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Task

Perceptual characteristics of city images

1) Safety
2) Uniqueness
3) Wealth




Data

1) Place Pulse 1.0 -> Pairwise comparison -> Perceptual score (NYC & Boston)
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2) Unscored sampled data from Google Streetview APl (NYC, Boston, Chicago &
Baltimore)



Data representation

o Gist
SIFT (Scale-invariant feature transform) + FV
e DeCAF (Deep Convolutional Activation Feature)

nn.Sequential {

[input -> (1) =-> (2) -> output]

(1): nn.Sequential {
[input -> (1) -> (2) -> (3) -> (4) -> (5) -> (6) -> (7) -> (B) -> (9) -> (10) -> (l11) -> (12) -> (13) -> (14) -> (1
(l): nn.SpatialConvolution(3 -> 64, 11x11, 4,4, 2,2)
(2): nn.SpatialBatchNormalization
(3): nn.ReLU
(4): nn.SpatialMaxPooling(3x3, 2,2)
(5): nn.Spatialconvolution(64 -> 192, 5x5, 1,1, 2,2)
(6): nn.SpatialBatchNormalization
(7): nn.ReLU
(8): nn.SpatialMaxPooling(3x3, 2,2)
(9): nn.SpatialConvolution(192 -> 384, 3x3, 1,1, 1,1)
(10): nn.SpatialBatchNormalization
(11): nn.RelLU
(12): nn.SpatialConvolution(384 -> 256, 3x3, 1,1, 1,1)
(13 nn.SpatialBatchNormalization
(14 nn.ReLU
(15 nn.SpatialConvolution(256 -> 256, 3x3, 1,1, 1,1)
(16 nn.SpatialBatchNormalization
(17 nn.ReLU
(18): nn.SpatialMaxPooling(3x3, 2,2)

}

(2): nn.Seguential {
[input -> (1) => (2) => (3) -> (4) => (5) -> (6) -> (7) => (B) -> (9) -> (10) -> (11) -> output]
(1): nn.View(9216)
(2): nn.Dropout(0.500000)
(3): nn.Linear(9216 -> 4096)
(4): nn.BatchNormalization
(5): nn.ReLU
(6): nn.Dropout(0.500000)
(7): nn.Linear(4096 -> 4096)
(8): nn.BatchNormalization
(9): nn.ReLU
(10): nn.Linear(4096 -> 1000)
(11): nn.LogSoftMax
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Classification

Two classes:
| 1 if rank(qgix) in the top §%
Jik =\ -1 if rank(g. k) in the bottom 6%

Linear SVM with L2 regularization and squared hinge loss function
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Results

1. Predictability

2. Unigueness
less accurate

3. Generalization

Training set New York City
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City: New York City
Wealth [w]
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Regression

Linear with L2 regularization
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NYC >
Results '

1. Generalization across time
a. 2011 and 2013

tramncd on images of New York City.



Collective Urban prediction

Graph approach K = 10, Euclidean distance

Visually similar images should be encouraged to take the same label, and
images that are spatially close to each other should be encouraged to take the

same label.
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Fig. 7. The input map on the left are isolated predictions of perceptual safety for
New York City. The next two images are joint predictions of safety funsafety using our
collective model with different smoothing parameters.

Continuous Regions



Additional Validation
NYC using the Streetview API data

Baltimore using Income/Crime Statistics
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a. The map on the left shows household income statistics, b. The map on the left shows homicide statistics, the map
the map on the right shows our predicted scores. on the right shows our predicted safety scores.



More Recent Work (Aua 2016)

-Larger Scale

-Siamese Network
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Abstract. Computer vision methods that quantify the perception of
urban environment are increasingly being used to study the relationship
between a city's physical appearance and the behavior and health of its
residents. Yet, the throughput of current methods is too limited to quan-
tify the perception of cities across the world. To tackle this challenge, we
introduce a new crowdsourced dataset containing 110,988 images from
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