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A We apply computer vision to predict human perceptions of
place to potentially uncover the image of the city [1]
A We analyze the generalization of vision models for urban
perception to other regions, cities or points in time.
A We propose a collective prediction based on geographical
smoothing.

Place Pulse 1.0 Dataset [2]
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Which place looks safer? wealthier? more unigue?
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Score images based on the proportion (W, L) and number (w, I) of times they
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Classification

Feature representation: Fisher Vectors + SIFT (FV)

[S] Safety
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[U] Unlqueness

— Test set: New York City

— Test set: Boston
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— Test set: New York City
— Test set: Boston

— Test set: Boston

— Test set: New York City

Regression

— Test set: Boston

— Test set: New York City

W] Wealth

di sregar ded

— Test set: New York City
— Test set: Boston

— Test set: Boston
— Test set: New York City

Test on New York

Test on Boston

Training
data

Metric

Gist

SIFT+
FV

DeCAF
[3]

Gist

SIFT+
FV

DeCAF
[3]

New York

Safety

0.64

0.69

0.68

0.64

0.65

0.70

Unique

0.53

0.52

0.55

0.50

0.44

0.52

Wealth

0.61

0.65

0.65

0.57

0.60

0.66

Boston

Safety

0.60

0.62

0.64

0.67

0.67

0.72

Unique

0.45

0.38

0.46

0.52

0.49

0.55

Wealth

0.56

0.56

0.60

0.59

0.64

0.68
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City: New York City
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Generalization Across Time

The same place in 2011 and 2013
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Extrapolation to other regions at a higher density
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Training using label annotations from 2011 but image data from 2013

Test on New York

Test on Boston

Training
data

Metric

Gist

SIFT+
FV

DeCAF
[3]

Gist

SIFT+
FV

DeCAF
[3]

New York

Safety

0.54

0.59

0.56

0.52

0.53

0.56

Unique

0.44

0.45

0.44

0.41

0.36

0.44

Wealth

0.53

0.57

0.55

0.47

0.49

0.56

Boston

Safety

0.51

0.49

0.52

0.55

0.58

0.58

Unique

0.40

0.35

0.42

0.42

0.37

0.45

Wealth

0.50

0.48

0.52

0.52

0.54

0.59

Safety Heatmaps

Predictions on Boston

Wealth scores

Predicted wealth scores

Collective Prediction

Objective function
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http://www.cs.unc.edu/~vicente/urban

European Conference on Computer Vision (ECCV) 2014. Zurich, Switzerland

Predicted wealth scores

model trained on

Images of New York City.

Image
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Isolated prediction (SIFT + FV)

0.6077

0.4420

0.5755

|solated prediction (DeCAF [2])

0.5929

0.4652

0.5613

Collective prediction (SIFT + FV)

0.6069

0.4457

0.5700

Collective prediction (DeCAF [2])

0.6089

0.4777

0.5545

Generalization to other cities
Clty Chlcago

Most

Medium

AaJes pajoipald 1saybiH

h d o @ Y heswolde E &
. % N3 taff ; > cerlea
staff Mt Washingt & Overl Mt Washingt 3 é\@
N o (‘_f__o) alen 5
140) Gien . S
Pimi 7 fun! =
Arling! . 7/ Adington :
=\
o = f .
L 129) - @) Ludy Hith ::rriﬁg‘ S Y
) 5~ % G 4
b - ) S e T y
s ) i Park . | = Gwynn/Dak
Gwyn Qak S Hopkihs i\ _' = “W
ond = University D \‘ ,;SA"'J
: &
e o LAS) Rosedal
Druid Borchy
{ P
: | Park -
2. ooaomemont = ‘to* Ofiver . 41T NArmistea d L
wy ns Falls/ 2 : d iwynns Falls/
P e € Leakin Park
eakin Park 8 X 5\»‘;\«‘4
S N s § - eans Edmondson
o Edmondson Ave e O | e : : g 151 i
EB 3 alt' re $JosephLe
pam 1\ SRS ) :
e . § Canto LnsB: :Gtﬂ & Irvin
Irving \\W“g . el SER ]
le Heiah = le Height
P A= 3 0y LS rell = ol
o/ L4 o) i - Marfell Park 7 L & Seagirt Marige
pslek j@‘ : " Jié).‘ SeadiyMariije . f < Weltport = Terg al. Pott
7’ Westport e vm b .z Terminal, Pott ] b o 4 i of Balti imore
\\ é i %’M"",“  of Baltimore 3 ) SB (299) . D
2 3 .@ 5 ) : D, ey | Lakeland J :
N /7‘;" LekSndiX 2 [ b, ‘4 o Vcherry Hill'Sy § Dundalk
’:‘I & 'Cherry Hill g M Dundalk ‘\\;Z?'(/@ ,l‘.v/" y .
:{:' (Ig g 4 S A J\/
\" L SSSSSSSSS f 4 Haleth P ﬂﬂSUONl‘IE{ Ty (_
{ S = 7 | Brooklyn B 63
== Haletho rpe! i 7 rookiyn (e 5 i ' 4 ¥
o el Gu 0z =l
= S % 2 ! o&
% 2 NS dErookly & % 2 il = A_ﬂ_ﬂf’rp kly .&‘\
2 T | Park & g 3 e
& e N ' ) a7 ey % : : (S
a iy’ L | & B % 2 S\ Curtis Bay. Curtis Bay of
¥ %o 2 Bay.. Curtis Bay c, S | 2 £
el L //_//-'v.\«" 2y o ) o vﬂ// \\ Pumphrey 1 <
& < \ Pumph w .1 3 & @: Q¥ { P

Predicted wealth scores Income statistics [4]
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