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SENSOR PLATFORM BASED ON ENVIRONMENTAL SENSING AND
DATA FUSION

SUMMARY

Since a large portion of population spends >90% of their time indoors, it is important
to measure and report indoor air quality to the users. These measurements of fine
dust, carbon monoxide, volatile organic compounds, carbon monoxide are usually
reduced to an air quality index to make reporting easier. The problem with such a
metric is that the user does not know how much daily activities such as cooking,
cleaning and smoking are influencing the air quality, so that they can improve their
behaviour, or the smart-home can trigger signals to other devices to maintain a
healthy environment when these activities are performed. As a step to develop such a
system, this study focuses on developing a system that measures 9 different air
quality parameters and is able to classify activities into one of the four classes
(Background, Cleaning, Cooking, Smoking). The study contains a literature review
of Machine learning techniques employed in similiar studies, and drawing influence
from works in electronic noses and artificial olfaction for applications of food
inspection. A few works also detected human activity and count. The selection of
literature was done to include studies that use similar sensors, namely gas sensors of
metal oxide semiconductor type, and optical solutions to measure CO> and dust
constrations. An alternative CFD simulation based approach is also seen in
literature, but the focus was kept on sensor data analaysis. Rolling window feature
extraction and normalization techniques are popular in this regard, before putting
them through a dimentionality reduction algorithm such as PCA to finally classify it
using popular classifiers. Some studies have attempted to eliminate the need of
feature extraction using Deep Neural Networks but the works are scarce. Each study
attempts to create its own dataset, with the unique selection of sensors, so techniques
are highly application specific. To asses the feasibilibility in the context of Indoor

Air Quality activity detection, an IoT platform is prepared for data acquisition

X1X



complete with a sensor hub PCB and a mySQL server to collect important IAQ
parameters at regular intervals. A dataset of 80 hours of air quality data is prepared
and labelled in a test room. In the last section, the dataset is set as a supervised
machine learning problem, time series feature extraction (Vector Array
Normalization, Hurst Exponent) and classification techniques (Decision Trees, LDA,
MLP) studied in literature are evaluated. The problem is evaluated in two scenarios,
one is of binary classification where the algorithms are trained to distinguish between
two classes, ‘Background’ and ‘Event’,. The second is the multiclass case where
there are four classes ‘Background’, ‘Cleaning’, ‘Cooking’, and ‘Smoking’. The best
accuracy at the end of this study is obtained as 81% for the multi-class case, and 94%
for the binary one . The recommendation for future work includes extension of the
methodology to more uncontrolled scenarios and eventually an actual living space

such as a home or office.
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CEVRESESEL ETMENLERiI ALGILAYAN SENSOR PLATFORMU VE
VERIi ANALIZI

OZET

Giliniimiizde artis gostermekte olan endiistriyel liretim ve diinya popiilasyonunun
genislemesi beraberinde ¢evre kosullarindaki degisimler insan tiirliniin yasaminin
stirduiriilebilirligi i¢in ¢esitli ihtiyaglar dogurmus bulunmaktadir. Bu durum iiretim
bazinda oldugu gibi tiiketici tarafinda da 6nemli etkenlere tabidir; bunlardan en
onemlilerinden biri de i¢ mekanlardaki hava kosullaridir. Sehir niifusunun zamaninin
yiizde 90’dan fazlasinin kapali alanlarda gecirdigini géz Oniinde bulundurursak
kullanicilar agisindan bu alanlardaki hava kalitesinin 6l¢limlenmesi ve paporlarnmasi
onem kazanmaktadir. Bu 6l¢iim ve raporlarin hazirlanmasini kolaylastirmak i¢in ince
toz (PM), karbon monoksit (CO), ucucu organik bilesenler (VOC), karbon dioksit
(CO2) gibi maddelerin ortamdaki mevcudiyetini degiskenler haline getirerek, bir
arada degerlendirilmesini saglayan ortak bir “hava kalitesi endeksi” kullanilmaktadir.
Ic mekanlarda ¢ogunlukla karsilastigimiz faaliyetler ugucu kimyasal maddelerle
yapilan hijyen ve temizlik uygulamalari, besin ihtiyacini gidermeyek yonelik pisirme
faaliyleri ve yine yaygin olarak karsilastigimiz tiitiin mamdiilleri tiikketimidir. Bu
duruma bagl olarak endeks igerisinde oOncelikli olarak bu degiskenler Onem
kazanmaktadir. Ayn1 zamanda bu 3 faaliyet birbirinden farkli iz bdlgesi
yaratmaktadir. Ancak ortada olan sorun sudur ki, bu tiir cihazlarin kullanicilar
giinliik hayatta siklikla gerceklestirdikleri yemek yapma, temizlik ve sigara igmek
gibi faaliyetlerin bulunduklar1 ortamin hava kalitesine etkisinden haberdar
olamamaktadirlar. Bu bilgi hem kullanicilarin bulunduklar1 alanin hava kalitesini
tyilestirmek i¢in dnlemler almalarina imkan taniyacagi gibi, akilli ev teknolojilerinin
bulundugu ortamda da ¢esitli aygitlarin birbiriyle iletisime ge¢mesini saglayarak
ortamin solunum ac¢isindan daha saglikli bir hal almasina imkan taniyacaktir. Bu tiir
bir sistemin gelistirilmesi i¢in 6n ayak olmayi amaclayan bu arastirma 9 farkli hava

kalitesi parametresini Ol¢limleyen bir mekanizma gelistirmek ve bu 9 degiskenin 4
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farkli sinifta (Arkaplan, Temizlik Faaliyeti, Yemek Yapmak, Sigara I¢mek)

tanimlamasini saglmay1 hedeflemektedir.

Calisma amacia ulasmak igin benzer arastirmalarda kullanilan Makina Ogrenme
tekniklerine dair bir literatiir bulundurmakta olup, besin incelemeleri i¢in kullanilan
elektronik burun ve yapar koku alma uygulamalarindan da etkiler barindirmaktadir.
Baz1 caligmalar ayn1 zamanda insan faaliyetleri ve sayimlarim1i da i¢ermektedir.
Literatiir arastirmasi icin tercih edilen kaynaklar ozellikle ilgili sensorlerin
kullanildig: arastirmalart bulundurmaktadir, bunlar baglica metal oksit yari iletkenleri
tipi gaz sensorleri ve karbon dioksit ile toz yogunlugunu gézlemlemek i¢in kullanilan
optik soliisyonlardir. Literatiirde alternatif CFD temelli yaklagimlara da rastlanmis
olsa da, arasgtirmanin sensOr data analizleri c¢evresinde gelistirilmistir.Yuvarlanan
pencere Oznitelik ¢ikarim ve normallestirme teknikleri bu ¢ergevede yaygindir, bu
teknikten sonra en yaygin teknik ise PCA gibi boyut indirgeme algoritmasi

kullanarak yaygin siiflandiricilar izerinden tanimlama metodudur.

Bazi aragtirmalar Yapay Sinir Aglar1 (Deep Neural Networks) kullanimiyla 6znitelik
¢ikarimlar1 ihtiyacint ortadan kaldirma girisiminde bulunmustur ancak bu tiir
arastirmalar nadir olarak bulunmaktadir. Neredeyse tiim arastirmalar digerlerinden
farkli sensorler kullanarak kendine has veri ¢iktilar elde etmektedir; bu duruma bagh
olarak teknikler de uygulamalama 6zelinde kalmaktadir. I¢ Mekan Hava Kalitesi
Olctimleri cercevesi fizilibitesinin degerlendirilmesi i¢in Sensor Hub, PCB ve tiim
onemli [AQ parametrelerini diizenli araliklarla toplayacak bir mySQL sunucusu
bulunduran IoT playformu hazirlanmistir. Bu platformda insan yasami ve konforunu
da g6z oniinde bulundurarak oncelikli olarak sicaklik, nem, ucucu organik bilesenler,
karbondioksit, karbonmonoksit, amonyak, nitrojendioksit ve 25 mikrometre alti
maddelerin Slgiimii i¢in 4 farkli sensor kullanilmistir. 80 Saatlik bir dlgiim sonucu
hava kalitesi veri seti hazirlanmis ve test odasinda siniflandirilmistir. Arastirmanin
son boliimiinde ise veri seti denetimli bir 6zdevimli 68renme sorunu olarak
kurulmus; literatiirde bulunan zaman serileri 6znitelik ¢ikarimi teknikleri (Vector
Array Normalization, Hurst Eksponenti) ve siniflandirma teknikleri (Decision Tree,
LDA, MLP) degerlendirilmistir. Problem aragtirma esnasinda 2 senaryo dahilinde ele
alimmistir. Birinci senaryo iki terimli smiflandirma cergevesidir. Bu cercevede

algoritmalar 2 smmif bazinda ayrim yapmaya yonelik egitilmistir “Arkaplan™ ve
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“Olay”. Ikinci senaryoda ise ¢ok sinifl1 bir yap1 olusturulmustur, bunlar “Arkaplan”,
“Temizlik”, “Yemek Yapma” ve “Sigara igme” seklinde 4 kategoride tanimlanmistir.
Tim kategori testleri 22’ser kere degerlendirilmis olup arkplan tanimlamasi i¢in 10
ek test gergeklestirilerek ilgili smiflarin kosullarla baglantilar1 saglanilmistir. Bu
aragtirmanin sonunda ¢ok siifli senaryoda yiizde 81 oraninda tutarlilik elde edilirken

ikili siniflandirma modelinde ytlizde 94’liik bir tutarlilik elde edilmistir.

Yapilan arastirma g¢evresel faktorleri goz onilinde bulundurarak artan sehirlesme
siireglerinde insanlar i¢in i¢ mekanlardaki hava kosullarinin diizenlenmesi ve
tyilestirilmesi adina onciil bir basamak olugturmaktir. Gelecekte bu alanda yapilmasi
planlanacak arastirmalar i¢cin metod cercevesinin genisletilerek daha kontrolsiiz
senaryolar iizerinden testler yapilmasi ve ofis veya ev gibi ger¢ek yasam alanlarinda
testler yapilmasmi tavsiye edilir. Alternatif bir rota olarak yapay sinir aglar
mimarileri degerlendirmeleri i¢in zaman serileri modellemelerinde basarili olan

RNN, LSTM; verinin boyutsalliginin diizenlenmesi i¢in ise CNN kullanilabilir.

Sensor verilere aktivite bazinda sonuglar elde ederek sadece ¢alisildigi aktiviteler
degil, daha farkli uygulama alanlarada yOon agcilabilir. ~ Nesnelerin internet
ortamlarinda evde mevciit biitliin cihazlara sadece hava kalite sensorleri kullanarak
senaryolar c¢aligilabilir. Hava kalite Ol¢iimler hem ortamin saglikliga dair bilgi
veriyor, hem bu caligmada gosterildigi gibi kullancinin kisisel bilgi koruyarak,

aktivite takibi senoryalar gerceklestirilebilir.
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1. INTRODUCTION

Air is a medium that humans are continuously submerged in and its composition is
necessary for our survival. Though Oxygen (O2) is the key gas required for our
respiration, we are required to breath and separate all other contents from air which
for the most part is Nitrogen (N2) and Carbon-dioxide (CO.); and also, harmful
substances like Particulate Matter (PM; 5), Carbon Monoxide (CO), Volatile Organic
Compounds (VOCs), Nitrogen Dioxide (NO;) and many others. As modern cities
get more and more crowded, Air Quality is becoming an important issue for 21%
century. The main sources of these pollutants are outdoors (combustion, industrial
pollution, airborne chemicals), but in indoor living spaces these pollutants can be
trapped if the space is poorly ventilated. Also, indoor activities such as smoking, use

of cleaning chemicals, and cooking are known to worsen the conditions further.
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Figure 1.1: Sources of Indoor Air Pollutants [1]

Users do not realize the harm their activities are doing to the air they breathe unless
measurements are provided to them [2]. For this purpose, sensing technologies such
as Metal Oxide Semiconductor (for Volatile Air Compounds) and Non-Dispersive
Infrared have been popular in academic and commercial systems. These sensors do
measure the concentration of the pollutants, but very few give insights of what

activities are causing these problems. The aim of this study is to develop a Sensor



platform that uses data fusion techniques to classify indoor air pollution events so
that recommendations can be generated to either improve the user behavior, or the

smart-home’s behavior to ultimately maintain a healthy living environment.

1.1 Purpose of thesis

The purpose of this thesis is to develop a sensor platform that measures various air
quality parameters and to investigate the possibility of detecting indoor air pollution
events using the systems. The study should include, the sensors, embedded system
design, and data analysis algorithms necessary for identifying 3 activities inside a test
setup. The device will be in the form of a wireless hub that pushes data to a local

server. The activities are listed as follows:
i.  Cleaning using chemical solutions
ii.  Cooking with oil
iii.  Smoking tobacco
A literature review around ubiquitous sensing, electronic noses, and time series
classification is needed to be performed and a data analysis method proposed. The

system at the end of the study will be later evaluated for integration inside smart

home applications.

Both for this study and future works, a labelled dataset for these activities needs to be
constructed, whereby the sensor hub is to be used to perform to collect the required

data.

1.2 Hypothesis

Each of the 3 activities listed previously is believed to have a unique fingerprint on
the air, that can be detected through a combination of air quality sensors. The
concept must be revaluated for a custom dataset, and a data processing scheme

proposed.



2. AIR QUALITY SENSING IN LITERATURE

The focus of the study is concerning sensing problems for Air Quality data and its
use in ubiquitous applications such as the electric nose and pollutant source
identification. The first part of this section briefly mentions the health implications

for certain indoor activities that effect the air quality.

The second part discusses in detail the kind of sensing problems exist in literature in
the space of gas sensor arrays, and the techniques used to classify high level

information.

2.1 Impact Of Selected Indoor Activities On Human Health

Many indoor human activities worsen the air quality and make the environment
unhealthy for living. Table 2.1 show a summarized list of pollutants, health effects,

and sources.

Exposure at a wide range of concentrations is not noticeable since most of these
pollutants are odorless. Therefore sensors to monitor these levels is critical if we

want to ensure optimum air quality inside the indoor space.

Table 2.1: Air pollutants their sources in indoor environment [3] [4] [5] [6]

Sources/activities in indoor air Health implications at

unhealthy levels
Temperature - Heating - Lethargy
- Stoves - Sleep deprivation
- Lighting - Excessive tiredness
Electronic devices - Dehydration

- Skin allergies

Relative humidity Perspiration - Skin allergies
Water flow (showering) - Respiratory diseases
Cooking

Carbon Dioxide Human metabolism, - Acidification of blood

Indoor combustion flames (gas
stoves)
Central heating systems

- Increase in rate and depth
of breathing

- Prolonged exposure can
affect calcium metabolism
in bone




Table 2.1 (continued): Air pollutants their sources in indoor environment

Carbon Monoxide

Tobacco smoke

Gas powered heaters
Defective central heating
automobile exhaust

Reduces oxygen flow to
brain results in: Nausea,
unconsciousness, and
even death.

Volatile Organic

Paints and lacquers

Conjunctival irritation

Compounds - Cleaning supplies - Nose and throat
- Building materials and furnishing discomfort
- Office equipment (copiers, - Headache
printers) - Dyspnea
- Glues, adhesives - Fatigue
- Overheated cooking oils - Epistaxis
- dizziness
PM 2.5 - Combustion of solid and liquid - High risk of
fuels cardiovascular diseases
- Urban traffic - Pulmonary diseases
- Construction sites - Eye irritation
- Cooking
PM 10 - Wood burning stoves - Reduced lung function
- Agricultural burning - Eye irritation
-  Dust - Coughing
- Respiratory diseases
Nitrogen Dioxide - Tobacco smoke - Depletes tissue
- Gas/wood/oil/coal burning antioxidant defenses
- Irritant for eyes, nose,
throat.
- Pulmonary edema
(leading to lung injury)
Ammonia - Household cleaners - Eye, nose, throat irritation

Animal/pet waste
Decaying plants/food

Headache

Nausea

Can cause permanent
damage to eyes and lungs

2.2 Applications Of Indoor Air Quality Data

Due to increased awareness of Air Quality, and advance in affordable IAQ sensors,
there are various products in the market that offer loT Air Quality monitors. These
products provide daily reports of pollutants and classify them with respect to healthy
levels [7].

Quantification Source Identification Occupancy Detection Danger Alarms

(Scope of this study)

Figure 2.1: Overview of popular IAQ sensing problems in literature



The amount of data generated does point towards potential Machine Learning
problems, but such options are rarely implemented products of this class. There are
few works in literature that have prototyped these concepts and problems of our
interest have been categorized in Figure 2.1. Each of the categories are defined as

follows:

Quantification: Air Quality measurement is typically done through multiple sensors.
In applications such as HVAC control or smart phone app, the measurements need to
be reduced to an Air Quality Index (AQI) or any other single metric scale. A typical
reference table is shown in Figure 2.2. Using air quality guidelines [8] the multi-
sensor data is quantified with recommended threshold limits. This is the most basic
sensing problem, but here calibration and cross-correlation of sensors [9] needs to be

studied to provide reliable readings.

Level Category A B C D
description Unhealthy i

a Iio 0] 51 101 251

Values I 50 100 250 400
Concentration BPLo BPwr BPLo BPu BPLo BPw BPro BPu
VOC(ug/m) 0 200 201 350 351 500 501 757
CO(ppm) 0 4.99 5 9.99 10 14.99 15 2000
PM(ug/m) 0 30 31 90 g1 140 141 750

Figure 2.2: A Comprehensive Real-Time Indoor Air-Quality Level Indicator [10]

Occupancy Detection: For smart ventilation and energy conservation, indoor CO>
concentration has been utilized in various studies to count the number of occupants

in the room [11] [12]
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Figure 2.3: Sensing by Proxy: Occupancy Detection Based on Indoor CO2
Concentration [13]



Since human being’s exhale Carbon-dioxide, crowded rooms can be a nuisance if not
properly ventilated, at the same time, this measurement can be harnessed to inversely
calculate the number of people. This is an alternative approach to motion - based

sensors, especially useful for automatic air conditioning.

Danger Alarms: Fire and smoke detectors have started employing sensor fusion
techniques for eliminated false alarms, and detecting type of fire (smoldering,
flaming). One such study is [14] where they have compared various gas sensing

principles and their performance to detect fires.

4 x MOS NDIR (CO,)

SHT21 (RH)

GasFET

EC-CO

Figure 2.4: Comparison of gas sensor technologies for fire gas detection [14]

Source identification: Discussed in detail in the relevant subsection since it is the

focus problem of this study.

2.2.1 Summary of relevant literature studied

The number of works in this area are still limited since most of gas sensing
technologies not selective. As a summary, Table 2.2 was compiled to have an
overview of how different studies have set their use-case, the sensors they have used

to realize their work, and lastly the analysis / machine learning techniques.



Table 2.2: Related works by sensor combination and application

Ref

Year

Category

Summary of
Contributions

Sensors

Analysis
Techniques

[13]

[10]

2015

2015

2015

2016

Portable
Context
Detection

Occupancy
Counting

Occupancy
Counting

Quantification

Observing personal exposure to
PM2.5 on a wearable device as one
performs daily activities such as
walking, in vehicle, rest. Authors
have shown raw data for different
contexts, but no automatic
recognition scheme is proposed.

Sensor data was labelled for
Occupancy, and evaluated over
two test sets, different
combinations of variables for 4
different classifier algorithms.

Constructed a 'Sensing by Proxy’
model that uses known human
CO2 emission rates, to construct
Partial Differential Equations to
predict the unknown number of
people. The model is compared
and proven better than a few
different statistical methods, for
controlled experiments.

Construction of an IoT device that
uses various sensors to quantify
values to a standard Air Quality
Index

T

RH PM25 PM10 VOC CO NO2

NH3 CO2 Other

GPS,
Accelerometer None

LDA, CART,
Random
v Light Forest

v PDE-ODE

None




Table 2.2 (continued): Related works by sensor combination and application

Ref

Year

Category

Summary of
Contributions

T RH PM25 PM10 VOC

CO NO2 NH3 CO2 Other

Analysis
Techniques

[16]

[17]

[18]

[19]

2012

2018

2016

2017

Quantification

Source
Identification

Source
Identification

Source
Identification

IoT Device, Air Quality
Index and visualization
toolkit. A rule-based
algorithm to control
ventilation, HVAC on
demand and send alarms for
hazardous levels of AQI.

GasNet: Convolutional
Neural Networks for Gas
Classification. 8 MOS
sensors were used to sample
various gases in a controlled
environment. Better result
than SVM and MLP but
much larger training time.

Air Sense - Indoor Air
Quality Analytics. Detection
of Cooking, Pesticide, and
Smoking, and forecast of

pollution if no action is taken.

Tests conducted by leaving
pollutants (Cigarette,
Cleaning Agent, Fragrance,
Food) on different days in
test room. Window feature
extraction methods were
compared based on PCA
variance explained. The best
feature, Vector Array
Normalization was fed into a
Neural Network to classify
the source of pollutant.

v v Vv

v Vv

v

v

v

v Total 8 different
Figaro MOS
sensors, for air
contaminants,
combustible gases
etc.

MOX CO2,
v v 03,

None

Convolutional
Neural
Networks

Standard
Deviation,
Window
Statistics,

PCA, LDA,
KNN



Table 2.2 (continued): Related works by sensor combination and application

Authors

Year Category

Summary of
Contributions

T

RH PM25 PM10 VOC CO NO2 NH3 CO2

Other

Analysis
Techniques

[20]

Source
2018 Identification

‘Theodor'. The sensors were
placed inside a box, and foodstuff
sample was left inside. 24
different items were placed (Milk,
Wine, Coffee, Garlic etc.) Data
was split into non-overlapping
frames, and 3 features extracted:
Mean, Variance, Linear
Regression. A 10-fold cross
validation scheme was used

v Vv v v

J48
Decision
tree

Proposed Sensor
Combination

v Vv v v




2.2.2 Pollutant Source Identification using IAQ Sensor Arrays

2.2.2.1 The concept of Electronic Nose

The problem of classifying pollutant source from gas sensor data is very similar to
the biological sense of olfaction. The mammalian nose contains many odor receptors

which are often redundant (Figure 2.5).

Electronic sensor amay

Figure 2.5: The analogy between biological nose and electronic nose [21]

The combination of several hundred such receptors is recognized by the brain to

classify an odor as ‘pleasant’ or ‘bad’ or much more complex labels.
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Figure 2.6: Sensor Response of MICS-6814 MOS type sensor [22]

MOS (Metal Oxide Semiconductor) type gas sensors are affordable and long-term
stable as compared to electrochemical technology. However, selectivity of these
sensors is limited and as shown in Figure 2.6 the response from one of the channels

of the MICS-6814 is giving readout to multiple gases in the same readout ranges. For

10



studies similar to electronic noses, gas sensor arrays with each sensor having a
different response is measured. The responses are then trained by exposing the

sensors the target sources.

Measure box and sensors N :
Lid of container

Figure 2.7: Theodore, a foodstuff odor classification study [20]

The study referenced in Figure 2.7 is able to classify 14 classes of different
foodstuffs with good accuracy. The sensor combination is similar to ours with the
exception of additional 4 MOS sensors for Methane, Alcohol, Propane, Carbon
Monoxide respectively. The key difference with our work is that we are concerned in
a much larger volume (a living room for example). Still, studying electronic noses is

critical to our study since the problem is closely related

2.2.2.2 Pollutant Source Identification in living spaces

Pollutant sources in indoor environments are often linked to human activities which
we intend to test within the scope of this study. There is still a dearth of source
detection studies when the context is limited to living spaces. One such study is
referenced in Figure 2.8 where four pollutant sources common in household air were

exposed to a sensor hub measuring 9 different air quality parameters.

11
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Figure 2.8: Classification of Smoking, Cleaning Chemicals, Air Freshener, Spoilt
food in a room [19]

In another study called AirSense [18], only four parameters (Temperature, Humidity,
VOC, Particulate matter) were used to classify events labelled as Cooking, Smoking
and Pesticide to a high accuracy. The feature extraction and data analysis techniques

employed in these studies is discussed in the succeeding section.

2.2.3 Data Analysis Techniques used in related work

2.2.3.1 Feature Engineering based techniques

Feature extraction in the preprocessing phase consists of rolling window operations
on the original sensor response. These are done to remove the baseline effects and

trends in the data.

Table 2.3: Popular feature extraction methods for MOS electronic noses [23]

Model Description
Difference X, = 'Vr,!m -
Relative difference x; =V / #i
Fractional difference X = (".,m -V )/ v
Logarithm difference h‘g( v / V)
Sensor normalization X; =X, / {,'C_,"m -x }
Array normalization X, =X, / Z ‘f,

The difference methods in [23] are known to eliminate such baseline errors (Table
2.3). Relative and fractional difference methods work on the principal of linearizing
the response and log difference to linearize the relationship when the original

relationship is highly non-linear. Normalization models limit the sensor output

12



between 0 and 1. In cases where this method is used for multiple sensors, it ensures
that all sensors have equal importance in later cognitive stages. The normalization
methods would be really useful when the concentration is not of interest, rather the
pattern of the response. In our proposed solution, Array Normalization is used as one
of the features. In [19] these features are fed to PCA dimensionality reduction and

then to various classifiers.

« Ambient air
Chemical Present
« Food & Beverages Present
« Fragrance Present
Combustion Activity

Figure 2.9: PCA Plot of Array Normalization features [19]

One study in particular [18] has devised a Normalized Standard Deviation based
technique for binary classification. The classes in this study were smoking, pesticide,
and cooking. Due to the similarity of this to our classes, this metric was also

evaluated in our study.

0.4

[ ]Event
[ INon-Event

Probability
o
N

nll

0.1 0.2 0.3 0.4 0.5
NSTD

Figure 2.10: Binary classification by threshold of 0.3 on the Normalized Standard
Deviation metric [18]
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2.2.3.2 Neural Network based techniques

The use of Convolution Neural Networks (CNN) has revolutionized many Machine
Learning problems in recent years. In the study GasNet, as similar approach is used.
The biggest advantage of CNN is that they are highly skillful at eliminating the need

for feature extraction due to the non-linearities modelled by their architecture.

Air —— MFC I

[ Gaz1 ——[ MFC —
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Ay
“Gas2 ——[MFC | — > S (Gas Chanber

Input mxnx1

—| Convolutional Block (32) | mxnx32

shortcut l

ﬂ Convolutional Block (32) | mxnx32

shortcut l Pool / 2

ﬂ Convolutional Block (64) (m/2)<(w/2)=64

shortcut l

ﬁ Convolutional Block (64) (m/2)=(1/2) =64

shortcut l Pool / 2

:| Convolutional Block (128) | (m/4)=(n/4)<128

shortcut

—| Convolutional Block (128) | (m/4)=(n/4)<128

l

| Global Average Pooling | 1x1x128

l

I Fully connected Nbr_classes I 1x1xC

Figure 2.11: GasNet to classify gas samples with MOS array [17]

14



3. THE SENSOR PLATFORM

Based on literature review, and the important parameters influencing health and

comfort. Table 3.1 shows sensors that were a part of our sensor platform.

Table 3.1: Specifications of sensors used for the sensor platform

Parameter Unit Component  Range Operating Interface
Principle

Temperature °C SVM-30 -20to 85 MEMS I’C

Humidity % SVM-30 0to 100 MEMS I’C

Volatile Organic ppb SVM-30 0to 60k  Metal Oxide I*C

Compounds (VOC) Semiconductor

Carbon Dioxide ppm CM 1107 0 to 5k Non-dispersive ~ UART
infrared

Carbon Monoxide (CO) ppm MICS-6814 1to 1000 Metal Oxide I’C
Semiconductor

Nitrogen Dioxide (NO) ppm MICS-6814 0.05 to Metal Oxide I°C

10 Semiconductor
Ammonia (NH3) ppm MICS-6814 1t0 500  Metal Oxide I°C
Semiconductor
Particulate Matter <2.5 um ug/m* SM-PWM- 0to 3000 IRLED PWM
(PM2.5) 01C
Particulate Matter <10 ym pg/m* SM-PWM- 0to 3000 IRLED PWM
(PM10) 01C
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3.1 Sensor Descriptions

3.1.1 Sensirion SVM 30 (T/RH/VOC)

Gas sensors that measure Volatile Organic Compounds (VOCs) are sensitive to
temperature and humidity [24] therefore Sensirion has developed an integrated

module that contains a temperature/humidity sensor on the same board (Figure 3.1).

Figure 3.1: Sensirion SVM 30 sensor module with two separate sensing elements

The board also has memory to store calibration information as sensor resistances to
calculate output values. By sending a message of 0x201e to the I>C interface we can
set the current conditions as baseline. This procedure was performed only once at the
beginning of the project. In normal operation the get baseline command of 0x2015 is

sent to take the stored parameters into effect.

| Multi-pixel MOX gas sensor I | RH sensor | | T sensor | SVM30
Calibration Linearization, Baseline Linearization, Calibration
—>1 compensation, Humidity Temperature compensation <
memory - memory
compensation, Data processing Data processing
| 12C interface / ESD protection / Power supply conversion I
! T
tVOC, COzeq, RH, T VDD GND

Figure 3.2: Internal block diagram of SVM 30 [25]

Other than for the MOX sensors compensation algorithms, the relative humidity and
temperature data is useful for us as our basic parameters of air quality measurement.
The I’C interface uses two pins (one for data and one for clock signal) for
communications and data is obtained by sending hexadecimal commands similar to
the baseline operations above and the response is then converted to a numeric value

according to the datasheet.
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COzeq output: The sensor also gives a calculated value for the CO; concentration
and its use for evaluated initially. The output is only reliable when there are no other
pollutants present in the environment smells present in the environment greatly effect
this reading. Therefore, an NDIR sensor was preferred for reliable CO;

measurement.

3.1.2 SGX Sensortech MICS 6814

In general, MOS sensors use manipulate the electrical properties of metal oxides in
response to a chemical stimulus. The MICS 6814 can detect CO, NO2 and NH3

based on the oxidative or reductive characteristics of these gases.

Figure 3.3: The MICS-6814 3-pixel MOS sensor [26]

The MICS 6814 contains three different sensing elements, each with a zinc oxide
layer whose resistance changes in the presence of the target gas [26]. Thus, when CO
or other VOCs, with their reductive behavior, remove the oxygen content from the
metal oxide layer, its resistance decreases, and this change signals the presence of
these gases. Similarly, when oxidizing gases such as NO2 and NHj3 interact with the
metal oxide layer they increase the overall resistance of the layer by adding

insulative oxygen species in the system.

D
E C
e—= ) e
.
I
G B
. €
H o
A
K
J_J ) e

Figure 3.4: Measurement Circuit for MICS-6814 Sensor [26]

The biggest issue with using this sensor is cross-sensitivity, though the main target

gases are CO (reduction channel), NO> (oxidation channel) and Ammonia (NH;
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channel), the sensor shows response to Ethanol, Hydrogen, H2S and other gases as

shown in Figure 3.5. Since we are interested in detecting higher level air pollution

events rather than measuring chemical concentrations, the differences in the three

elements are still useful for pattern detection [20].
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Figure 3.5: Sensor response of each sensing element in MICS 6814. Reduction
channel (top), Oxidation channel (middle), NH3 channel (bottom) [26]

The datasheet claims high accuracy for various gases but selectivity is not mentioned

in the technical specifications. The limitations of other MOS type sensors are also

valid for this sensor. However the MICS-6814 is a popular choice for electronic nose

applications as it packs three sensing elements in one integrated circuit.
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3.1.3 Wuhan Cubic CM1106 (CO2)

The CM1107 is a gas sensor module which can uses Non-Dispersive Infrared
(NDIR) technology to detect CO> concentration in air. Polyatomic gas molecules
have absorptive wavelengths in the infrared region, hence when they come in the
path of infrared waves, the intensity of the incident wave decreases proportional to

the concentration of the gas.

k.

i

Figure 3.6: Wuhan Cubic CM1107 NDIR CO; sensor [27]

The CM1107 has two infrared light beams, one for detection and the other as
reference, which give the module a high CO> detection accuracy. The module makes
use of this absorption spectrum of CO: to detect the amount of CO; molecules in air.
NDIR sensors do not have the selectivity problems and are a reliable gas sensing

method.

Autocalibration: As of April 2018, the outdoor concentration of CO> is 400 parts
per million (ppm), and the concentration indoors does not fall below this level. This
fact is used for the autocalibration algorithm embedded in the CM1107, that every 7
days of continuous operation, the lowest signal is considered 400 ppm. To avoid
calibration shifts in our tests, this feature was turned off by sending the appropriate

command through the sensors UART interface.

3.1.4 Amphenol SM-PWM-01C (Particulate Matter)

The concentration of dust particles suspended in air can be detected through optical
sensing. The method uses an infrared LED and a photo sensor to emit infrared waves

and detect the reflected rays, respectively
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PIN1

Figure 3.7: Amphenol SM-PWM-01C Particulate Matter sensor [28§]

Both small dust particles (<2.5 um) such as cigarette ash and dry organic particles
and large particles (<10 pm) can be detected by the photosensor and differentiated in
the output. The output pulse narrows or widens according to the size of the particles;
hence the varying output pulse enables the system to distinguish between the type

and size of dust.

IRLED Regulat
egulator o @ GND
Stabilization of power

[Dust, Cigarette Smoke S

. # 7 line ripple, noise O @ Vee (+5 V)
ﬁm |
{ MICOM © (3) signal Output (P1)

Sensitivity

adjustment
Amplifier O @ Signal Output (P2)
Dust flow ZE Cirenst
’ o () RX

Figure 3.8: Internal block diagram of SM-PWM-01C

The output pins P1 and P2 (Figure 3.8) give the final processed output for large and

small particles respectively.
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3.2 Prototype Design

3.2.1 Electronic Design

To be do the measurements and to publish the obtained data to the database, the
Linkit One prototyping board was used as our central development platform. The

board has an ARM?7 chipset and has 802.11 b/g/n WIFI transceiver.
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Figure 3.9: Linkit One IoT prototyping board [29]

The board has an Arduino bootloader, and can be programmed using the Arduino
IDE. There was a need to maintain parallel tasks for example our dust sensor relies
on decoding Pulse Width Modulation (PWM) signals, for this reason additional
Microcontrollers (Arduino Nano) were utilized. Due to the number of connections, a

PCB shield was prepared to be mounted on top of the Link-it One board and which

had connectors to all sensors.

The GPS and Bluetooth features of the board were not utilized for the current
application, but Bluetooth will be useful for future works. Many smart-home devices
use Bluetooth, and our device can possibly be used to send triggers to them. A

possible scenario maybe adjusting the settings of a connected air-conditioner, for

instance.
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Figure 3.10: Schematic of the sensor shield (Light sensor, Microphone and Radar
were not used in this study)

Figure 3.11: 3D view of the sensor shield PCB
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Figure 3.12: Dual layer PCB layout for the sensor shield

The circuit was designed to be able to handle multiple communication protocols are
required by out hardware. The sensors were using I°C, UART, and PWM protocols
and the MCUs were using I°C for their communication with each other. Only a single
I2C bus was maintained, and the sharing was made possible by a I>C busy pin which
was pulled to HIGH when a node was using the bus. Other nodes would wait until
the bus was available. Also, we were using boards with multiple logic levels, (3.3V
and 5V), therefore all communication buses had two versions on the board
maintained by a level shifter circuit shown in Figure 3.10: Schematic of the sensor

shield (Light sensor, Microphone and Radar were not used in this study)

It should be noted that this circuit could also had connections for a microphone, a
low-cost radar and light sensor, with measurements programs integrated. The
measurements were not required for the current study, so their integration is not

detailed.

Sensor
Measurement shield

Linkit One Board

Figure 3.13: Linkit One Board with custom Sensor Shield
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Figure 3.14: Complete assembly of the sensor platform
3.2.2 Protective Casing

To protect our sensors from harsh environmental conditions and handling between

tests, a protective casing was designed in Siemens NX CAD software.

Figure 3.15: 3D drawing of the protective housing (top), electronics housed
inside a 3D printed protype (bottom)
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Care was taken to fit all the components in a way they had access to air-flow in the
sensor manifold. The temperature/humidity sensor was specially placed at the bottom
of the casing so that the heaters of gas sensors do not inflate the temperature reading

in a way that they differ from the room-temperature.

3.2.3 Data Acquisition

Once data was measured by the electronic system, it was needed to publish this data
to a MySQL server. In [oT systems, Message Queuing Telemetry Transport (MQTT)
is the current standard for topic-based communication. The server has a MQTT
broker running which is responsible for routing data when message a device
publishes or subscribes to a ‘topic’.

{B

"function":"setData",

"id": "Indoor",

"eo":"0.20",
"no2":"0.80",
"nh3":"2.85",
"co2":"585",

"temperature":"28.63",
"humidity":"44.07",

"VOC" : II?4I| s
"pm25":"5.69”)
"pm10":"19.79"

}

Figure 3.16: MQTT payload sent to the Air Quality topic

Another script subscribes to the ‘Air Quality’ topic and executes and INSERT query
to a MySQL table. The table is already prepared to receive the specified values, and
each row corresponds to data captured at each timestep. The timestamp is recorded
in the UNIX format (number of seconds since midnight January 1, 1970) to avoid

allocating separate fields for the hour minutes dates etc.

The second layer in Figure 3.17 is of Database Administration, for this phpMyAdmin
framework is used. This allows us to visualize the tables, and conveniently execute
‘SELECT ’ queries to extract data in CSV format for the time periods where the tests

are performed.
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Figure 3.17: Data Acquisition Architecture

Finally, the Visualization layer was used to host a dashboard webpage on the server

where all the measurements could be viewed as the experiments were taking place.

= X O ©101341428 a
ALL IN ONE DASHBOARD

TEMPERATURE HUMIDITY PRESSU LUX

Figure 3.18: Dashboard for data visualization

To make sure that the communication is continuous, throughout the development
stages the system was tested at a sample period of 500 milliseconds, even though the
sample period can be as a high as 60 seconds. This is due to the fact that air diffuses
in the air slowly and the response times of sensors are also nearer to those ranges. To
make sure transients and sensor errors are noticed, the sample period for our tests

was set to 6 seconds.
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4. DATA ANALYSIS

This section covers the details of how popular techniques in the field of machine
learning are applied to the sensor data obtained from our Air Quality device. We are
particularly interested in detecting the signature of certain household activities, and

the feasibility for conducting further research in the area.
Binary Classification (Background vs Event)

Selection
Data Feature
Selection Multiclass Classifier

Multiclass Classification (Distinguishing each event)

Selection of
Binary Classifier

Figure 4.1: Analysis Workflow

The scope of the problem is similar to [18] with our classes being background,
cleaning, cooking, and smoking. As shown in Figure 4.1 we have also evaluated the
case of binary classification for use cases where we are only interested in the
deviations from background. This can be useful because in a real-life scenario, an
event may not fall into the finite number of classes the multiclass model is trained
with. There, just detecting ‘some’ pollution event can be a sufficient hypothesis to

generate control rules for the smart-home.

4.1 Experiment Design

To be able to develop our algorithm we required a test setup and a plan where we
could test our hypotheses repeatedly. Tests were conducted in the form of ‘test units’
where each activity target activity was performed (Figure 4.2). The test room was
ventilated in between tests. Note that gas sensor readings often take hours to return to

background levels.

Start | Ventilation Cleaning Ventilation Cooking | Ventilation Smoking Ventilation Test

Figure 4.2 Sequence of 1 test unit
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The ventilation step between tests varied and was often as short as 30 minutes, so
there were often lasting effects of the last activity. In order to not make the
experiment too controlled as done in [20] [19] these durations were not strictly

controlled.

4.1.1 Test Setup

Figure 4.3 shows the layout of the test room. The room had one air inlet and the door
was used as the outlet. A fan was used to create the air flow in between experiments.
The sensor hub was placed as one would place the product in a kitchen counter top.

Since we want to study the feasibility of this device in smart home applications, we

deliberately did not optimize the layout in a way to give maximum sensor reading.

_—
- ?

Induction Cook top

Wireless sensor hub

Volunteer

Figure 4.3: Layout of test room
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Floor cleaning liquid Tap water

Cleaning Cloth
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Stainless steel saucepan Sunflower oil Onions
Tobacco Cigarrettes Disposable lighter

Figure 4.4: Materials used for simulating activities
4.1.2 Preparing data for Supervised Learning

There were a total of 22 tests conducted, in each test unit each of the 3 activities was
performed. The duration of the activity was variable, and volunteers were only given
rough guidelines on how to conduct the experiment. Some key observations from the

raw data are listed as follows.

1. As seen in figure 4.5, the parameters return to background levels after 10

minutes of ventilation.
2. The NO2 channel shows peaks during the cleaning activity.

3. Cooking causes increase in nearly all the parameters, mainly PM2.5 and
humidity.
4. Smoking also effects PM levels, but the rise is very fast and diminishes

quickly after.

These observations were seen repeatedly for all tests and it pointed to the fact that
pattern recognition techniques seen in the literature can be applied to detect these

signatures automatically.
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Figure 4.5: Raw Data for a single test unit

To prepare this as a supervised learning problem the data was split in a manner

shown in Figure 4.5. The data was shuffled and split into training, and 2 test sets.
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Test 1 was utilized in the algorithm development stage, where Test 2 was only tested
at the end. Throughout this section however, test 2 performance is shown for each

development step.

Consecutive test units

2 3 a 5 6 7 8 9 le 11 12 13 14 15 16 17 18 19 20 21 22 23

Shuffled test units

9 2 20 =) 5 4 19 14 22 23 7 6 1@ 18 17 21 13 11 16 8 15 12
I Il |
16 Training Examples Test 1 Test 2

Figure 4.6: Shuffling and splitting of test units

Note that shuffling and splitting was done with respect to separate test units, and not
samples picked randomly from the entire dataset. There were 10 additional sets of
background data obtained from same days as the class experiments. Since it is time
series data, it is important to preserve the order of points. The succeeding sections
will provide details of how sliding window feature extraction methods were used to

assist our algorithm.

Table 4.1: Length of data set in time units

Background Cleaning Cooking Smoking All
Training 223 9.0 12.7 10.8 54.9
Set (Hrs)
Test Set 1 9.8 1.0 2.2 1.3 14.3
(Hrs)
Test Set 2 7.2 0.8 2.7 1.9 12.6
(Hrs)
Total 393 10.8 17.6 14.0 81.8
Hours
Sample 6 seconds
Rate

A total of 81.8 hours of air quality was collected and most of it was used for training
as shown in Table 4.1. Most of the captured data was background since it is easy to

capture and also enables the models to have a good baseline.
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4.1.3 Evaluation Metrics for Classifier Performance

True Positive _ True Positive

Accuracy: 4.1)

Number of Samples " True Positives+True Negatives+False Positives+False Negatives

As we can see in Table 4.1, we have imbalance in the number of samples we have for
each class. A one-shot accuracy metric would be skewed towards a class with more
support (number of samples), and our design decisions for the model will be driven
by a false metric. Therefore, the use of Precision and Recall is a widely used

technique in literature concerning classifiers [30]

True Positives

Recall: 4.2)

True Positives+False Negatives

Consider a binary classifier, recall is its ability to detect positive instances of a class.

The problem arises when a classifier with perfect recall gives too much a false alarm.

True Positives

Precision: 4.3
True Positives+False Positives @3)

Intuitively precision is the ability of the classifier to reject false alarm. The precision
would be 1.0 if there are no false positives. The problem here is that we do not
account for the negatives, and this can lead to dangerous results based on what the

classifier is used for

Precision X Recall
F1-score: 2 = (4.4)

Precision+Recall

The Fl-score is a harmonic mean of the precision and recall that gives equal
importance to both metrics. Other F-score techniques such as F-beta exist when there
is separate importance given to each of the metrics. For the purpose of our study F1

score suffices.
Extension of F1-score to multiclass case:

Fl1-score for each class is calculated treating the target class as positive and all other
as negative. The total Fl-score is then calculated as an average of all Fl-scores.
Some studies add weights to the average calculation to account for varying class
support. In our study we treat all the classes as equally important, so we use

uniformly weighted F1-scores.

For the remainder of this study, uniformly weighted F1 Score will be used as the

metric of choice to evaluate classifier performance and select appropriate algorithms.
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4.2 Feature Extraction

As detailed in section 2, the problem poses many challenges including, sensor

baseline drift, cross sensitivity of MOS sensors, and the varying properties of the

activity in question. These variations include.

1. Baseline concentrations of pollutants: Due to influence from outdoor

air quality and seasonal trends, background concentrations can vary from
day to day.

The length of response: Each activity (cleaning, cooking, smoking) can
have varying length of sensor response, depending on the distance of the
activity on the sensor, the concentration of stimulant used and the way the
activity is performed.

The shape of the response: For the same reasons as above, the shape of
response can also show variation.

Cross sensitivity: As we can see in the correlation plot below, response
in each channel influences other channels. This is because of cross-
sensitivity of our sensors, and since all our sensors measure through air as

the proxy, the response of our sensor is not orthogonal.

TEMPERATURBUMIDITY voc co NO2 NH3 co2 PM2 5 PM10

TEMPERATURE

HUMIDITY

voc

co2

PM2_5

PM10

10 & . .
+ High correlation

No correlation

s | - High correlation

Figure 4.7: Correlation plot of training set

Among the techniques discussed in literature, we saw using a feature extraction-

based approach over Convolutional Neural Networks and other techniques. The main

reason for this is the amount of data we have this problem. CNNs are powerful, if
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there is enough data, with 22 tests at our disposal, CNNs will likely fail to generalize

for the unpredictable test sets that may come up.

4.2.1 Vector Array Normalization

Xi
/zﬁ-zi_wofj)z

Equation 1: Vector Array Normalization for measurement parameter X. W denotes
the window size [23]

VAN; = 4.5)

The Normalization techniques include Zero Mean, Standard Scaling, Min Max
Scaling, and others. For time series data however, the Vector Array Normalization is
used. This feature technique was used in [19] for pollutant source identification and

[23] for odor classification in an electronic nose.

Relative Humidity Data VAN Feature
0.064
65.0
62.5 | 0.062
60.0 4 0.060
57.5
0.058 |
55.0
0.056
52.5 -
50.0 1 0.054 |
47'5 L T T T T T T T T T T T T T T T T T T
0 250 500 750 1000 1250 1500 1750 2000 0 250 500 750 1000 1250 1500 1750 2000
Time (Minutes) Time (Minutes)

Figure 4.8: Example of VAN feature extraction with fixed window size of 30
minutes

As seen in Figure 4.8 the VAN feature is able to remove trends from the raw data
and able to focus on sharp changes in the data (t=500, t=750), in case the change is
slower (t=1300) the magnitude is much lower. It is also interesting to note that the
direction of VAN from its mean value denotes whether there is a rise or a fall in the

original data.

4.2.2 Normalized Moments

1 1 i
NSTD, = L L5508 — )? (“.6)

The Normalized Standard Distribution (NSTD) metric is due to the work in [18]

where it was used on PM2.5 data to distinguish background versus events by setting
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a threshold based on NSTD distribution for each class. As we can see on our
example data this metric is very good at detecting sharp changes in data.

Normalizing by the maximum value of each window makes sure that the data is

detrended.
Relative Humidity NSTD Feature
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Figure 4.9: Example of rolling window moments with fixed window size of 30
minutes

Extension to third and fourth moment: This approach was extended to calculate
the third and fourth moments which correspond to Skewness and Kurtosis behavior

of data to add more features to our analysis.

. - 3 . L 3
NSKW,; = —yi_ Gtwl nppp o 1 i GiThw)l o g

max(w) &J=i-w 53 max(W) “J=i-w 54

4.2.3 Estimated Hurst Exponent

The Hurst exponent is measure of Self-Similarity of a time varying series. The

following approximation is due to [31]

(|log(t + 7) — log(t)|") ~ 7*7 (4.8)
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Table 4.2: Hurst exponent and how it describes time series

Value of Hurst Exponent Implication
H=0.5 Series 1s Geometric Brownian motion
H>0.5 Series is trend reinforcing
H<0.5 Series is mean reverting
Relative Humidity Data Estimate Hurst Exponent
65.0 4 1.0 4
0.8
60.0 1
57.5 - 0.6+
55.0 0.4+
52.5 4
0.2+
50.0 1
475 E T T T T T T T T T 00 L T T T T T T T T T
0 250 500 750 1000 1250 1500 1750 2000 0 250 500 750 1000 1250 1500 1750 2000
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Figure 4.10: Example of rolling window Hurst Exponent with fixed window size of
30 minutes

The current example shows that the Hurst exponent drops below 0.5 at t=1200 and
t=1700. If we expect the raw data at those points, we see the series is returning to its
rolling mean values. Similarly, the noisy section at t=750 is detected by H=0.55

which corresponds to random walk.

Using the hurst exponent and other features, we expect to have a set of robust feature

set to use in our classification algorithms.

4.3 Classification

Once we have extracted our features, we need to evaluate them for classification of
the target events. A total of 45 features extracted from the 9 primary sensor
measurement outputs were used to evaluate classification algorithms (Table 4.3).
Note that no cross-sensor features were calculated, and each feature is a window

operation on individual sensor arrays as detailed in the previous section.
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Table 4.3: Summary multivariate feature matrix

Measured Parameter Extracted
features
Temperature (°C) 5
Relative Humidity (%) 5
Volatile Organic Compounds (ppb) 5
CO2 (ppm) 5
CO (ppm) 5
NO: (ppm) 5
NOs (ppm) 5
PM 2.5 (ng/m3) 5
PM 10 (png/m3) 5
Total Number of columns in univariate feature matrix 45

The temperature features were ultimately not used in development of our algorithms.
The reason being the air conditioner in the adjacent lab. Since our tests were
conducted during work hours, temperature could be the only determining factor for
our binary classification and deeming the analysis unfair. Therefore, temperature was

eliminated from the algorithm development.

4.3.1 Binary Classification

The problem was prepared as a binary classification problem by treating background
labels as 0 and saturating the other classes to 1. In this section we will first explore
the behavior of our extracted features in the context of class separation by the use of
distribution plots. Later combinations of classifiers and features will be evaluated on

test data.
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4.3.1.1 Feature Distributions for the binary case (2 classes)

All 5 features relating to temperature were discarded after seeing the following plot.
The main reason is that none of our activities significantly effect temperature (even
cooking causes slow change of 1 degree). Also, the mean value of both distributions

overlap near the mean. Humidity data was kept as is as cleaning and cooking both

generate humidity.

Feature Distributions Temperature
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Figure 4.11: Class wise Temperature distribution for all features (Binary case)
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Figure 4.12: Class wise Humidity distribution for all features (Binary case)



The VOC features already show that the class separation is made apparent after
feature extraction is performed. The PM10 also shows a similar behavior where class

separation exists specially in the skewness feature.

Feature Distributions PM10
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Figure 4.13: Class wise PM10 distribution for all features (Binary case)

As apparent from the distribution a thresholding technique implied in [15] may not
performed since there is overlap in the distributions. Still, we can see that a feature

set, may be able to perform well on the task.

4.3.1.2 Performance of various classifiers on each feature set

We put our features to the test by feeding them into four different classifiers.
Decision Tree is a tree-based classifier which assigns thresholds using the Gini index
[32]. K-Nearest Neighbors uses distance metrics from points in the training set.
Linear Discriminant Analysis [33] is a projection-based technique that we have

detailed in the multiclass section.

Table 4.2 shows the F-scores of the candidate classifiers when fitted with single
feature sets. Each feature set contains 8 arrays corresponding to the unique sensor
measurements excluding temperature and processed through the specified extraction
technique.The combination with the best performance was the Normalized Skewness

used with the Decision tree classifier.
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Table 4.4: Comparison of classifier F-scores with single feature sets

Decision Tree Classifier K Nearest Neighbors Linear Discrimination Gaussian Naive
(K=100) Analysis Bayes
Train Test1 Test2 Train Test1 Test2 Train Test1 Test2 Train Test1 Test2

Raw 1.00 094 087 099 091 088 079 071 078 083 074 0.74 | 0.85

VAN 1.00 091 0.8 099 092 084 088 091 083 094 091 0.84 | 0.90

NSTD | 1.00 092 091 098 092 084 08 08 073 094 090 0.77 | 0.89

NSKW | 1.00 094 090 099 094 090 094 093 086 095 095 0.86 | 0.93

NKRT | 1.00 091 0.87 099 09 087 092 088 087 091 090 0.77 | 0.90

Hurst 1.00 091 0.8 098 093 085 094 093 080 091 091 0.77 | 0.90

Avg. 1.00 092 087 099 092 08 0.8 0.87 0.8 091 089 0.79

It was of our interest to evaluate if multiple feature sets could be used to make the

scores better. Figure 4.14 shows a plot where all possible combinations (5! =120 in

total) were evaluated, and the best combination selected at each combination step.

F-score of best combination

Figure 4.14: Performance of classifiers with multiple feature sets fitted

Combining Multiple Feature Sets

e cesssneeeeesraras @t A 0.923
__'__'_‘:r-‘-‘____ —_":H‘:::.\ ’,’ Ve
0.92 - o~ /"'“*-.__ "‘:\“,/ \\\
4 T~ N ~
-~ --"'" 3 s
g - -

- ’ = ~
091 //’ \\ °
o T~

s S TN
090 ¢ SOt
Te

0.89 -
0.88 1

—-@- Decision Tree
0.87 4 —&- Gaussian Naive Bayes

-®- LDA
0.86 - -®- KNN

1.0 15 2.0 2.5 3.0 3.5 4.0 4.5 5.0

Number of feature-sets fitted

40



It was observed that all classifiers other than LDA had poorer performance as more
and more feature sets were fitted. LDA only surpassed Decision tree when 4 feature
sets were fitted and deteriorated at the next step. Therefore, we validated that

decision tree with the NSKW feature set is the best choice. In the succeeding section

4.3.1.3 Decision Tree Classifier

The selected classifier is a decision tree classifier which has the following
performance on test sets.

Decision Tree on Test 1

Background

True label

Event

N
;}9

&

Predicted label
Figure 4.15: Decision Tree Classifier fitted on the Skewness Feature Set

Table 4.5: Performance of Decision Tree Classifier on Skewness Feature

Metric Value
Training Accuracy 1.00
Cross validation Accuracy (10 fold) 0.95
Precision 0.95
Recall 0.94
F1 score 0.94

Figure 4.16 shows the resulting Decision Tree classifier on the skewness feature.
This tree of heuristics can easily be deployed on a micro-controller and is very cheap

in terms of computation costs.
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Figure 4.16: Decision Tree Classifier fitted on the Skewness feature set
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4.3.2 Multiclass Classification

As discussed in the last section, the binary classification case was successfully
accomplished with single feature sets. Plotting the univariate distributions of the two
classes on page 37 made it obvious that a single feature set may be sufficient for
classification. This section will show how this is not the case for Multiclass
classification, and we will need to rely on the whole feature matrix defined in the

feature extraction section.

4.3.2.1 Feature Distribution of 4 Classes

Plotting the distributions for all four classes shows that background has a different
distribution than all the foreground classes, we see that no single feature is enough to

classify all the classes.

Feature Distributions PM10
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Figure 4.17: PM10 feature distribution for all four classes.

By running the classifier models on each feature set one by one, as done for the

binary case Figure 4.17 shows how single features are inadequate.
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Table 4.6: Weighted F-scores of multiple classifiers on each feature set

Decision Tree Classifier K Nearest Neighbors (K=100) Gaussian Naive Bayes Linear Discriminant Analysis
Train Testl Test 2 Train Test 1 Test 2 Train Test 1 Test 2 Train Test 1 Test 2 Avg.

Raw 1.00 0.65 0.50 0.91 0.64 0.59 0.62 0.56 0.44 0.78 0.65 0.49 0.65
VAN 1.00 0.69 0.65 0.89 0.70 0.59 0.66 0.60 0.45 0.68 0.74 0.54 0.68
NSTD 1.00 0.70 0.66 0.79 0.65 0.49 0.62 0.52 0.40 0.79 0.81 0.49 0.66
NSKW 1.00 0.70 0.68 0.92 0.72 0.65 0.65 0.52 0.39 0.73 0.66 0.50 0.68
NKRT 1.00 0.64 0.64 0.89 0.67 0.60 0.62 0.51 0.38 0.72 0.61 0.41 0.64
Hurst 1.00 0.67 0.63 0.90 0.63 0.50 0.60 0.50 0.36 0.79 0.72 0.57 0.66
Avg. 1.00 0.68 0.63 0.88 0.67 0.57 0.63 0.54 0.40 0.75 0.70 0.50

4.3.2.2 Classification on Univariate Feature Matrix with Linear Discriminant

Analysis (LDA)

LDA  Methodology [34]: The Linear Discriminant Analysis is a
projection/classification method that projects the n-dimensional feature space to a C

dimensional space in order to simultaneously:
1. Increase the distance between class means (Sg)

2. Decrease the distance within each class (Sw)

Sp = %ZNi (#i — ) (i — #)T‘
=1 4.9)

c
Sw=2 > (x—u) (% - u)'
=1 %€G (4.10)
Where C is the total number of unique class labels. This optimization is done by
obtaining a projection matrix W.
[W's,w|

W =arg mﬁxm,

4.11)
This procedure is very similar to Principal Component Analysis (PCA), but the key
difference is that LDA is a supervised method and maximizes the class separation in
the projected space, whereas PCA has no knowledge of true labels, and works to

project features to maximize the total variance [35]

LDA then generates a linear decision boundary, decision boundary, generated by

fitting class conditional densities to the data and using Bayes’ rule.
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Transforming our feature matrix of n=40 and 4 classes to a 3-dimensional space

using LDA we see that there is clear separation of classes for both training and test

sets.

Train Set LDA Background
Cleaning
Cooking
Smoking ®
3
4 -
2 M
£
0 o
5
-2 &
§
—4 S
ole
}‘5
-8
=6
Com. .~
0 0
mponent 1 2, e 6&0“
‘ 87'06% 5] oo
Test 2 LDA Background
Test 1 LDA Background Cleaning
Cleaning Cooking
Cooking Smoking  #
smoking £ “ @
= ¢
o P
é L
£ H
H
g E
£ 8
3 g
LDA Classification on Test 1 LDA Classification on Test 2
Background 0.8 Background 0.7
0.6
_ Cleaning{ oe _ Cleaning 05
2 2
= & 0.4
v @
E 0.4 g
Cooking 4 Cooking 1 03
0.2
0.2
smoking Smoking 0.1
0.0 0.0

Predicted label Predicted label

Figure 4.18: Performance of LDA classifier on all features. LDA Projections (Top),
Confusion Matrix (Bottom)
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Table 4.7: Fitting metrics for LDA classifier

Data Set Accuracy
Training 0.91
Cross Validation (5 fold) 0.80
Test 0.81

Table 4.8: Class-wise evaluation of LDA classifier

Class Precision Recall F1 Score
Background 92 84 88
Cleaning 73 71 72
Cooking 75 76 75
Smoking 76 79 77
Total 79 80 79
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Figure 4.19:L.DA Classifier Hypothesis on a unit from Test 1
(Blue=Background, Green=Cleaning, Red=Cooking, Black=Smoking)
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Recursive Feature Elimination (RFE)

After obtaining results on the full feature matrix it was analyzed if some features can

be eliminated to improve the results.

Algorithm 1: Recursive feature elimination

1.1 Tune/train the model on the training set using all predictors
1.2 Calculate model performance

1.3 Calculate variable importance or rankings

1.4 for Each subset size S;, i =1...5 do

1.5 | Keep the S; most important variables

1.6 [Optional] Pre-process the data

1.7 | Tune/train the model on the training set using S; predictors

1.8 | Calculate model performance

19 | [Optional] Recalculate the rankings for each predictor
110 end

111 Calculate the performance profile over the S;

112 Determine the appropriate number of predictors

113 Use the model corresponding to the optimal S;

Figure 4.20: Recursive Feature Elimination algorithm (RFE) [36]

RFE is a wrapper feature selection technique, which means that it works by
recursively fitting the features to obtain the best combination of features [37]. The
operation was conducted for previously discussed LDA, and Random Forest

classifier for comparison.

Ranked Features on LDA Ranked Features on Random Forest
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Figure 4.21: RFE feature importance for LDA and Random Forest Models
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Both the classifiers give more importances to different features, where random forest
is giving high importance to PM10, LDA is giving low to medium importance. The
figure was divided into the associated measurement parameters to see if any of the
sensor needs to be eliminated. In both plots, most Carbon Monoxide features have
low importance except one or two which have very high importance. Therefore, the
measurement cannot be eliminated.

Fitting classifiers on ranked features (Best to worst)

LDA Random Forest

N D D e
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o
]
@

=
4

Classification F-score
e
-

Classification F-score

0.2

— NULL — NULL
Cleaning Cleaning

—— cooking — cooking

00 — Smoking — Smoking

'

Figure 4.22: Adding ranked features one by one (Best first)

Figure 4.22 shows test scores as worse features were added to training matrix. Both
classifiers had their respective ranking for the matrix, it is of interest to see if
eliminating the worst features would have an effect on test performance. As we can
see in the plot for Random forest, we could easily eliminate features where the F-
scores are not improving. LDA on the other hand shows an upwards trend as more

and more features are added.

4.3.2.3 Classification on Feature Matrix with Neural Networks

Neural networks is a technique that is extensively used to solve machine learning

problems such as regression, classification, prediction and even signal synthesis.
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Figure 4.23: The Perceptron Model [38]

The biologically inspired perceptron unit takes a linear combination of the inputs,
puts them through a non-linear function, and obtains the output. These perceptrons
are connected in complicated ‘black-box’ type architectures. The large number of
tuning parameters for in a Neural Network are automatically ‘trained’ using the

training set examples through algorithm similar Stochastic Gradient Descent [39].

The training is an iterative procedure, where inputs are propagated forward through
the network, the output, for an untrained network is not equal to the true labels of the
training set, and the error is used in the backward propagation to update the

parameters.
The hyperparameters selected for our model were as follows:

Activation function: Identity
Optimizer: Adam

Loss function: Cross Entropy Loss
Regularization: 10

Validation fraction: 0.2
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Figure 4.24: Architecture of Multi-layer perceptron used
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Figure 4.25: Confusion Matrices of MLP classifier on each test set

Table 4.9: Fitting metrics for MLP classifier

0.7

0.6

0.5

0.4

0.3

0.2

0.1

0.0

Data Set Accuracy
Training 0.94
Cross Validation (5 fold) 0.83
Test 0.79

Table 4.10: Class-wise evaluation of MLP classifier
Class Precision Recall F1 Score
Background 92 83 87
Cleaning 71 70 70
Cooking 74 69 71
Smoking 61 85 71
Total 77 77 76
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Figure 4.26: MLP Classifier Hypothesis on a unit from Test 1 (Blue=Background,
Green=Cleaning, Red=Cooking, Black=Smoking)

4.3.2.4 Comparison of Multiclass Classifiers

Evaluating various classifiers, we concluded that cleaning is by a small margin the
most difficult to detect. This can be traced to the fact that as compared to smoking
and cooking, the convection of chemicals is much slower through the air. The

selected classifier is LDA because of consistent scores on all metrics and classes.
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5. CONCLUSIONS AND FUTURE WORK

This study successfully achieved the following deliverables:

1.

ii.

iil.

1v.

A sensor platform that measures 9 different air quality parameters, and has
the hardware and software required to publish the data to a MySQL server at

fixed intervals.

Indoor Activity Dataset, which is labelled for four classes; background,
cleaning, cooking and smoking. The total instances of each activity are 22,
with additional 10 tests just for background data. In total of 81 hours of Air
Quality data was captured throughout a course of 2 months, with metadata

documented.
Data analysis techniques from literature were evaluated with our own data.

A binary classifier was proposed based on Skewness features and Decision

Tree algorithm, with a test accuracy of 94%.

Two multiclass classifiers were proposed based on all extracted features. The
classifiers provided a test accuracy of 79% (Linear Discriminant Analysis),
and 81% (Multi-layer perceptron). LDA was preferred considering its

performance on Precision-Recall Metrics.

The current scope of the study however was limited to 3 activities only, and in more

or less similar test conditions. The next step would be to study these problems in a

more uncontrolled setting, possibly of a real household. Also, a closed loop system

that can predict activities based on long term forecast and perform actions can also

be studied.

Figure 5.1 Shows how this work could be extended to a closed loop smart-home

environment management system where activity detection could be combined with

forecasting and device control. Also, additional sources of data such as openly

accessible weather information, and additional measurement modules could be

combined to provide a truly automatic ambience control in the living space. To
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develop such a system requires a test living space, where additional sensors such as

cameras and door sensors could be installed for data labelling.

Was the action taken?

Data Sources:

Algorithm

OK, i opened it Maybe later

Weather data for locality

Outdoor Environment Sensors User Prompt

Short Term Behavior:
Detect Events

Long Term Behavior:

Historical sensor data

Indoor Environment Sensors Generate Forecasts

Control Smart Device

Air conditioning / Heating
Air purifier
Air humidifier

Historical sensor data

tion problems*:

indoor pollution
e HVAC usage
se Natural Light

Auto window openers
Auto curtains
Smart lighting

Figure 5.1: Closed loop environmental system for future studies

Another direction that can be worked on is the evaluation of Deep Neural Network
architectures such as Recursive Neural Networks, Long and Short-Term Memory
Neural networks which are known to work well for time series modelling, and
Convolutional Neural Networks, which could really work well in handling
dimensionality of data by organizing each time step as a frame and each sensor as a

pixel therein.
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APPENDICES

APPENDIX A: Feature distributions for the Binary case
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Raw Data Distribution

Feature Distributions VOC

WOC Vectar Array Normalization Distribution

VOC Normalized Standard Deviation Distribution
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Raw Data Distribution

Feature Distributions NO2

NO2 Vector Array Normalization Distribution

NO2 Normalized Standard Deviation Distribution
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APPENDIX B: Feature Distributions for the Multiclass case
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