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Mondays 10:00 - 12:00
051-0726-16L |2 ECTS*

f

Creative Data Mining
Intuitively Analysing Design Ideas

The goal of this course is to introduce various data mining
techniques for design and urban planning applications. Students
will learn how to select relevant data sources and collect their own
data using a “sensor backpack”. Various methods will be applied
to a common project to evaluate the predominant influencing
factors of the urban environment on our perceptual experiences.
A select neighborhood in the city will be used as a case study.
Final results will be presented in the last class.

The course will start with an initial overview to data mining and the
relevant mathematics as well as anintroduction to the programming
tool (RStudio). Then students will learn how to use and interpret
results from a machine-learning tool to cluster self-made design
sketches, which automatically generate qualitative collages.
Finally, students will collect data using a “sensor backpack” with
environmental sensors such as noise, temperature, illuminance,
and air particulates. Students will also generate the data for
perceptual quality in this neighborhood through time-stamped and
geo-referenced surveys and biofeedback wristbands. Students
will be given a work-flow to collect, process, analyze and interpret
this data which may be used in their final projects.

Where

HITH 12

Supervision

Danielle Griego griego@arch.ethz.ch
Matthias Standfest standfest@arch.ethz.ch

Prof. Dr. Gerhard Schmitt

Chair of Information Architecture
Information Science Lab
Wolfgang-Pauli-Strasse 27, 8093 Zurich
www.ia.arch.ethz.ch

22.02.2016

29.02.2016

07.03.2016

14.03.2016

21.03.2016

28.03.2016

04.04.2016

11.04.2016

18.04.2016

25.04.2016

02.05.2016

09.05.2016

Requirement

Course Description and Program

Course Introduction
Introduce data-mining techniques and case study

Introduction to the Environment
Introduction to R Studio and clustering

From analog to digital analysis
Use hand-drawn sketched to auto-generated collages

Seminar week (No lecture)

Analysis and interpretation |
Evaluate auto-generated collages

Holiday (No lecture)

Time-series data analysis and Urban Planning
Introduction to time-series analysis

Data collection with sensor backpack
Collect data and introduce workflows

Holiday (No lecture)

Analysis and interpretation Il
Evaluate sensor backpack data

Q&A Feedback Workshop
Finalise semester projects

Final iA critique
Combined critique with the other iA courses
(14:00 - 16:00)

Former knowledge of any digital tool or coding language is
most welcome but NOT required. You only need to provide a
reasonable amount of motivation and of course a notebook.

*Total 60 h =2 ECTS

Exercises 40% (documentations)
Final Presentation 40% (Final project)
Attendance 20%

The most recent outline will be found on www.ia.arch.ethz.ch
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Objectivity, Subjectivity, Colour

Student: Andrea Panzeri



Thesis Question

How can | analyze and judge objective and subjective data? How do they influence each other?
Is the color (or the absence of it) influencing our perception of the the urban environment?
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Conclusion
The objectivity of subjectivity (when what is personal becomes universal). The relativity of objectivity
(sometimes we like opposite qualities in different places).No more white buildings! (or maybe we just
like warm colors).

Data are more human than what | thought.
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City is only Noise

Student: Marco Jacomella

“Noise has various health, economic and social effects,
the occurrence and intensity of which increase as the sound level rises.”

- Noise pollution in Switzerland,
Federal Office for the Environment FOEN Bern, 2009

New Methods in Creative Data Mining |  Final project documentation
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Questions

Which effect has noise on spatial perception?

How much noise inflfluence personal perception?

How does noise impact the liveablity of a city?

New Methods in Creative Data Mining |

Final project documentation
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Survey 21st April, 2/3 P.M.

Hearing Impairment %
Alarmwert £SI1

Planungswert ESHT
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25 Surveys. Average

Hearing Impairment

Alarmwert £SIT

Planungswert ESHT
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A subjective reading
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A subjective reading
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Datainterpretation: radar chart
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Best/Worst

Point 1

ETHzirich

Point 3

Point 7 Point 8

Point 13
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Conclusions

* Correlation betweein noise and spatial perception
* BUT: many other factors should be considered:
maybe color?

e Ziirich is pretty noisy!
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Colour Schemes

Student: Ricardo Joss
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Is there a link of the pure color schemes of a place, to it’s perception of:

beauty / ugliness
lightness / darkness
openness / enclosedness

order / chaos

New Methods in Creative Data Mining |  Final project documentation
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JMW Turner, Ancient Rome, 1839
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Olafur Eliason‘s Studio

Olafur Eliason, Colour Experiment No. 58, 2014

New Methods in Creative Data Mining |  Final project documentation
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Method

k]
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1. Get a spherical Camera (A smartphone would work as well...)

2. Make a Photosphere of the Place
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3. Cluster the colors, to get the most dominant colors. (Test image taken form Google Street View)

k-Means Clustering of 3 Colours

1000 §

1000 2000 3000

=1

4. Run a k-means algorithm in R. Then wait. Then get a coffee. (Calculation time aprox. 30 Minutes)

ETHzurich New Methods in Creative Data Mining |  Final project documentation 59



6. Original
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7. Again, just the three most dominant colors.

8. 12 most dominant colours.

New Methods in Creative Data Mining |  Final project documentation
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12 most dominant colors sorted by Hue.

‘Without clustering. All colors are present. Sorted by Hue.

mll most dominant Colors sorted by Hue with Gaussian-Blur of 12 Pixels.




Position 1 - 12 Colors

Position2 - 12 Colors

Position3 - 12 Colors




Position 4 - 12 Colors

Position 5 - 12 Colors

ml’osilion6 - 12 Colors
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Position 7 - 12 Colors

Position8 - 12 Colors

66 Position9 - 12 Colors



Position 10 - 12 Colors

Position 11 - 12 Colors

E'HPosilion 12 - 12 Colors - Red Sunblind
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12 Colors
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Position 12, Red Sunblind
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12 Colors
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Position 12, Sky
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Outstanding Positions according to the survey

12 Colors
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Light - Dark Beautiful - Ugly

Open - Enclosed Ordered - Chaotic

Position 5, rated as ugliest
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12 Colors
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Light - Dark

Beautiful - Ugly

Open - Enclosed

=

Ordered - Chaotic

Position 7, rated as enclosest

New Methods in Creative Data Mining

Final project documentation
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12 Colors
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Light - Dark

Beautiful - Ugly

N

Open - Enclosed

1N

y-

= Ordered - Chaotic

Position 11, rated as most open
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Light - Dark Beautiful - Ugly

Open - Enclosed Ordered - Chaotic

Position 13, rated as most chaotic
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12 Colors
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Light - Dark

/I
N

Open - Enclosed Ordered - Chaotic

Position 14, rated as darkest
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Best & Worst according to the survey

Most Beautiful

Position 3 + 64%
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Ugliest
Position 5 -22%
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Lightest
Position 3 + 66%
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Darkest
Position 14 +11%
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Most Open

Positon 11 +65%
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Most Enclosed

Position 7 - 18%
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Most Structured

Position 7 +61%
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Most Chaotic
Position 13 -31%
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Overall best

Position 3 + 55%
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Overall worst

Position9 +4%

ETHzurich New Methods in Creative Data Mining |  Final project documentation 91



[w—y
S
=)
%
=
o)
=
77

92 New Methods in Creative Data Mining |  Final project documentation iA::.



ETHzurich New Methods in Creative Data Mining |  Final project documentation 93



All Positions - 12 Mostdominant Colors
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Is there a link of the pure color schemes of a place, to it’s perception of:

beauty / ugliness
lightness / darkness
openness / enclosedness

order / chaos

Hard to say. Because...

- big difference in daytime, weather, etc.

- spherical distortion

- no color metering, white and color balance, etc.
- camera is specific to one point

- people judge not by point but by place

- neither green (plants) or blue (clear sky) influence

96 New Methods in Creative Data Mining |  Final project documentation
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... and just for fun:
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12 Colors
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Shinjuku, Tokyo, JP
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12 Colors
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Rainbow Road, Mario Kart 64, Nintendo 1996
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Favela by Day, 12 Colors

Favela by Night, 12 Colors
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Crowds

Student: Robert Schiemann



Example: “Sensalytics”
Counting visitors, finding Hot-spots, knowing location details.

Suitable for stationary stores, events, fairs and public buildings.

Source: https://sensalytics.net/en
106 New Methods in Creative Data Mining |  Final project documentation




Schwellwert
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Example: “Sensalytics”

Get data in real-time.

Source: https://sensalytics.net/en
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Urban WiF1 Characterization via Mobile
Crowdsensing

Arsham Farshad and Mahesh K. Marina

The University of Edinburgh

Abstrgct—We presenl a mobile crowdsensing approach for
urbun WiFi characterization thal leverages commadity smari-
phones amd the naloral mobility of pesple. Specifically, we repart
measurement resulls obdsined for Edinburgh, o representative
Euvropean dty, on delecting the presenoe of deployed WiFi APs vin
the mubile crowdsensing approach. They show thal few channels
in Z48GHz are heawvily wsed; in contracl, there is hardly any
wolivily in the S(zHz band even though relatively it bax o grester
number of available channels. Spatial analysis of specirum usage
reveals that mulual interference among nearby AFs operating
in the same chanoel can be a serious problem with aroand 10
APy contending with esch olher in many locations. Ve find
that the characteristics of WiFi deployments at dty-scale are
similar Lo that of YWiFi deployments in public spaces of different
indoor environmentis. We validale our approach in comparison
wilh wardriving: amd also show that owr lindings gemnerally malch
wilh previous studies based on olher messurement approaches.
As an application of the mobile crowdsensing based urban WiFi
muoniluring, we oulline a cloud based ¥WiFi rooter conliguration
servive for betler inlerference management with global awaremess
in urban aress,

[. INTRODUCTION

Significant imerest in mobile plone seasing in recent vears
can be atiributed to several factors, including: thelr vhiguitous
nature; rapid evolution oward smasiphones with several buili-
i sensors; carricd by humans, making them patural o be
used for “mobile” sensing: and the possibiliny of leveraping
the cloud via several available connectivity opticns for com-
puting power, storzge and “‘centralization”. Mot surprisingly
then, mobile phoae sensing applications have been realized or
cavisioned in diverse domains (e.g., transpostation, socizl net-
working, health monitworing) [1], [2]. When & group/communiny
of participants {a crowd) is engaged with suitable incentives,
mobile phone scasing hecomes cven more compelling for
continual and finc-grained spatic-temporal monitoring of the
phenomenen of interest in a cost-effeciive manner. Indeed, as
Miao et al. note in [3]. the focus of mobile sensing rescarch and
applications is shifting towards mobile crowdsensing, which is
defined as “individuals with sensing and computing devices
collectively share data and extract information o measure
and map phenomena of common interest™ [4). Sevesal mobile
crowdsensing applications have been developed and deployed
(e.g.. [5], [6]) and it remains & very active area of research.

We consider the application of the mobile crowdsensing
paradigm 10 wircless network monitoring. Besides the many

This work was sepponed in pant by a Crco Rescanch Award
QT ] T e AR IE! 2014 EEEE

Francisco (arcia
Agilent Technologics

sensors, modem mobile phones featuse several wireless net-
work interfaces as connectivity options (e.g.. cellular, WiFi,
Bluctooth, WFC). Discussions of mobile phone sensing have
been mostly centered around the use of built-in sensoss andfor
specialized add-on sensors (e.g., Gashobile [5], CellSoope’,
WETRA®) with connectivity options serving s a means for
data sharing {see [2], for exampbe). We expand this commonly
held view 1o trear network interfaces also as sensors. GPS,
which is an integral pan of all smanphones today, presents
an cxample of & network intesface that sits at the boundary
of these two views — GPS i3 seen a5 a location sensor for
mobile phone sensing applications wheseas it is acually a BF
communication system in which GPS receiver on & phone uses
signals transenitted from setellives for localization. Technical
specifications of some smartphones do acknowledge this view.
Sec [7], for cxample. A more obvioos example is the uwse
of cellular interface on smanphones for crowdsourcing based
activelpassive measurement of mobile networks as in [8], [9].
As yet another example, in a recent work [10], we developed
a sveiem that exploiis the WiFi inerface on smarphones
for low-cost and aucmated moaioring of WiFl neoworks in
indoor cavironments like enterprises and public buildings (...
shopping mallaj

[n this paper, we focus on mobile crowdsensing based
characterization of WiFL deplovment and eonfiguration in
urban arcas at & city bewel using the WiFLD interface on smart-
phones 85 & measurement sensor. Specifically, we repoet resuls
from & mobile crowdsensing based WiFD measurement study
condocted in Edinburgh, leveraging pamicipants with mobdle
phones raveling on public rarsporn buses. Our findings and
contributions are as follows:

«  WiFl spectrum usgpe B guite unevenly distribated
across 2.40GHz and SGHz unlicensed bands as well as
among varions channels within the 24GHz (section
VA

a  Many WiFi access points (APs) coatend on the same
channel with around 10 other APs {and their clicoms)
i the pearby wicinity, thereby potentially experience
severe interference. This is a result of the common
practice of uncoordinzted and non-adapive channel
assignment o home WEFE rowters which are often left
b wse preset factory configuration setings for chanpel
ecic. (section [V.H).

a  Wealso leok into the distribution of open APs, which
could be leversged for wvehicular WiFT access [11].

1 el el lscope, berkeloy, ol
nmpciwe hmeda. miL st~ pamplone™SNE THAS

Example: “Urban WiFi Characterization via Mobile Crowdsensing”

Analysis concerning the WiFi quality in cities.

Source: http://ieeexplore.ieee.org/stamp/stamp.jsp?arnumber=6838233
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Min Median  Mean  Max
Location Error {m) 4 # 96 1095
1]
Total number of measurements (scans) 147488
Distinet measurement locations 11225
Distinet APs detected 13500
Distinct open access APs detected 2077

(30

Fip 1. fa) Mok crowdeensing beded WiE: AF scenning messuremenis
shiwn & @ beatmagn, (b) Location eror siatistics (o ihe colleciad measerement
dataser (C] Flliered measuremenl daiisel SUMmary.

II. METHODOLOGY

Our mobile crowdsensing based arban Wik characteriza-
tion study is done using Android phones, specifically Samsung
Galaxy 5 I [7] phoses which feature a B02.1 lafbiph radio
that can operate in both 2. 4GHz and 5GHz unlicensed hands.
Wi rely solely on passive scanning based measurement, lis-
teaing o0 AP bescons. The information available at the wser
level with the Android APL for passive scans is limited oo
551D, BSSID, channcl, RSS1 and the security scheme in use.
For the measurements, we use the freely available RF Signal
Tracker app [24], which keeps passively scanning for WiFi
acecss poanis (AP} in the background every three seconds
or on passing 5 meters; it locally stores the result of each
scan tagped with GPS location and timestamp on the phone
ima C8Y file. As this app does not log location errors and is
nol open source, we have a developed an auxiliary app that
runa alongside and recosds location errors. Measurement data
from phones is subseguently transfesred o a back-end server
where custom python scrips & used to import the data into
a database, which then is used for funher gquerving, analysis
and mapaing of data.

As mentioned an the outset, our urban WiFi characierization
focuses on the eity of Edinburgh, which is a tvpical European
city [25] — smaller in size and densely populated, cspecially
in the ceates. For proof-of-concept and wider spatial coverape
with fewer pamicipanis in a shor measurement period, we
focus on a8 measunement scenario where paricipants are ravel-
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Fig. 1.
v the deicsind AP

Relstvve usige of diferem chonnels soroes 2A0GH? and 3004z hands

ling on public ranspost vehicles. Specifically, our measurement
resulis are obzined from phoncs casried by panicipants during
the tmes they trevel ar low w moderae speeds on bases
in the city operated by a local bus company called Lothian
Buses [26]. In this sense, it follows a participatory sensing
approach along the lines of earlier urban air'nodse pollution
monitoring studies [5], [6]. Measorements repored in this
paper cosrespond to traveling ower 31 buses over a 15 howr
period in woial. Note thet in principle crowdsowrcing based
measurement can be done in a fully opporunistic manner,
covering all modes of movemen: inclading walking, standing,
ete. The lmits we place are for above mentioned reasomns.
Also note that there is an assompiion underlying our smody
that vizsible APs from next-door neighbors can also be seen
from the street and vice versa,

Fig. 1iz) shows the total set of measurements as a heatmap.
Red arcas in the map indicate places where there is a high
denmsity of APs as well as those places with multiple mea-
supements doe o overlapping road segments between different
bus soutes. Fig. 1(b) liss the location efror stabistcs acfoss
all measuremenis in our dataset. 'We observe that while the
maximum error can be over 1Km reflecting bocarions that do
nod get & GFS fix, the error is under 50m in 953% of the cases
To obiain reliable spatial distribution of APs on the map, we
filzred out the 5% of the measurements with location ermors
greater than 30m. Fig. 1(c) presenis a summary of the resuliant
dataser From closer inspection, we obscrve thal majority of
the APs correspond 1o home WiFi networks intesspersed with
the rest (e.g., 'WiFi hoispots).

IV. RESULTS

A Spectrum Lsage

We hegin by looking a1 the channel wsape of WiF APs
in our dataset Fig. 2 shows the relative osage of differen:
channels across 2 40GHz and SGHz bands. Clearly, the channel
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Backpack data heatmap

There seem to be days with fewer people on the streets.

Assumption: Bad weather is responsible for this.

Question: Is there a link between the weather and the amount of people in the streets?
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Raw data input

Representing all the participants WiFi sniffer data on one map
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age data of all participants.

verage values for better display. Creating a standard path with the aver.
em to be some areas with more peopl the street
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Survey data

The surveys that were taken along the path show some deviations from the WiFi data.
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Site impressions

Two points seemed likely to be crowded ones. Cafes and pedestrians on the streets i
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Site impressions

The two others seemed to be rather empty.
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Stationary devices?

Possible Reason:
Code contains also stationary devices and for some reason there are many of them.
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Raw data

Raw data shows a large amount of stationary devices at mentioned point. i
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Triangulating
Is it possible to determine the exact position of people via WiFi tracking?

Triangulating

Is it possible to determine the exact position of people via WiFi tracking?
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