I|I'- ™™ senseable
1 =l k= k= city lab.




Prior Work



KEVIN LYNCH

W
W O
M "um\ ©F.

Perceptible urban elements Perceived urban image in Boston community



ALLAN JACOBS

_‘lL EAST SANTA CLARA
8 AUTO- ORIENTED AND MEDICAL
INFLUBNCES \
A BEAST SAN FERNANDS
w
E
—‘ b
Efl 2
o || v /
';l s' UPGRADING A
z § ‘GENTRIFICATION" g
v J
>
Al 2 (
2 L. = [ EAST WILLIAM \
) 7 77777777,
% ﬂ(/éﬁ: “ERY qum/.,é :
WALKING ROUTE IN NAGLEE PARK - SAN JOSE CLLLL04777, /'
“ﬁw*

Observing and Interpreting Naglee Park Visual Cues of Gentrification












Digital turning point



FEI-FEI LI

How come a toddler can
identify a cat and computers
cannot?




FEI-FEI LI




FEI-FEI LI

Dataset of images + labels
Machine learning to train classifier (training dataset)

Evaluate classifier on new images (testing dataset)



ImageNet

« 14'million Images anhotated into 20,000
categories
Benchmark to compare models



Image Classification on ImageNet

Leaderboard

TOP 1 ACCURACY

Filter:

Rank

1

2

100
90
80
70
60
so &

40

2011 2012

Model

CoAtNet-7

ViT-G/14

CoAtNet-6

ViT-MoE-15B
(Every-2)

Meta Pseudo Labels
(EfficientNet-L2)

Dataset

View

Five Base + Five'HiRes

AlexNet

2013 2014

Top 1

Accuracy

90.88%

90.45%

90.45%

90.35%

90.2%

1t

2015

Other models

Top 5
Accuracy

98.8%

Top 1 Accuracy

Inception VZ/
—e

SPPNet!

2016

Number
of
params

2440M

1843M

1470M

14700M

480M

v

Extra
Training
Data

by Date

2017 2018

-8- State-of-the-art models

Paper

CoAtNet: Marrying
Convolution and
Attention for All Data
Sizes

Scaling Vision
Transformers

CoAtNet: Marrying
Convolution and
Attention for All Data
Sizes

Scaling Vision with
Sparse Mixture of
Experts

Meta Pseudo Labels

v for

2019

Code

All models

Meta Pseudo Labels (EfficientNet-L2)
FixResNeXt-101 32x48d|

ResNEXt-101 64x4 g pcls
InceptiongV3.

2020
Result  Year
2 2021
5 2021
©° 2021
° 2021
4 2021

2021 2022

Edit Leaderboard

Tags

‘ Conv+Transformer ‘

‘ JFT-3B ‘

Transformer

‘ JFT-3B ‘

‘ Conv +Transformer ‘

" JFT-3B ‘

Transformer

‘ JFT-3B ‘

‘ EfficientNet ‘

https://paperswithcode.com/sota/imag
e-classification-on-imagenet
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ADE20K

« 25,574 images annotated at into 150
categories
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Passive Data
Collection
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100 Massachusetts Ave 9 H
Boston, Massachusetts §

. Google, Inc.
(T~ Street View - Aug 2017
B

United States  Terms

Report a problem



Al Perception Map
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Urban Perception Preference Dataset

PLACE PULSE ‘ 1,440,626 clicks ’ Vision  Rankings Maps Data  Papers  About

‘_ Which place looks safer ? = |

For this question: 461,770 clicks collected

Goal: 500,000 clicks

SEE REAL-TIME RANKINGS

RANK CITY CLICKS TREND RANK CITY

CLICKS TREND
1 Washington DC 8039 i | 54  Gaborone 5922
2 Toronto 27605 V1 55  Rio De Janeiro 31384
3 Minneapolis 6942

56 Belo Horizonte 16502

1,170,000 pairwise comparisons provided by
81,630 online volunteers

110,988 images from
56 cities, 28 countries, 6 continents

Six perceptual dimensions:
Safety, Lively, Boring,
Wealthy, Depressing, Beautiful.



Urban Perception Preference Dataset

PLACE PULSE I 1,438,221 clicks ] Vision Rankings  Maps Data Papers  About

Which place looks safer ? -

For this question: 460,623 clicks collected Goal: 500,000 clicks

New York Boston Chicago (June 6) Detroit (June 13) w o About FAQ Data

(=

% Approximate Address:
190 Avenue B, New York, NY 10009, USA

Perceived Safety:

3.9/10

Participate by playing the




Evaluating Perceptual Preference using Deep Learning

Street view image

Deep [T -2
_ s 26
Convolutional 0
Neural Network Bl
e T Deep Feature

Network in network

l

CIassifier SAFETY

Human Perception
. . . - . . . Classifier
Zhang, Fan, Bolei Zhou, Liu Liu, Yu Liu, Helene H. Fung, Hui Lin, and Carlo Ratti. "Measuring human perceptions of a large-scale

urban region using machine learning." Landscape and Urban Planning 180 (2018): 148-160.



Applying the model to new images

SAFETY

o

| | ‘ Deep Feature Human Perception
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Evaluating Street View Images in China using Deep Learning

* 250,000 images of Beijing
* 140,000 images of Shanghai

(Q safe <=3) (3<Qsafe<=7) (Q safe <=3)
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What visual elements are associated with perceptions?

)

Safety 6.3
Beautiful 5.3
Wealthy 5.5
Lively 6.0
Boring 2.3
Depressing 1.6

~——

Place Pulse
Perception Score

4

Image
Segmentation

Multivariate regression analysis

141’414

Objects
Viewshed Ratio

(............\

wall
building
sky
tree
road
grass
sidewalk
plant
car
sign
stairs
van

0.0013
0.1071
0.1700
0.2843
0.2251
0.1020
0.0033
0.0001
0.0973
0.0035
0.0002
0.0058

signboard

35



What visual elements are associated with perceptions?

safety depressing
tree 0.3023 | sty 02119~
grass - o.2063* | NG wall o.1431+= |
road - o.1594= N building - o.1291= I
car - 0.0894*** _ floor 4 0.1153%+* _
sidewalk 4 0.0889+** _ fence 4 0.0985++* _
plant 4 0.0852%* _ bridge - 0.0828%+* _
path 0.0842%+* _ field 0.0696++ -
house 1 o.0452* [ ceiling - 0.0676+ [
v | 0.0 | 0.0
bridge I -0 1099 river Il -0.03a5+
field 1 I, 01211+ car 4 B -0.0474%
earth 4 _ -0,125%+* house 4 - -0.0548***
building - B 01395 sidewalk 1 B 00561+
fence 4 _ -0.1549%+* path - _ -0.094 2%k
sky 1 I, 01357+ grass . 0117
floor - I 01895+ plant I 01509
wall I S 02399 vee{ IR 3355
-0.4 ~03 ~0.2 —0.1 0.0 01 02 0.3 0.4 -0.4 ~0.3 ~0.2 —0.1 0.0 01 0.2 0.3 0.4
Pearson Coefficient (*p<0.1, #*p<0.05, ***p<0.01)
Results:

Fan Zhang, Bolei Zhou, Liu Liu, Yu Liu, Helene H. Fung, Hui Lin, and Carlo Ratti. Measuring human
perceptions of a large-scale urban region using machine learning. Landscape and Urban Planning,
180:148-160, 2018

Greenery, vehicles, etc. are associated
with positive perceptions
Wall, buildings, large open sky, etc. are

associated with negative perceptions

36



Active Data
Collection



Infinite Corridor






MIT Campus

Other Buildings
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Data Collection

GoPro

Building 1_CO

Building 1_C1

Building 2_CO

Building 2_C1

Building 32_L0O

Building E25_CO

Building E25_C1

Building £25_L2




Deep Convolutional Neural Network

C G2 G3 C4 C5 FC OUTPUT

96 @ 55 x 55 256 @ 27 x 27 384@13x13 512 @ 11 x 11 512 35

INPUT
227 x 227




What features did the model learn?

Input images

Discriminative

Regions
Class Label: 22 Class Label: 20 Class Label: 5 Class Label: 26
R It Location: Building 66_C0 Location: Building 5_C1 Location: Building 16_CO Location: Building 7_LO
EEHTS Type: Corridor Type: Corridor Type: Corridor Type: Lobby

Confidence: 0.997 Confidence: 0.999 Confidence: 0.996 Confidence: 0.999



What features did the model learn?

Input images

Discriminative
Regions

Informative Location:  Building 7_LO Location:  Building 7_LO Location: Building 7_LO Location: Building 7_LO Location: Building 7_LO Location: Building 7_LO
Objects Target: Iron Main Doors Target: Iron Main Doors Target: Handrail Target: Handrail Target: Ceiling Features  Target: Ceiling Features



Spatial Analysis — Building Similarity

@ BuidingE19_CO

I BuildingE25_C*
'O"“"""QEW—CC. iidingE25_CO

@ BuiidingE17_CO @BuidingE25 10

@ Famding37_CO

o@c

@ Buiding14_C1

. @ Buiding14_CO
@3uilding2_CO
\7 e C

(A Iding1_CO

'@ Buiiding1_C1



Spatial Analysis — Building Distinctiveness

7
-
-

Distinctive Value

Unrelated
0.696 - 1.403
0.451 - 0.696
0.288 - 0.451
0.137 - 0.288
0.015 - 0.137



What makes the building look different?

Building 34_LO Building 14_C1 Building 68_C1 Building 8_L1 Building 4_CO



Al Station
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Show map of:

Ground level
Level -1

57,500 people

- o I \ ALL USERS

Density of trajectories

e

1 14,000 28,000

Mouse over the circles to see
the zones connected to that
area of the station
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Google Earth



POINTS

HUMAN

TOP LEVEL




Smart Curbs



Curbs are the urban asset of tomorrow.




Curbs are the urban asset of tomorrow.

Leverage Atrtificial Intelligence to
understand how curbs are used in
real-time, to better manage them.
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Measuring Human Activity

Approach
equip RATP buses with camera-
based system

1. Computer Vision Model
2. Hardware Design



Hardware Design
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Testing Al Model in Paris Street - Example
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Testing Al Model in Paris Street - Example

‘car 1000
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Crowdsourced
Images



[In]Distinct Cities
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Training Sample: Photos
Taken in City

3x3 conv, 64

_________________________________________

Amsterdam -

Bangkok 003y 001

Erl 003 002

Barcelona
Beijing 0.0

Berlin

Hong Kong

003 003 005 O

3x3 conv, 512

Architecture of Deep Convolutional Neutral Network (DCNN): ResNet-152

STEP I: City Discriminative Classification

Amsterdam
Beijing

Hong Kong
San Francisco
London

Labels: City Name

o ey

Photos in Taken in City

Rank Samples according to

Confidence Scores :

Object pg, ot

Crop

City-Informative Objects

STEP llI: Identifying City-Informative Scenes and Objects

Average accuracy

Zhang, Fan, Bolei Zhou, Carlo Ratti, and Yu Liu. "Discovering place-informative scenes and objects using social media photos." Royal Society
open science 6, no. 3 (2019): 181375.

Learning deep representations of urban
scenes using deep learning
Metric of similarity among cities; mining
most representative image samples

0.40

0.38 A

0.36

0.34 A

0.32 4

0.30 T T T T T T T T T

36k 72k 108k 144k 180k 216k 252k 288k 324k
Sample number

36% accuracy in the 18-city image
recognition task

(Given any street image, there is a 36%
probability of identifying the city it comes
from)



Amsterdam Bangkok Barcelona Beijing Hong Kong London Moscow New York San Francisco Singapore Toronto Vienna

P el 2
i r R A

Wit Han

City-informative scenes

Historical architecture
Religious sites

Unique urban scenes
Unusual natural landscapes




Bangkok

Barcelona

London

San Francisco

;
> — Y

Beijing

O City-informative Objects (vehicles)

Globalization has led to cities around the world
using the same vehicle brands and similar shapes;
however, interestingly, the model still uncovers the
vehicles that representative of each city, such as
cabs, buses, police cars, etc.

Other objects? Building facade, trees, store signs,
and dressing styles, etc.

Understand cities from a different perspective



Moscow 0.37

London 0.23 @

Berlin.O.ZO

Amsterdam 0.46 Prague 0.35
0.15
0.14

Paris 0.36

0.14

Barcelona 0.37

Vienna 0.24

Rome 0.50

4an Toronto 0.31
Beijing O. ®
0.17
@
. © ®o— ® New York 0.34
Seoul 0.44 0.15 San Francisco 0.33
Tokyo 0.36
Hong Kong 0.42
Bangkok 0.52
0.16
0.19
Visual Distinctiveness of Cities
Singapore 0.41 ®

Visual similarity & distinctiveness among 18 cities

Confusion matrix of the classification task uncovers the
visual similarity and distinctiveness of cities

http://senseable.mit.edu/indistinct_cities/



http://senseable.mit.edu/indistinct_cities/
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