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What makes Paris look like Paris?

Doersch et al. (2012)

Nice, KA et al. The ‘Paris-end’ of town?



Using neural networks
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Using neural networks
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Neural network training

Each model was trained until convergence for a total of 150 epochs,
using the Microsoft Cognitive Toolkit (CNTK) (Yu et al., 2015).
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Which is Melbourne? Or Paris?

The most representative images of Melbourne (left) and Paris
(right) according to neural network predictions.
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Training data for 3 neural networks

Four sample Google Maps (GM) neural network training data images for Paris, France. Neural network
was trained with 1.665 million images from 1665 cities. Reached a validation accuracy of 73.2%

Sample Google Maps Satellite (GS) neural network training data images for Adelaide, Australia and

Beijing, China. Neural network trained with 1.688 million images from 1668 cities. Reached a validation

accuracy of 99.4%
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Training data for 3 neural networks

Sample Google Street View (GSV) neural network training data image from Sydney, Australia (Google
Maps, 2017b) (A) and the processed segmented version (B). Sample Baidu Street View (BSV) neural
network training data image from Beijing, China (Baidu, 2017) (C) and the processed segmented version
(D). Neural network was trained with 1.074 million images from 1074 cities. Reached a validation
accuracy of 43.1%
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Sampling urban imagery

The sampling area for each city was chosen as a circular area aligned to the city’s centre, where the
radius r (km) of the sampling area was determined based on the population size p according to

Barthelemy (2016)
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Randomly generated locations to sample urban form in Hong Kong. 1000 images sampled from each
city. Large water-bodies (e.g., oceans but not coastlines) were removed from the sampling area.
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Evaluation locations for Melbourne and Sydney

Melbourne (23,027) and Sydney (24,596) evaluation locations at 400m resolution. No training was

performed using imagery from Melbourne or Sydney, so the evaluation forced the neural networks to

pick the most similar city to each evaluated location.
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Top 20 cities like Melbourne/Sydney using Google Maps
imagery

Melbourne evaluation Sydney evaluation
Predicted city Matches % matching Matches % matching
Brisbane, Australia 4062 17.6 2922 11.9
Beer Sheva, Israel 1671 7.3 3479 14.1
Canberra, Australia 1074 4.7 1770 7.2
Sunshine Coast, Australia 960 4.2 456 1.9
McAllen, United States of America 794 3.5 140 0.6
Valparaíso, Chile 431 1.9 383 1.6
Haifa, Israel 372 1.6 723 2.9
Gold Coast, Australia 361 1.6 265 1.1
Newcastle and Lake Macquarie, Australia 347 1.5 1214 4.9
Toronto, Canada 325 1.4 209 0.9
Kitwe, Zambia 303 1.3 - -
Pretoria, South Africa 303 1.3 - -
Auckland, New Zealand 285 1.2 293 1.2
Johannesburg, South Africa 239 1.0 - -
Perth, Australia 216 0.9 111 0.5
Philadelphia, United States of America 185 0.8 - -
Washington, D.C., United States of America 174 0.8 - -
Port Elizabeth, South Africa 162 0.7 - -
Virginia Beach, United States of America 143 0.6 235 1.0
Jerusalem, Israel 142 0.6 393 1.6
Tasikmalaya, Indonesia - - 238 1.0
London, United Kingdom - - 199 0.8
Adelaide, Australia - - 152 0.6
Denton-Lewisville, United States of America - - 143 0.6
Hong Kong, China, Hong Kong SAR - - 121 0.5
Osaka, Japan - - 113 0.5
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Plotting color scheme

Latitude/longitude based color scheme for plotting cities-like for
Melbourne and Sydney evaluations.
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Are Melbourne/Sydney like Paris using Google Maps
imagery?

Predicted similar cities using the GM neural network. Top predicted cities plotted using color scheme for

Melbourne evaluation locations and Sydney. Predicted Paris locations marked with black stars.
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Melbourne CBD GM neural network evaluation locations

Detail of Melbourne CBD, with predictions of Paris highlighted in red squares.
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GM model Paris-like locations

Gallery of ‘Paris-like‘ locations in Melbourne using the GM neural network.

Gallery of ‘Paris-like‘ locations in Sydney using the GM neural network.
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Are Melbourne/Sydney like Paris using Google Satellite
imagery?

Predicted similar cities using the GS neural network. Top predicted cities plotted using color scheme for

Melbourne evaluation locations and Sydney. Predicted Paris locations marked with black stars.
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GS model predicted similar cities

Satellite imagery of Melbourne, Australia (A), Adelaide, Australia (B), Campinas, Brazil (C), Jundiaí,

Brazil (D), Miami, USA (E), Provo, USA (F), and Wellington, NZ (G) Google Maps (2017a).
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Are Melbourne/Sydney like Paris using Google/Baidu Street
View imagery?

Predicted similar cities using the GSV-BSV neural network. Top predicted cities plotted using color

scheme for Melbourne evaluation locations and Sydney. Predicted Paris locations marked with black

stars.
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GSV-BSV model Paris-like locations

Gallery of ‘Paris-like‘ locations in Melbourne/Sydney using the GSV-BSV neural network.
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Is there a ‘Paris-end‘ of Melbourne or Sydney?

No
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Related work - City clustering based on confusion
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Clustering of similar cities - Examine health outcomes

Thompson et al. (2018)
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Summary and insights

We have created a method for objectively and consistently
defining city typologies and clusters.
Method uses easily accessible and globally consistent imagery
data.
Can explore how urban design can impact public health and
other urban issues.
Neural networks have no preconceived notions of what they
will find and use all of the data. Cherry-picking is right out.
Sometimes the neural networks can produce mysterious or
surprising results, requiring cross-disciplinary interpretation
(and perhaps some reverse engineering).
Different types of imagery can emphasise different urban
characteristics.
Sadly, neither Melbourne or Sydney can claim to have a
‘Paris-end’ of town.
The trained networks are available. Contact me if you want to
try it on your own town.
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