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Bids lab %

building and urban data science

BUDS Lab is a scientific research group that leverages data
sources from the built and urban environments to improve the
energy efficiency and conservation, comfort, safety and

satisfaction of humans.

NUS http://budslab.org/ ,

of Singapore

The Age-0Old Question in the Built Environment

What do occupants want?

How do we understand what makes them feel satisfied with their
environment?

of Singapore




Let’s start with Thermal Comfort
The Traditional PMV-PPD Model is only accurate 1 out of 3 times

Overall prediction accuracy 34% n = 56771

¢ Observed Thermal Sensation D o 2w o 2 o
from ASHRAE Thermal e oo e
Comfort Database Il (56,771 B o —_—D :S:;t
sample) versus the Predicted 3 = 1| Clwarm
Mean Vote (PMV) model 3ol | | = e
* Accuracy on the seven-point :25025_ | o
thermal sensation scale is Il I Cold
only 34% oon | I =
Cold Cool Sl.cool Neutral Sl.warm Warm Hot

PMV,,.
Cheung, T., Schiavon, S., Parkinson, T., Li, P., & Brager, G. (2019). Analysis of the accuracy on PMV — PPD model using

N US the ASHRAE Global Thermal Comfort Database Il. Building and Environment, 153, 205-217.

Sisingapore ¥ https://doi.org/10.1016/j.buildenv.2019.01.055 >

Maybe factors like gender or age are the issue?

“There is no clear and consistent conclusions as to the significance and size of
inter-group differences in thermal comfort (between females and males, or the
young and the old).”

Gender-related Differences Age-related Differences
Chamber Test Field Study
Chamber Test Field Study
Significant (X 00000 2%
'Y X Significant 000 23%
Weak, P00® 00000 32%
significance k) Weak, O o0 23%
not reported significance
not reported
Insignificant © OO0 O 00000 39%
OO Insignificant ©® O ® o000 54%
Fig. 1. Literature summary on gender-related differences in comfort tempera- Fig. 4. Summary on age-related differences in comfort temperature.

ture.

@ N S Wang, Z., de Dear, R., Luo, M., Lin, B., He, Y., Ghahramani, A., & Zhu, Y. (2018). Individual difference in thermal
@ ol y - comfort: A literature review. Building and Environment, 138, 181-193. .
ofsingapore ~ https://doi.org/10.1016/j.buildenv.2018.04.040




Must be more factors to measure, right?
Looking at thermal, visual, and aural comfort — there are dozens of factors!

Can we create effective ways to measure or infer all these environment,
physiological, psychological, and behavioral attributes?
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Netonal ety Longitudinal Indoor Comfort Models. Buildings, 10(10), 174. https://doi.org/10.3390/buildings10100174 /

%@ N US Jayathissa, P.,, Quintana, M., Abdelrahman, M., & Miller, C. (2020). Humans-as-a-Sensor for Buildings—Intensive

Digitization of human perception in a scalable way!

Social media companies capture human perception using
innovation in the way they collect information:

5 @
1.8 8 SNGKe

They create digital platforms And capture specific
that provide value to users preference feedback in that
context

National University
of Singapore

ZINUS
%




How do we make a like button for spaces?

How do we get in-context preference data collection that is
specific to objectives related to satisfaction with spaces?

The built environment
has increased
complexity due to the
relevance of temporal
and spatial dimensions

BNUS
%

National University
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Post-Occupancy Evaluation Surveys State-of-the-Art

® suveys D) Modules | ® Questions 0 Buidings o Cients

Arcade Consulting South Tower

Occupant Indoor Environmental Quality Survey and

Building Benchmarking

Occupant surveys are an invaluable source of information regarding occupant satisfaction and workplace

effectiveness.

The UC Berkeley CBE Occupant

Survey is the gold standard for

collecting occupant satisfaction
data.

But it’s a single-use survey
limited use as a tool to ‘tune
buildings’ or build ML models.

Around 100k survey responses
(as of 2017)

https://cbe.berkeley.edu/research/occupant-indoor-survey-and-building-

& N
@ g‘g;;f;;%‘zjcge"s“y benchmarking/
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Growth of Quantified Self and Wearable Devices

e Measuring up
Learning fast The quantified self

United States, technology adoption
% of households

ECHNOLOG) Ly
‘Wearable fitness trackers and smartwatches are connecting health
care to daily life, says Slavea Chankova

100 N
Electric power i
80 > Killer ing lives:
60 et
40  Sources and acknowledgments
Telephone
landline 20
Automobile Internet “ . .
P - o In America smartwatches are catching on as fast as
T T T T T T T T T T T T N .
1903 20 40 60 80 2000 22 did early mobile phones.
Sources: Asymco; D. Comin and B. Hobijn, 2004; Deloitte In 2021 abOut one in f0ur Americans was eStImated
T'he Economist i
to own a smartwatch or fitness tracker.”
B ® NUS https://www.economist.com/technology-quarterly/2022/05/01/wearable-devices-are-
@ NetionalUniventty connecting-health-care-to-daily-life "

Ecological Momentary Assessment Methodology

Pioneered in medicine, psychology, and marketing, and advertising:
Ecological

* Real-world environment and experience

* Ecological validity

Momentary

* Real-time assessment and focus

Assessment

* Self-reported

* Repeated, intensive and longitudinal * a

* Allow analysis of process over time ﬂ
\__J

National University
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Cozie Platform: Collecting Occupant Data at Scale in the Built Environment

Cozie AniOS application for
IEQ and physiological data
collection Introducing cozie

\ Fitbit platf
Allows building occupants to provide feedback in real time it SR,

ST

https://cozie-apple.app/

https://cozie.app/

* Leverage smart watch and phone occupant interaction quickly and
easily to characterize built environments

* Open-source, scalable and available for FitBit and Apple Watch
* Collaboration with UC Berkeley CBE

NUS https://github.com/cozie-app

of Singapore
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Micro-survey (EMA) Watch-based Question Flows

Tailor your survey

a7 ) Choose which questions to show to the study participants

How would you
prefer to be?

Cooler

3:47 \\ 3:47 |\ { 3:48 \
|
e | i

3:48 \
No Change prefer to be?

\
What clothes are

you wearing?

0 Home O Very light
office (%) Light
Back stop | \ @ Medum

- ALEDLLY f

Where are you? LU CLL
completing the...
Cooler

Submit
Warmer

No Change Delete

|
- |
Warmer /

Back Stop

Tartarini, F., Miller, C., & Schiavon, S. (2023). Cozie Apple: An iOS mobile and smartwatch application for environmental
& N US quality satisfaction and physiological data collection. Journal of Physics. Conference Series._https://doi.org/10.1088/1742-
@ Ntional Uiversty 6596/2600/14/142003 4
of Singapore




First Deployment: Intensive Longitudinal Data Collection Across
Building/Districts/Cities

National University
of Singapore

BNUS
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Several deployments
have created already

= P, over 10k occupant
i feedback responses
v ]@ ‘ i : (o) &
BRRS P } o. ‘ that are geotagged to
V2 indoor and outdoor
locations

Jayathissa P, Quintana M, Abdelrahman M, Miller C. Humans-as-a-Sensor for Buildings—Intensive Longitudinal Indoor
Comfort Models. Buildings. 2020;10: 174. https://doi.org/10.3390/buildings10100174

Jayathissa, P., Quintana, M., Sood, T., Nazarian, N., & Miller, C. (2019). Is your clock-face cozie? A smartwatch methodology
for the in-situ collection of occupant comfort data. Journal of Physics. Conference Series, 1343(1), 012145. 15
https://doi.org/10.1088/1742-6596/1343/1/012145

Cozie Data Collection Infrastructure

-
Tier 1: smart-watch

— — — —
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Jayathissa P, Quintana M, Abdelrahman M, Miller C. Humans-as-a-Sensor for Buildings—Intensive
Longitudinal Indoor Comfort Models. Buildings. 2020;10: 174. https://doi.org/10.3390/buildings10100174




Scalable Field-based Data Collection
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Jayathissa P, Quintana M, Abdelrahman M, Miller C. Humans-as-a-Sensor for Buildings—Intensive
Longitudinal Indoor Comfort Models. Buildings. 2020;10: 174. https://doi.org/10.3390/buildings10100174
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* Environmental,
physiological and
near-body variables

* There are indications
of sensors can be
meaningful, but are
not capturing
everything

Jayathissa P, Quintana M, Abdelrahman M, Miller C. Humans-as-a-Sensor for Buildings—Intensive
Longitudinal Indoor Comfort Models. Buildings. 2020;10: 174. https://doi.org/10.3390/buildings10100174




Building New Types of ML-driven Comfort Preference Prediction Models

Time-Series @ Train a Classification Model to

Predict Individual Preference
Env. Sensors

Wearable Temp [[§_} [~ ’%;’g% 9 ?“

Heart Rate ?\ I
Room (Spatial £=8 { %% \
Ef)slzibble dl;e to Context) .'L”‘}A . . .
leld-pase
Longitudinal data Preference Features from Features from
History (9 Peer Preference e5ch Individual
— Group Only

B & NUS Jayathissa P, Quintana M, Abdelrahman M, Miller C. Humans-as-a-Sensor for Buildings—Intensive
@ Netonaluniversiy.— Longitudinal Indoor Comfort Models. Buildings. 2020;10: 174. https://doi.org/10.3390/buildings10100174

Thermal Comfort Prediction Results using Intensive Longitudinal Data

Feature Sets
Time (]
Environmental Sensors (]

Near Body Temperature
Heart Rate

Room

Preference History

* The model accuracy was highest with
Time, Near-body, HR, Room, and
Preference History

Grouped

Aural

0.96

Individual

0.88

* Most accurate models didn’t include
environmental sensors

Grouped

0.80

Visual

:3“0.72 )
* Grouped models consistently
. Foos oes 07 jouRl068 064 outperform individual models

Thermal

0.6 0.65 0.65|0.66|0.64 0.62

Individual

a:. a: a: a: [0 a:
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B & NUS Jayathissa P, Quintana M, Abdelrahman M, Miller C. Humans-as-a-Sensor for Buildings—Intensive
@ Netonaluniversty.— Longitudinal Indoor Comfort Models. Buildings. 2020;10: 174. https://doi.org/10.3390/buildings10100174




Next-Generation Personal Comfort Models using BIM and Spatial Proximity

Each node has a relationship with a cell and space
Each Cell node has an X,Y (Longitude, Latitude) locations

= Feeling i ‘ Hel 26° cell_xLocation
B | X Feeling I

cell_yLocation
.

S @ L ‘ \ (= 9ood

Temperature
sensor

wall types

e v et el

'
I
I
I
1
1
1
1
I
1
1

Can the proximity of '
occupants different parts of
the building context be good
predictors of comfort?

Building

space_type (office, plaza, meeting room, ..)
space_hvac (natural_ventilation, AC, hybrid, MV)
space_area

B & N S Abdelrahman, M. M., Chong, A., & Miller, C. (2022). Personal thermal comfort models using digital twins: Preference
U prediction with BIM-extracted spatial-temporal proximity data from Build2Vec. Building and Environment, 207(108532),

@ Netlonallniversty 08532, https://doi.org/10.1016/j.buildenv.2021.108532 ’t
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Next-Generation Personal Comfort Models using BIM and Spatial Proximity
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| 4. MEETING ROOM 5. GREEN HOME
—r | OPEN LAB Our model
Baseline with spatial-
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B & N Abdelrahman, M. M., Chong, A., & Miller, C. (2022). Personal thermal comfort models using digital twins: Preference
y US prediction with BIM-extracted spatial-temporal proximity data from Build2Vec. Building and Environment, 207(108532),
@ Sty 108532. https://doi.org/10.1016/i.buildenv.2021.108532
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Using BIM Models to Target the Optimal Areas to Collect Subjective Feedback
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B & N Abdelrahman, M. M., & Miller, C. (2022). Targeting occupant feedback using digital twins: Adaptive spatial-temporal
y US thermal preference sampling to optimize personal comfort models. Building and Environment, 218, 109090.
@ ety https://doi.org/10.1016/i.buildenv.2022.109090




Finding Cohort-based Comfort Models for different ‘Personality
Types’

Creating ‘phenotypes’ of comfort in
buildings to generalize across those

that don’t wear smart-watches || o
Dataset —» Model -» Prediction Coliok I

#.f
;

- v -

Population

i‘i = ADAPTIVE— 1}

’ Assign

> e > e
‘ Subjective Thermal Adjust

Comfort o

§ - ccm > &

Warm start

Personalised

i->PCM-> @

User subjective data [l Continuous data [l One-time sampled data  Number of data points: n >>m
N Executed once Executed continuously in buildings

1) N US Quintana, M., Schiavon, S., Tartarini, F., Kim, J., & Miller, C. (2023). Cohort comfort models — Using occupant’s similarity to

B predict personal thermal preference with less data. Building and Environment, 227, 109685. 25
ational University

@ of Singapore https://doi.org/10.1016/j.buildenv.2022.109685

Thinking Beyond Thermal Comfort

. .
Do your surroundings

Took lift, why? Why more privacy

. . o9
needed? increase infection risk?

Convenience

Less effort No stairs Not at all Alot

Building’s Impact Noise, Distraction Infection
on Movement and Privacy Risk Perception

We are working on question flows that enhance the ability to learn about
buildings from many dimensions!

—7 Miller C, Christensen R, Leong JK, Abdelrahman M, Tartarini F, Quintana M, et al. Smartwatch-based
N US ecological momentary assessments for occupant wellness and privacy in buildings. arXiv [cs.HC]. 2022.
@ i Available: http://arxiv.org/abs/2208.06080 - Presented at Indoor Air 2022




Results from Privacy and Distraction Survey

Areyou?

Focus 82%
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Miller C, Christensen R, Leong JK, Abdelrahman M, Tartarini F, Quintana M, et al. Smartwatch-based
ecological momentary assessments for occupant wellness and privacy in buildings. arXiv [cs.HC]. 2022.
Available: http://arxiv.org/abs/2208.06080 - Presented at Indoor Air 2022

Characterizing Occupant Interaction for Hybrid Work

Have you had a
. spontaneous

interaction since
your last survey?

(-} Yes
© No

Where are you
currently located?

cWork-in person

D Work-remote

(&) Home

&) Transportation %)

Other

With whom?
0 Supervisor
Coworker

Household
Member

Friend

Other

Please categorize
this interaction:

@ Collaboration
@ Distraction

@ Wanted
~ Socialization

Was this Did you initiate the
interaction interaction?
valuable? of the interaction?

Where were you
located at the time

Yes
No (e} Desk

(® Meeting Room

Did this €@ Halway

interaction impact
your focus? o Canteen

(-] Yes

Work-remote

Where are you
currently located?

(. Desk
@ Meeting Room

€) Halway

O Canteen

e Other

Y
Please selecta
description for the
interaction:

@ New Ideas
G Problem Solving

@ Task-related

G Advice
e Other

Partially e Other

No

If you had
another
interaction in this

time 'Period,
please fill out the
watch survey for
the other
interactions.

Submit Survey

- Maisha, K., Frei, M., Quintana, M., Chua, Y. X., Jain, R., & Miller, C. (2023). Utilizing wearable technology to
& N US characterize and facilitate occupant collaborations in flexible workspaces. Journal of Physics. Conference Series,
Nawonalunivesty 2600(14), 142009. https://doi.org/10.1088/1742-6596/2600/14/142009




Characterizing Occupant Interaction for Hybrid Work

For spontaneous interactions with either a coworker or supervisor:

Please Wasit Did you Did it impact
categorize: valuable? initiate? your focus?
Collaboration No
jies
Yes
Distraction Partially
No

No
Wanted Socialization Yes

Maisha, K., Frei, M., Quintana, M., Chua, Y. X., Jain, R., & Miller, C. (2023). Utilizing wearable technology to
I N US characterize and facilitate occupant collaborations in flexible workspaces. Journal of Physics. Conference Series,
@ Srsingapore ¥ 2600(14), 142009. https://doi.org/10.1088/1742-6596/2600/14/142009

Our current experiment: Just-in-time Adaptive Intervention (JITAI)
Messages

Iﬂ ) Acoustic noise level

3
> —@— Heart rate

Micro-Ecological Momentary g
Assessment (EMA) GPS

—
@ Weather data —P O\
\ O

Noise distraction Thermally, what

9 2
(8 nearby? (without do you prefer now?
earphones)

v

Intervention
Cooler
| @ None ® Just-in-time adaptive intervention Prediction
© Al @ Nochange (JITAI) Model
@ N o Warmer

The noise levels now
might be distracting -
consider going to a
quieter spot or putting
on earphones (if it is
safe)

The thermal conditions
now might be
uncomfortable -
consider adjusting your

location, thermostat, fan <—

etc.
Helpful Helpful

Not helpful Not helpful

- Miller, C., Chua, Y. X., Frei, M., & Quinana, M. (November 9-10 2022). Towards smartwatch-driven just-in-time
& N US adaptive interventions (JITAI) for building occupants. The 9th ACM International Conference on Systems for Energy-
@ ety Efficient Buildings, Cities, and Transportation. https://doi.org/10.1145/3563357.3566135




Development of Conditional Question Flows and ‘Chat-bot’ Style

ise distraction Thermally, what Where are you ? Alone or in Category of

ut do you prefer agroup? activity?
now? @ Indoor - Office &
Alone @ Focus

p —
No change Group @ Leisure
Indoor -

Online group (-} Other

Home

Warmer
@ oo ot
Cancel

N Cancel
Cancel 0 Outdoor

@ Transportation

Back Cancel What kind of
transport?

Bus

What kind of Wearing
noise? earphone L

Talking ° No earphones V:fh[;;ﬁlggg Car

Traffic e ER @ Individual Taxi Cz‘[e‘l‘]\(;‘l’;ff

Weather ° Nolse cancelling 9 Small shared Other Socalize
Appliances " o @ Large open plan Cancel @  cotavorate

@ Construction @ Cubicles @ Leamn
Q@ o @ conference room © ot

Back Cancel Back Cancel Cancel

Thank you!!!

Submit survey

Cancel

Miller, C., Chua, Y. X., Frei, M., & Quinana, M. (November 9-10 2022). Towards smartwatch-driven just-in-time
N US adaptive interventions (JITAI) for building occupants. The 9th ACM International Conference on Systems for Energy-
ety Efficient Buildings, Cities, and Transportation. https://doi.org/10.1145/3563357.3566135

Scalability of Data Collection across Singapore
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Miller, C., Chua, Y. X., Frei, M., & Quinana, M. (November 9-10 2022). Towards smartwatch-driven just-in-time
N US adaptive interventions (JITAI) for building occupants. The 9th ACM International Conference on Systems for
b e Energy-Efficient Buildings, Cities, and Transportation. https://doi.org/10.1145/3563357.3566135




Cool, Quiet City Competition — Creating Models for Recommendations

w?2s
v w
SoM

This competition includes the city-scale
collection of 9,808 smartwatch-driven
micro-survey responses that were collected
_ alongside 2,659,764 physiological and
mewews  €NVironmental measurements from 98

* Indoor - Class

288 people using the open-source Cozie-Apple
SRR s Platform
NUS https://www.kaggle.com/competitions/cool-quiet-city-competition/

%Nt ‘U
of Singaport

The New |dea of using an ML Competition using Wearable Data

Category of
activity?

a group?
Alone @ Focus
Group @ Leisure
Online group e Other

Cancel Back Cancel

No change

Warmer

What kind of
transport?

Thank you!!!

What kind -
of office? y @9 submitsurvey

Category of
Individual axi ScHiyz Back Cancel
acl ancel
)
@ noise canceling v Selishared r —

Back Cancel @ Largeiopen plan Back Cancel Collaborate

@ Cubicles Q Leam
Other @ Conference room Other

9@%@@9

Back Cancel Back Cancel

NUS Prediction Context Information - Part of
- Objectives the Training Data .




Building New Types of ML-driven Comfort Preference Prediction Models

S T

Time Stamp @ Train a Classification Model to
Outdoor Conditions Predict Individual Preference

- %> b
Noise, Heartrate, and other [[(ﬂ:; r ’%g .‘

Physiological data from the

N
watch ,
-
=
. Q 9 S
Spatial Context Features B Va:
oM
Historical training data from
Context Questions ¥ L)
On-Boarding Survey Information —
@ N U S Miller, C., Quintana, M., Frei, M., Chua, Y. X., Fu, C., Picchetti, B., Yap, W., Chong, A., & Biljecki, F. (2023). Introducing the Cool, Quiet City
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Coming soon: HEATS — Heat Exposure, AcTivity and Sleep Study
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Coming soon: HEATS — Heat Exposure, AcTivity and Sleep Study
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The Vision: Community-driven Scaled-up Data Collection and Sharing!
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The dream is to collect millions of data points from hundreds of thousands of people
worldwide to determine what makes people tick when it comes to satisfaction in buildings
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