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Beyond visualization: Understanding human scale urban form with the lens of geotagged pictures
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• OpenCV, $#4)�12�����#� �� (www.opencv.org)

• Clarifai, Powerful and affordable visual recognition API 
(http://www.clarifai.com)

• CloudCV, 4)�12API (http://www.cloudcv.org)

• MatLab, &�4)����8"��!��
(http://www.mathworks.com/products/matlab/)

• ESRI ArcGIS, GIS(:���-4 (www.esri.com)

• DepthMap,(:
��"6� (http://varoudis.github.io/depthmapX/)

• Python,79+/�53 (www.python.org)

• Urban Network Analysis Toolbox,��.,����*
(http://cityform.mit.edu/projects/urban-network-analysis.html)

• Big Models,���%'0� (http://www.beijingcitylab.com/projects-
1/9-big-model/)

• GeoHey, �1	�� (https://geohey.com)
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• BCL DATA 25 (http://www.beijingcitylab.com/data-released-1/)

• http://webscope.sandbox.yahoo.com/catalog.php?datatype=i&did=67

• ������
�	�API��

Flickr
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• '��Google�	$����!���#��Google 
Earth�������������������&
"����� %�����
��Google Earth�
Google�����

• http://www.panoramio.com/api/widget/api.html

Panoramio
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• www.weibo.com
• http://open.weibo.com/wiki/2/statuses/public_timeline
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http:// Image.baidu.com    http:// Images.google.com   http://bing.com/images
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• Curtis, A., Blackburn, J. K., Widmer, J. M., & Morris Jr, J. G. (2013). A ubiquitous method for street scale spatial data collection and analysis in challenging 
urban environments: mapping health risks using spatial video in Haiti. International journal of Health Geographics, 12(1), 1-14

Figure 2 Spatial patterns of coded variables from the video. Kernel 
density of population, water risks, and school locations (a) and a
comparison of spatial video population with alternative pre-earthquake 
census estimates (b).

Figure 1 Examples from the spatial video “Storyteller” software 
showing two of the health risks analyzed in this paper; standing 
water (a) and trash (b).

�����spatial video�
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• Zhou, B., Lapedriza, A., Xiao, J., Torralba, A., & Oliva, A. (2014). Learning deep features for scene recognition using places 
database. In Advances in neural information processing systems (pp. 487-495).

Learning Deep Features for Scene Recognition using Places Database
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• Liu L. 2014. C-IMAGE: city cognitive mapping through geotagged photos. Massachusetts Institute of Technology. 
Department of Urban Studies and Planning. http://hdl.handle.net/1721.1/90205

C-IMAGE: City Cognitive Mapping Through Geo-Tagged Photos
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• http://blogs.lse.ac.uk/usappblog/2014/07/09/google-street-view-shows-that-gentrification-in-chicago-has-largely-
bypassed-poor-minority-neighborhoods-reinforcing-urban-inequality/, 2014

• http://www.press.uchicago.edu/ucp/books/book/chicago/G/bo5514383.html

Google Street View and Gentrification
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• Liu, M. Y., Lin, S., Ramalingam, S., & Tuzel, O. (2015). Layered Interpretation of Street View Images. arXiv preprint arXiv:1506.04723.

Layered Interpretation of Street View Images
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• Sun, Y., Fan, H., Bakillah, M., & Zipf, A. (2015). Road-based travel recommendation using geo-tagged images. Computers, 
Environment and Urban Systems, 53, 110-122.

Road-based travel recommendation using geo-tagged images
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• Barchiesi, D., Preis, T., Bishop, S., & Moat, H. S. (2015). Modelling human mobility patterns using photographic data shared online. 
Royal Society open science, 2(8), 150046.

Modelling human mobility patterns using photographic data shared online
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• Feick, R., & Robertson, C. (2015). A multi-scale approach to exploring urban places in geotagged photographs. Computers, 
Environment and Urban Systems, 53, 96-109.

A multi-scale approach to exploring urban places in geotagged photographs
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• Dunkel, A. (2015). Visualizing the perceived environment using crowdsourced photo geodata. Landscape and Urban Planning, 
142, 173-186.

Visualizing the perceived environment using crowdsourced photo geodata
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Do people shape cities, or do cities shape people?
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TAGS SUM PCT TAGS SUM PCT
outdoor 121689 8.36% shop 6330 0.44%
indoor 70530 4.85% music 6195 0.43%

architecture 55397 3.81% mountainside 6137 0.42%
nature 41080 2.82% lake 5988 0.41%

landscape 31792 2.19% tree 5738 0.39%
building 31663 2.18% road 5732 0.39%
people 30091 2.07% hall 5687 0.39%
sport 17510 1.20% bike 5680 0.39%

animal 13935 0.96% harbor 5606 0.39%
plant 13823 0.95% bluff 5520 0.38%

vehicle 11109 0.76% electronics 5501 0.38%
city 9597 0.66% foliage 5396 0.37%
food 9164 0.63% cloud 5246 0.36%
hill 9102 0.63% alp 5246 0.36%
art 8538 0.59% friends 5216 0.36%

building complex 8080 0.56% sign 5208 0.36%
boat 7973 0.55% flower 5188 0.36%

furniture 7667 0.53% court game 5171 0.36%
room 7606 0.52% classroom 5090 0.35%
house 7586 0.52% cliff 5044 0.35%

building structure 7530 0.52% field 5038 0.35%
mountain 7195 0.49% dusk 4919 0.34%

text 7159 0.49% water 4841 0.33%
coast 6809 0.47% condominium 4826 0.33%

foothill 6421 0.44% path 4705 0.32%
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6255 Tagged-Photos 
in Chongqing

from Flickr

What is the city image of Chongqing?
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Parameter Mandatory item 
or not Description Examples

size Yes
Picture size in pixel, maximum width 960 px 

and height 640 px
size=138x187

location

One in location or 

pano

Coordinates or place name for confirming 

the street view location

location=Tsinghua 

University or 

location=39.12,116.8

3

pano
Street view ID for confirming the street view 

location

pano=100110221207

23095812200

heading No

The value of heading represents the angle 

the forward direction making with the north, 

which is measured in clockwise with a range 

from 0 to 360 degree (0 as the default value)

North: heading=0

East: heading=90

Sourth: heading=180

West: heading=270

pitch No

The vertical angle of the camera covers -20 

to 90 degree, in which a positive number 

stands for the level of looking up and vice 

versa (0 as the default value)

pitch=0

key Yes
Developer’s key (can be retrieved by online 

application)

key=OB4BZ-D4W3U-

7BVVO-4PJWW-

6TKDJ-WPB77

http://lbs.qq.com/panostatic_v1/guide-getImage.html

http://lbs.qq.com/panostatic_v1/guide-getImage.html
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not green <=0.2
somehow green (0.2-0.4]
green (0.4-0.5]
very green >0.5 
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Type # features Min Max Mean Green ratio
<0.2 0.2-0.4 0.4-0.5 >0.5

Locations 173,425 0.000 0.913 0.277 55,962
(32.3%)

85,702
(49.4%)

21,224
(12.2%)

10,537
(6.1%)

Street segments with 
over 13 locations per 

km)*
23,917 0.002 0.840 0.261 8,188

(34.2%)
12,619
(52.8%)

2,258
(9.4%)

852
(3.6%)

Blocks greater than 1 
ha and with over 1 
location per ha**

9,424 0.002 0.737 0.265 2,583
(27.5%)

5,931
(62.9%)

718
(7.6%)

192
(2.0%)

* “13” is the average value of location density for all street segments.
** “1” is the average value of location density for all blocks greater than 1 ha

• #�����������!	 ��"���������
• 131���������"����
� 0.132-0.384
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