtering, and clustering data from large datasets. These steps are both
labor and time extensive, which impede the entire process. To address these research gaps,
our work described in chapter 5 utilizes real-world occupant data with machine learning
tools for occupant characterization to accelerate the process of building occupant persona

development.

o0 0Oubo bdt bbbyt ot boobod

The related work on Smart Home Development includes empirical studies on Internet-of-

Thing (IoT) systems, and bug detection in those systems.

0ooiD  O0O0ooiooo fooooot oo 0bd boooooo

Studies were recently performed to characterize issues or problems in IoT systems [39, 48,
62, 66, 86, 122, 131]. For instance, Fernandes 00 [0 [62], Alrawi 00 OI [39], and Zhou et
al. [131] analyzed the security properties of IoT platforms and systems. In contrast, our
research focuses on coding issues in IoT automation configuration, covering three categories:
(1) implementing new features, (2) debugging, and (3) optimization. He 00 00 [66] did an

online survey with 72 users of smart home systems, to learn their negative user experiences.

11



The participants reported fears of breaking the system by writing code, and struggles of
diagnosing or recovering from system failures. Similarly, Makhshari and Mesbah [86] did
interviews and surveys with IoT developers; they also found testing and debugging as the
major challenges. However, neither study examines any widely used smart home platform
to characterize the bug patterns or fixing strategies, let alone to provide concrete actionable

advice to tool builders. Our study is motivated by and complements both studies.

Brackenbury 00 00 [48] focused on the trigger-action programming (TAP) model. They
systematized the temporal paradigms through which TAP systems could express rules, and
classified TAP programming bugs into three categories: control logic, timing, and inaccurate
user expectation. As with Brackenbury Ul 0, we also identified bugs related to these three
general categories (e.g., wrong loop structure and wrong data specification for matching).
However, our taxonomy is finer-grained and more comprehensive, as we derived bug patterns
from real-world bugs instead of speculation on the TAP model. Our observations reflect the
real-world bug distribution among patterns; we also characterized (1) bugs violating syntactic
rules (e.g., wrong formats) and more diverse semantic rules (e.g., data access), (2) developers’

bug fixes, (3) recurring implementation requests, and (4) frequent optimization needs.

Wang 00 01 [122] inspected 330 device integration bugs mined from HAC to characterize any
root cause, fix, trigger condition, and impact of those bugs. Our study is closely related to
the work by Wang [0 0II, as we also examined data mined from HAC. However, our study
is irrelevant to device integration; instead, it focuses on the coding issues in automation

configuration.
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kXjXk miQK iB+ "m; .2i2+iBQM BM AQh avbi2Kb

hQQHbr2 2 +°2 i2/iQ mMiQK iB+ HHv /2i2 8j# B HdBNA yARXRIGBE i 2 K b (

aT2+B7B+ HHV-ROOBI3Mb2M 2r pmHM2" #BHBiB2b #v M HvXBM;i?2F
T i+? T +FbBM AM/mbi v AQhPRaBAB2A rP2i?2  AQh TTb /?22°2iQi?2
b 72iv- b2+m Biv- M/ 7mM+iBQM H T QT2 iB2i pHBYK QI/26M+2i2 +F B M
HXg b2T ~ i2HvV +°2 i2/ iQQHbiQ "2p2 H #m;b BM AQh QT2  iBM; bvl

aQK2 iQENdBIRKY/2i2+i +QM7HB+iBM; BMi2  +iBQMb #2ir22M bK i ?Q
#2+ mb2 i?2b2 +QM7HB+ib+ M "2bmHi BM mM/2bB 2/ +iBQMb HBF2
BMbi M+2- h"BRi MHBK)ybim/B2/ RN3 Q77B+B H M/ eN i?B /@T “iv T
aK "ih?BM:b- M/ 7QmM/jK DQ  + i2:Q ' B2b Q7 TT +QM7HB+ibX " |
i?72 "2b2 "+?2°b +°2 i2/ +QM7HB+i /2i2+iQ" i? i mb2b KQ/2H +?22+F
Q7 i?2 +QM7RB+HXN \GBR;Q Bx2/ +QM7HB+ib BM iQi HHv /B772 2\
BMp2Mi2/ ;> T?2 bi'm+Bm52 MPER22T 2b2Mi i?2 +QMi'QHb BM 2 +2 AC
2p2Mi b+?22/mH2bX qBi? i? i 2T 2b2Mi iBQM- i?2v + 2 i2/ M 277B+
7B bi@Q /2  HQ;B+ M/ aJh bQHp2'biQ /2i2+i +QM7HB+ibX

Pm> bim/v +QKTH2K2Mib HH iQQHb K2MiBQM2/ #Qp2c Bi 7Q+mb2
#m:b #m:b BM miQK iBQM +QM7B;:m’ iBQM Q  BKTH2K2Mi iBQMX a
H2bb "2H2p MiiQ b2+m Biv- AQh F2'M2Hb- Q BMi2 @ TT +QM7HB+i
bi?2b2 #m;b + M T 2p2Mi 2M/@mb2 b 7°QK "2 HBXxBM; i?2 /2bB 2/ 1
?B;?@[m HBiv miQK iBQMbX

Rj



*2 Ti2" ]

*Qbi@1772+iBp2- a+ H #H2- M
SQ'i #H2 AQh . i AM7 bi'm+im’
AM/QQ  1MpB QMK2Mi a2MbBM;

iXR JQiBp iBQM

"MBH/BM;b "2QM2Q7i?2KQbiBKTQ i Mi bT2+ib Q7 ?mK MHB72- |
iIBK2 BMbB/2 #MIXH/BBIHBEEM ;b ? p2 #Qi? /B 2+i M/ BM/B 2+i BKT +ib
+QK7Qi- M/ T Q/aeNB8RB&RX J BMi BMBM; QTiBK H +QM/BiBQMb
2tT2'B2M+2 Bb + BiB+ H7Q #mBHi 2MpB QMK2MibX L2r i2+?MB][1
p BH #H2 7Q  i?Bb Tm ' TQb2 rBi? i?2 /2p2HQTK2Mib Q7 i?2 AMi2 M2
dyNyX 6Q 2t KTH2- M B [m HBivKQMBIiQ BM; bvbi2K+ M #2M278B
7°QK /2i2+iBM; ? "K7mH ; b2biQ KQMBiQ 'BM; Qtv;2M H2p2HbX h?2
bi?2 QM2b T ' 2b2Mi22 BMRK)F MBJ "[m2ZibX33-i? i T'QpB/2 BM/QQ" B
[mMm HBiv KQMBIiQ BM;X >Qr2p2 -i?2b2 b2MbBM; bvbi2Kb "2 /2/B+ i
QMHV rBi?Qmii?2 + T #BHBiv Q7 2ti2MbBQM iQ Qi?2 72 im 2b bm+
KQMBIiQ 'BM;X MQi?2 BKTQ'i Mi TTHB+ iBQM Q7 i?2 BM/QQ" 2Mp
bmTTQ'ii?2 QTiBKBX iBQM Q7 #mBH/BM; 2M2" ;v +QMbmKTiBQMX "
iQi H+QMbmK2/ 2M2 ;v- M/ ?2 H7 Q7 i? i ;Q2b 7Q" ?2 iBM;- p2MiBH
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U>0 *V bvbi2KX ( bB;MB7B+ Mi TQ iBQM Q7 i?Bb +QBNMKBI2ZL2M2 " ;\
mbBM; T QT2  KQMBIiQ'BM; M/ +QMi ' QH bvbi2K + MeyZXIhp2N?Bb r
i?7Qm;? K Mv #mBH/BM; bvbi2Kb H 2 /v BM+Q TQ i2 T'QT B2i v I
b2MbQ'b M/ /2pB+2b- MQ K HHv i?2°2 Bb p2°'v HBKBi2/ BMi2 bbvbiz:
i72H ";2° M2irQ"Fb Q7 AQh /2pB+2b-r?B+? ?BM/2 b i?2 2bi #HBb?K
/i BM7 bi'm+im'27Q  #mBH/BM; miQK iBQM M/ K M ;2K2MiX

h?2°2 "27Qm K DQ  +? HH2M;2b BM 2bi #HBb?BM; +QKT 2?2MbB
#mBH/BM;bX 6B bi-i?2 ?B;? +Qbi Q7 i?2 b2MbBM; /2pB+2b Bb K D
#mBH/BM; QrM2°'b M/ K M ;2°'biQ BMbi HH /i bvbi2K BM i?2 7B b
p2° ;2 +Qbi T2 b[m "27QQiiQ Qmi7Bi 7 +BHBivrBi? "mBH/BM;

rbOkXjy- BM kyRd- r?B+? K2 Mb Bi rBHH +Qbi #Qmi Okjy-yyy QM

Ryy-yyy b[m "2 70Q QR Wk BHY B2\Q;p2 - #mBH/BM; bvbi2Kb bm+? b " a
7Q i?2 2MiB 2 HB72 +v+H2 Q7 #mBH/BM;- M/ i?2 2 rBHH #2 mT;
V2 b Q' H2bbX a2+QM/- i?2 BMbi HH iBQM Q7 #mBH/BM; bvbi2Kb
#mBH/BM;bX h?2 #2bi iBK2 iQ BMbi HH #mBH/BM; bvbi2K- rBi? M
Bb /m"BM; +QMbi m+iBQMX 7i2° #mBH/BM; bi "ibiQ QT2  i2- BMt
+? M;BM; i?72 2tBbiBM; QM2b Bb mbm HHv /Bb " mTiBp2 iQ Q++mT Mit

h?2i?B / +? HH2M;2 Bb i? i KQbi Q7 i?2 /i ;2M2 i2/ #v +QKK2 +B

b2H7@T QT ' B2i 'V#2+ mb2KQbiQ7i?22tBbhiBM; #mBH/BM; bvbi2Kb
i?72°2Bb H +FQ7K2 MbiQmb2i?2/ i +QHH2+i2/BM QM2 bvbi2K 7Q
.B772°2Mi bvbi2Kb M22/iQ ;2M2" i2i?2BM/QQ  2MpB QMK2Mi / i i?
MQiBM 7Q 'K ii? i+ M#2 mb2/7Q Qi?2 Tm TQb2b-r?B+? bB;MB7E
bK "i #mBH/BM; BMMQp iBQMbX a+ H #BHBiv Bb i?2 7Qm i? +? HH2
7i2° i?2 BMBiB HBMbi HH iBQM /m'BM; +QMbi " m+iBQM- Bi Bb mbm
#v [//IBM; Q° "2KQpBM; 72 im 2b- Q  BM+'2 bBM; i?2 +Qp2 ;2 iQ Qi
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bvbi2Kéb 7mM+iBQMb M/ b+ H2-BM+HmM/BM; r? i FBM/ Q7 BM/QQ " 2\
mbm HHv b2iiH2/ #v i?2 iBK2 Q7 BMBiB HBMbi HH iBQMX a+ HBM; r
BMbi HHBM; #  M/@M2r bvbi2Ki? i+ M +Qp2 i?2 "2[mB 2/ 7TmM+iB
+m "2Mi #mBH/BM; bvbi2Kb "2 H +FBM; TQ i #BHBivX Ibm HHv- 7
#mMBH/BM;- Bi MQ 'K HHv + MMQi #2 TQ'i2/iQ /B772 2Mi HQ+ iBQM
iQi F2Qmii?2 bvbi2K 7°QK i?2 BMbi HH2/ HQ+ iBQM M/ TH +2 Bi B
2ti2MbBp2 2M;BM22 BM; M/ 2+QMbi m+iBQMX

AM i?Bb rQ F- A T 2b2Mi +Qbi@2772+iBp2- b+ H #H2- TQ'i #H2-
K2Mi b2MbBM; bvbi2K- "mBH/BM; . i GBi2 U".GV-iQ // 2bb i?2 #m
+? HH2M;2b- M/ i?mb-iQ T QpB/2 K2 Mb 7Q 2bi #HBb?BM; i?2 A
bK i #mBH/BM;X hQ +QHH2+i BM/QQ" " 2MpB " QMK2Mi / i -i?2 bvbi2l
M2Mib, b2MbBM; MQ/2b- +2Mi> H MQ/2b- M/ BMi2 @MQ/2 +QMM?2+]i
VQ7/B;BiH M/ M HQ; b2MbQ b iQ +QHH2+i/ i 7°QKi?2bm " Qn
? b Bib HQ+ H/ i # b2X +2Mi° H MQ/2 Bb r2#@# b2/ +2Mi° H b2°
7 QK HHHQ+ H/ i # b2b M/ pBbm HBx2b /i QM r2#bBi2X h?2 Bl
b2MbBM; MQ/2b rBi? i?72 +2Mi° H MQ/2X h?2 bvbi2K Bb b+ H #H2 bn
TmM+iBQM Ur? i/ i iQ ;2M2 i2V Bb +mbiQKBx #H2- M/ Bi Bb 2 bv |
"2KQp2 MQ/2b 7°QK M 2bi #HBb?2/ bvbi2KX h?2 bvbi2K HbQ BM+H
b2 AMi2 7 +2 U:IAV 7Q mb2 b iQ 2ti  +i- pB2r- M/ M Hvx2 i?2 ;2]
40 je) BMi Q/m+2/ bvbi2Ki? i2M #H2b TTHB M+2b bm+? b 27 B;2
iQ + Tim 2 "2H2p Mi/ i M/ T bb BiiQ +HQm/ biQ™ ;2X h?2 ".G bvbi
mb2b /2/B+ i2/ b2MbBM: MQ/2b iQ + Tim 2 i “:2i2/ /i i2°Qm:? +QMNA\
b2 "+?2 T°QTQb2b MBMMQp iBp2 K2 Mb Q7 2bi #HBb?BM; +Qbi@277
BM7  bi'm+im 2 7Q BM/QQ  2MpB " QMK2Mi /i ;2M2° iBQM- BMi2;"
i iIBQMX h?2 °2b2 “+?i2 K/2p2HQT2/ T'QiQivTi2Q7i?2".G bvbi2K



Qp2 +QK2bi?2 HBKBi iBQMb Q7 2tBbiBM: #mBH/BM: bvbi2Kb “2: /B
BMi?2 7TQHHQrBM; K MM2 b,

V *Qbi, h?2".Gbvbi2KBb #mBHirBi? KBMB@+QKTmi2 _ bT#2 "v S
KQ/mH2bX h?2 +Qbi Q7 2 +? b2MbBM; MQ/2 Bb HBKBi2/iQ 09y iQ O¢
"2[mB 2K2MibX hvTB+ HHv- 2 +? b2MbBM; MQ/2 + M +Qp2 QM2 #m
#mMBH/BM; rBi? Ryy xQM2b- i?2 2MiB 2 bvbi2K QMHvV +Qbib #Qmi
7 B'Hv 77Q°/ #H2 7Q " BM/QQ 2MpB ' QMK2Mi b2MbBM; "2[mB 2K2Mi
BMMQp iBQMbX

#V AMbi HH iBQM, h?2 /Bbi " B#mi2/ b2MbBM; MQ/2b U_ bT#2 v SB +
2 +QMM2+i2/ rBi? +2Mi° HBx2/ b2 p2 pB rB 2H2bb +QKKmMMB+ i
KmHIiBTH2 BM/QQ" 2MpB " QMK2Mi p Hm2b Q7 T “iB+mH ~ #mBH/BM
b2MbBM; MQ/2b "2[mB ' 2b QMHv TQr2 bmTTHv M/ AMi2"M2ifqgB6B

+V *QKT 2?2MbBp2M2bb, h?2 ".G bvbi2K mb2b KmHIBTH2 b2MbQ b
K2Mi /i bBKmHi M2QmbHv- M/ 2bi #HBb? +QKT 2?2MbBp2 /i #
I2p2HQTBM; KmHIBTH2 bK "i #mBH/BM; TTHB+ iBQMbX h?2 /2p2HC
“2H i2/iQ i2KT2' im 2- 2mKB/Biv- HB;?i- bQmM/- KQiBQM- pB# iBQ
; bX

/IV a+ H #BHBiv, h?2 ".G bvbi2K Bb +mbiQKBx #H2- M/ i?2 mb2 b ?
"2KQp2 /2pB+2b U_ bT#2 v SBbV-b2MbQ  KQ/mH2b- M/ 7mM+iBQN\

2V SQ'i #BHBiv, h?2 MQ/2b Q7 ".G bvbi2K "2 +QMM2+i2/iQ i?2 +2M
Q i?2 AMi2 'M2i-r?B+? K F2b i?2K TQ i #H2 iQ Mv HQ+ iBQM rBi?

i?72 +Qp2° ;2Q7 rB 2H2bb M2irQ ' FX h?2 b2MbBM; MQ/2b + M #2 2K
i?2M /2THQvV2/ BM MQi?2 HQ+ iBQM rBi?Qmi Mv 2M;BM22 BM; QM

7VPT2M@bQm +2, h?2bQm +2 +Q/2 Q7 ".G? b #22M Tm#HRb?2/ #v

Rd



6B;m 2 jXR, h?2 ".G bvbi2K "+?Bi2+im 2X

h?2".G HbQ T'QpB/2b M QT2M@bQm +2- BMi2:  i2// i # b2 bvbi2K
Qi?2 bvbi2Kb iQ miBHBx2 i?2 :2M2" i2// i X

h?Bb +? Ti2  Bb bi'm+im 2/ bkpQRMER D, 2HABQN bim/B2b +QM/m +i
BM/QQ  2MpB QMK2Mi b2MbjEXM: ZB2MikK i22 +iBQMbi2K6b Qp2° HH
a2+iGRJMKQMbi  i2bi?2 T QiQivT2 /2p2 KT RBRMMI bai?2RiB @M bim/v B
r?B+? i?2 ".G bvbi2K Bb /2THQV2/ BM Rk |X@Bb2MObiZbX ?22+7 BHOHR M
2M+QmMi2 2/ M/ +Q "2bTQM/BM; bQHMiBQMb- TQi2MiB H mb2 + b
+m  2Mi HBKBi iBQMb M/ 7mim 2 “2b3Xe @ KB mi/RQ Mb2Xr @2 FX8 QM

jXk h?2 avbi2K .2bB;M Q7 ".G

IMHBF2 T 2pBQmbbim/B2bi? i /2p2HQT2/ b2MbBM: bvbi2K7Q > T °
7Q0+mb2b QM i?2 /2p2HQTK2Mi Q7 KQ'2 :2M2'B+@Tm TQb2- +Qb
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6B;m 2 jXk, M2t KTH2 Q7 ".G /2THQVK2MiX

M/ /IBbi B#mi2/ BM/QQ 2MpB QMK2Mi /i b2MbBM; bvbi2K i? i + M
/i BM7 bi'm+im 2 7Q" bK i #mBH/BM; BMMQp iBQMbX h?Bb b2+]
/I2bB;M Q7 ".G #v /2b+ B#BM; i?2 bvbi2K "+?Bi2+im 2-+2Mi° Hb2 p
+QM7B;m" iBQM M/ /i i° MbKBbbBQM- M2irQ'F +QM7B;m" iBQM- /
mb2  BMi2 7 +2X

JXKkXR avbi2K "+?Bi2+im 2

h?2 ".G bvbi2K- b b?QrMjBR+@BVimBdib Q7 +2Mi° H b2 p2° M/ Km]|
pB/m Hb2MbBM; MQ/2b- r?B+? "2 #mBHi "QmM/ _ bT#2 v SBbX F
MQ/2 + Tim 2 2 H@iBK2 /i 7 QK i?2 2MpB QMK2Mi M/ i Mb72 i?
_ bT#2 v SB-r?B+? ? b Bib QrM HQ+ H/ i # b2X 7i2° +2°i BM BMi
+QKKmMB+ i2b rBi? i?2 +2Mi° Hb2 p2 - M/ mTHQ /b i?2 M2rHv ;2M.
/i # b2X h?2 A +QKKmMB+ i2brBi?i?2 +2Mi" H/ i # b2iQ pBbm H
7mMM+iBQMbbm+? b/QrMHQ /BM; Ub2H2+i2/V/ i -/QrMHQ /BM; i?2
bvbi2K #v /IBM; Q "2KQpBM; b2MbBM; KQ/mMH2b Q b2MbBM; MQ/2l

6B;mXRBHHMDbiIi" i2b M 2t KTH2 Q7 i?2 ".G bvbi2K /2THQVK2MiX h?z
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6B;m 2 jXj, 1MiBiv 2H iBQMb?BT /B ;" KQ7 i?2 +2Mi  H /i

"2b2Mi i?2 HQ+ iBQMb r?2°2 BM/BpB/m H b2MbBM; MQ/2b +QHH2+]
"2 +Qp2 2/ #vi?2 rB 2H2bb M2irQ FX h?2 +2Mi" H
HBp2 b2 p2 X h?22 b2N

2 /2MQi2b i?2
iQ i?Bb M2irQ F 2Bi?2  HQ+ HHv Q i? ' Qm;?
2 +? MQ/2+ M? p2/B772 2Mib2MbQ bX h?2v "2TQ' i #H2 M/ + M #
TQr2° M/ M2irQ' F +QMM2+iBQMbX

HH bQ7ir "2 mb2/BMi?2 bvbi2K Bb QT2M@bQm +2/- M/ #Qi? i?2 / i
" M/ JvazZG- "27°22X h?2 bvbi2K bQ7ir "2 BM+HmM/BM; #Qi? i?2 b.
MQ/27? b #22M K /2 Tm#HB+Hv p BH #H2 M/ + M #2 7 QRXMH BM i?2 : |
b2 p2  Bb +m "2MiHv p BH #H2 7Q° QT2M ++2bb iQ ?2HT “2b2

rBi? i?2 M22/ Q7 BM/QQ " 2MpB ' QMK2Mi b2MbBM: X

‘49
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iXkXk *2Mi° Ha2'p2°

h?2 +2Mi° Hb2 p2 Q7 ".G Bb /2bB;M2/ b r2#@# b2/ bvbi2KX h?2 1
bi?2 b2 p2 H M;m ;2X h?2 7°QMi@2M/ r b r'Bii2M BM >hJG- *aa-
bvbi2K Bb /2bB:M2/iQ mb2 bvM+? QMQmb C p a+ BTi M/ sJG U C ¢
/VM KB+ :IAX CZm2'v M/*? iXDbHB# "B2b "2mb2/7Q /i pBbm H
/i 7°QKi?2 +2Mi° H/ i # b2X h?2 b2 p2 Bb HBp2 M/ #2BM; ?Qbi2/
bBi2 rBi? i?2 /QK BM, rrrX#mBH/BM;@/Xjb @QrBi 222+ ZNKiB i&/B 2" 2B Q M |
/B ;> KQ7i?2+2Mi  H/ i # b2- M/ BiBb ;2M2  H Qp2 pB2r Q7 i?2
i72 °2+i M;mH ~b? T2b /2MQi2 i?2 2MiBiB2b- i?2 +B +mH ~b? T2b /
2MiBiB2b M/ i?2 "?2QK#mb b? T2b /2MQi2 i?2 "2H iBQM #2ir22M 2 +1

6B;m 2 jX9, .i 7THQr BMi?2 ".G bvbi2KX

1 +? b2MbBM; MQ/2 2 b Bib HQ+ H /i # b2 bvbi2K iQ biQ 2 Q77HB
#2+ mb2i?2 2+ M#2 /Bb mTiBQMb Q7 +QKKmMB+ iBQM #2ir22M i?2
b2 'p2 X h?2 b2MbBM; MQ/2b mb2 J "B ." 7Q  i?2 HQ+ H /i # b2X ht

i2KTQ™ v/ i 7BH2 Bb #2BM; + 2 {2/ 2p2°v ?2Qm - +QMbBbiBM; Q7 |
#22M b2MiiQ i?2 +2Mi° Hb2 p2 X h?2 +2Mi° Hb2 p2 T QpB/2bi?2 B
iBK2bi KTQ7i?2H bibvM+? QMBx iBQMViQK F2bm 2i?2/ i BMi?E
2 +?2 bvM+? QMBxX iBQM-i?2 7BH2Bbi> Mb72 °2/iQi?2 +2Mi  Hb2 p
QM2 iQ "2/m+2bT +2r bi ;2X TT QtBK i2Hvey 2+Q /b 2T 2b2MiE
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6B;m 2 jX8, a2MbBM: MQ/2 T QiQivT2 p2 ' bBQM RX

7TBH2- #mi i?Bb MMK#2 rBHH #2 /Qm#H2/ 7Q 2 +?2 Q++m "2M+2 Q7 -
+2Mi° Hb2 p2 T2 ' 7Q Kb bvM+? QMBXx iBQM +?2+F Q7 1?72 "2+2Bp?Z
+2Mi° H/ i # b2XXeBHmHAMbiIi~ i2bi?2 /i 7THQr BMi?2 ".G bvbi2KX

iXkXj a2MbBM; LQ/2

AM 2 +? b2MbBM; MQ/2- i?2 _ bT#2 v SB +QMM2+ib rBi? KmHiBTH
/i 7°QKi?2bm "QmM/BX®PQ BB T QiQivi2 Q7 b2MbBM; MQ/2X
"2 +QMM2+i2/ pB i?2 :SAP TQ'ib Q7 i?2 _ bT#2 v SB-rBi? :SAP 2
70 2 bB2 /2THQVK2MiX h?2 _ bT#2 'vSB+ Mi F2/B;Bi HBMTmib
BM+Q TQ  iBM; M HQ; b2MbQ b- bm+? b i?2 HB;?i b2MbQ" M/ i?2
Bbbm2-i?2 mi?Q'bmb2 M M HQ:@iQ@/B3BiH+ DiMp2 12 FBIMSHYA
i72 M HQ; b2MbQ bX h?2 J*Sjyy3 ? b3 +? MM2Hb-r?B+? K2 Mb Bi +
b2MbQ b rBi? i?2 _ bT#2 v SBX h?2 "2bi Q7 i?2 :SAP TBMb QM#Q °
QM2 /B;Bi Hb2MbQ 2 +?X h?2b2MbQ b ? p2 #22M + i2;Q Bx2/ BM i"
BKTH2K2Mi iBQM rBi? i?2 _ bT#2 v SBX hvT2 R Bb i?2 /B 2+i BM"
i?72 HB;2i@/2T2M/2Mi "2bBbi M&®2 h2RHDH AN QVb(+QMM2+i iQ i?2 : ¢

k k



M/ _ bT#2 v SB + M #2 /B 2+iHv "2 / /i 7°QK i?2b2 TBMbX hvT2 K
1?7 1 T QpB/2 722/# +FbB;M HiQi?2 +QMM2+i2/ TBM r?2M M 2p2M
bQMmMM/ b 2RYERQRIQ i?72 KQIBQMBERMDTR i?B "/ ivT2 Q7 b2MbQ /Q2b M
+QKKQM BKTH2K2Mi iBQM T ii2°M M/ M22/biQ ? p2 bT2+B7B+ B
"2TQbBiQ 'VIBHH #2 +QMiBMmMQmbHvV mT/ i2/ rBi? M2r b2MbQ b Q7 i
M/ mb2X /p M+2/ mb2'b + M //i?2B +mbiQK +Q/2 iQ i?2 bvbi2K 7
h?2 +Q/2 2T QRBBMwHmM/2b b2+iBQM iQ // +mbiQK +Q/2b 7Q i?Bb

h?2 > M;2 Q7 2 +? b2MbQ  Bb /B772 2Mi M/ bQK2 b2MbQ b BM+Hm/
KTHBim/2 Q7 "2 /BM;b Q" > M:;2 Q7 i?2 b2MbQ X b i?2 bvbi2K Bb /
Tm TQb2- i?2 > M;2 Q7 b2MbBM; MQ/2 rBHH /2T2M/ QM i?2 b2Mb
MQ/2X 6Q 2t KTH2-i?2 /27 mHi  /Bmb Q7 SA_KQiBQM b2MbQ" Bb
M:H2 r?BH2 i2KT2 im 2b2MbQ b?QmH/ + Tim 2i?2i2KT2" im 2 (
b2MbQ X h?2 b2MbBM; MQ/2 + Tim 2b 2MpB QMK2Mi / i i?°Qm:? i?:
M/ biQ 2b i?2K BM Bib HQ+ H / i # b2- r?B+? Bb /2bB;M2/ # b2/ QI
KQ/mMH2bX Ai + Tim 2b QM2 p Hm2 7°QK 2 +? b2MbQ" i2p2°v ;Bp2M
b2+QM/bX h?2 _ bT#2 'vSBKmbi? p2 MQT2 iBM; bvbi2K BMbi HH
T +F :2b iQ "'mM SVvi?QM b+ BTib Q7 i?2 b2MbBM; T°Q; KX h?2 T +I
T°Q;" K "2 HBbi2/ BM MQi2rBi? KQ 2 BMbi m+iB@Xb QM i?2 +Q/2

h?2°2 "2 KmHiIBTH2 QTiBQMb 7Q i?2+Q 2 Q7 i?2 b2MbBM; MQ/2 /2k
LQ/2K+m- /mBMQ- Sv+QK- M/ Qm  b2H2+i2/ #Q / Q7 _ bT#2 v
#Q /b "2 bHB;?iHv +?22 T2 i? M _ bT#2 v SB UKQ/2H 9"V-i?2v "2
M/frBi? qB6B +QMM2+iBpBiv KQ/mH2bX h?2b2 #Q /b T QpB/2 2 b
H2p2H b2MbQ b #mi _ bT#2 v SB #Q /b T'QpB/2 i?2 7TmM+iBQM H
bvbi2K rBi? QT2 iBM; bvbi2K- K2KQ v-/ i # b2- #mBHi@BM gqB6B K
2ti2MbBQM TQ ibX Ai Bb 2 bB2 iQ T'Q; K- +QHH2+i- M/ biQ 2/ i
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