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Urbane
Urbane: A 3D Framework to Support Data Driven Decision Making in Urban Development
Nivan Ferreira, Marcos Lage, Harish Doraiswamy, Huy T. Vo, Luc Wilson, Heidi Werner, 
Muchan Park, Claudio Silva
IEEE VAST 2015

Interactive Visual Exploration of Spatio-Temporal Urban Data Sets using Urbane
Harish Doraiswamy, Eleni Tzirita Zacharatou, Fabio Miranda, Marcos Lage, 
Anastasia Ailamaki, Claudio Silva,  Juliana Freire
SIGMOD Demo 2018 (Best Demonstration Award)



Urbane

• In collaboration with architects 
from Kohn Pedersen Fox (KPF)

• Two Questions
• How does a new construction impact 

the city

Demo



Urbane

• In collaboration with architects 
from Kohn Pedersen Fox (KPF)

• Two Questions
• How does a new construction impact 

the city

• How to identify locations for new 
development

IEEE VAST 2015

Demo



Urbane: Queries

• 3D Geometry-based Queries

View Impact Queries Sky Exposure Queries



Urbane: Queries

• 2D Spatial Queries

Spatial Aggregation Queries



Desiderata

Interactive response times



Spatial Aggregation Queries

GPU Rasterization for Real-Time Spatial Aggregation over Arbitrary Polygons
Eleni Tzirita Zacharatou, Harish Doraiswamy, Anastasia Ailamaki, Claudio Silva, Juliana Freire
Proceedings of the VLDB Endowment (PVLDB), 11(3), 2017, 352-365



• Yellow cab trips

• ~175 million trips / year

• Spatial-Temporal
• 2 spatial attributes
• 2 temporal attributes

• Other attributes
• Fare, tip
• Distance
• Duration
• …

NYC Taxi Data



Spatial Aggregation Queries

SELECT COUNT(*)

FROM taxi T, neighborhoods N

WHERE T.pickup INSIDE N.geometry

GROUP BY N.id



Spatial Aggregation Queries

• Pre-compute the aggregation

SELECT COUNT(*)

FROM taxi T, neighborhoods N

WHERE T.pickup INSIDE N.geometry

GROUP BY N.id



Spatial Aggregation Queries

• Use CUBE-base structures
• Nanocubes, Hashed cubes etc.

• Rectangular regions
• multiple queries per polygon

• No control over accuracy 

SELECT COUNT(*)

FROM taxi T, neighborhoods N

WHERE T.pickup INSIDE N.geometry

AND T.picktime in March 2011

GROUP BY N.id



Spatial Aggregation Queries

• Use CUBE-base structures
• Nanocubes, Hashed cubes etc.

SELECT COUNT(*)

FROM taxi T, neighborhoods N

WHERE T.pickup INSIDE N.geometry

AND T.picktime in March 2011

AND T.duration > 10 minutes

GROUP BY N.id



Spatial Aggregation Queries

• Use CUBE-base structures
• Nanocubes, Hashed cubes etc.

• Space explosion

SELECT AVG(T.fare)

FROM taxi T, neighborhoods N

WHERE T.pickup INSIDE N.geometry

AND T.picktime in March 2011

AND T.duration > 10 minutes

GROUP BY N.id



Spatial Aggregation Queries

• Existing spatial databases

SELECT AVG(T.fare)

FROM taxi T, neighborhoods N

WHERE T.pickup INSIDE N.geometry

AND T.picktime in March 2011

AND T.duration > 10 minutes

GROUP BY N.id



Spatial Aggregation Queries

• Existing spatial databases

• Several minutes

SELECT AVG(T.fare)

FROM taxi T, neighborhoods N

WHERE T.pickup INSIDE N.geometry

AND T.picktime in March 2011

AND T.duration > 10 minutes

GROUP BY N.id

Taxi Neighborhoods

Selection Index

Join

Aggregation

Result

Point in Polygon Tests

Materialize the Join



Spatial Aggregation Queries

• Existing spatial databases

• Several minutes

SELECT AVG(T.fare)

FROM taxi T, neighborhoods N

WHERE T.pickup INSIDE N.geometry

AND T.picktime in March 2011

AND T.duration > 10 minutes

GROUP BY N.id

Taxi Neighborhoods

Index Selection

Join

Aggregation

Result



Desiderata

Interactive response times

Avoid costly preprocessing

Approximations are Tolerable



Running Example
SELECT COUNT(*) 

FROM taxi T, neighborhoods N

WHERE T.pickup INSIDE N.geometry

GROUP BY N.id

P1
P2

P3



Running Example
SELECT COUNT(*) 

FROM taxi T, neighborhoods N

WHERE T.pickup INSIDE N.geometry

GROUP BY N.id

P1 P2

P3



Idea
SELECT COUNT(*) 

FROM taxi T, neighborhoods N

WHERE T.pickup INSIDE N.geometry

GROUP BY N.id

Drawing Points



Idea
SELECT COUNT(*) 

FROM taxi T, neighborhoods N

WHERE T.pickup INSIDE N.geometry

GROUP BY N.id
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Idea
SELECT COUNT(*) 

FROM taxi T, neighborhoods N

WHERE T.pickup INSIDE N.geometry

GROUP BY N.id
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Idea
SELECT COUNT(*) 

FROM taxi T, neighborhoods N

WHERE T.pickup INSIDE N.geometry

GROUP BY N.id
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Idea
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Idea
SELECT COUNT(*) 

FROM taxi T, neighborhoods N
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• How to bound the approximation?

• Approximate the Polygon
• Hausdorff distance

H(Pa,P) ≤ ε



Raster Join
SELECT COUNT(*) 

FROM taxi T, neighborhoods N

WHERE T.pickup INSIDE N.geometry

GROUP BY N.id

• Drawing Points

• Drawing Polygons
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Accurate Raster Join
SELECT COUNT(*) 

FROM taxi T, neighborhoods N

WHERE T.pickup INSIDE N.geometry

GROUP BY N.id
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Accurate Raster Join
SELECT COUNT(*) 

FROM taxi T, neighborhoods N
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Accurate Raster Join
SELECT COUNT(*) 

FROM taxi T, neighborhoods N

WHERE T.pickup INSIDE N.geometry
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• Identify boundaries

• Point-in-polygon test only on points falling on 
the boundary



Accurate Raster Join
SELECT COUNT(*) 

FROM taxi T, neighborhoods N

WHERE T.pickup INSIDE N.geometry

GROUP BY N.id
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• Identify boundaries

• Point-in-polygon test only on points falling on 
the boundary



Accurate Raster Join
SELECT COUNT(*) 

FROM taxi T, neighborhoods N

WHERE T.pickup INSIDE N.geometry

GROUP BY N.id

• Draw Polygon Boundaries



Accurate Raster Join
SELECT COUNT(*) 

FROM taxi T, neighborhoods N

WHERE T.pickup INSIDE N.geometry

GROUP BY N.id
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• Accumulate points not on boundary

• Point-in-polygon tests for points on boundary

Polygon Index



Accurate Raster Join
SELECT COUNT(*) 

FROM taxi T, neighborhoods N

WHERE T.pickup INSIDE N.geometry

GROUP BY N.id
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• Drawing Points
• Accumulate points not on boundary

• Point-in-polygon tests for points on boundary

• Drawing Polygons



Raster Join: Experiments
SELECT COUNT(*) 

FROM taxi T, neighborhoods N

WHERE T.pickup INSIDE N.geometry

GROUP BY N.id

• OpenGL implementation

• NYC Taxi Data
• > 800 million trips

• NYC Neighborhoods
• 260 Polygons

• This laptop
• Intel Core i7 @ 2.60 GHz

• 16 GB RAM

• NVIDIA GTX 1060 (Mobile)

https://github.com/ViDA-NYU/raster-join



Raster Join: Performance
SELECT COUNT(*) 

FROM taxi T, neighborhoods N

WHERE T.pickup INSIDE N.geometry

GROUP BY N.id

Bounded
Accurate
Baseline

Memory Processing



Raster Join: Accuracy
SELECT COUNT(*) 

FROM taxi T, neighborhoods N

WHERE T.pickup INSIDE N.geometry

GROUP BY N.id



Mapping the Shadows of a City

Shadow Accrual Maps: Efficient Accumulation of City-Scale Shadows over Time
Fabio Miranda, Harish Doraiswamy, Marcos Lage, Luc Wilson, Mondrian Hsieh, Claudio Silva
IEEE Transactions on Visualization and Computer Graphics, 25(3), 2019, 1559-1574



Direct Sunlight and Shadows



Direct Sunlight and Shadows

[Source: New York Times]



Direct Sunlight and Shadows

City Environmental Quality Review Technical Manual - NYC.gov





Direct Sunlight and Shadows



Shadow Accumulation

• Amount of time a given point is in shadow

• Depends on the sun position 
(day of the year)

• Existing techniques
• Compute shadow for every time step

• Expensive



Shadow Accumulation

Shadow Accrual Maps

Efficient

70X Speedup





https://www.nytimes.com/interactive/2016/12/21/upshot/Mapping-the-Shadows-of-New-York-City.html



Scales of the city

64

macro
Suburbanization
Transport 
infrastructure
Population density

micro
Open-front buildings
Building facades
Sidewalk

meso
Access to amenities
Green space
Street width



City at the micro scale
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City at the micro scale

66



City at the micro scale

67



City at the micro scale

68



City at the micro scale

69

“Newly constructed or altered streets, roads, and 

highways must contains curb ramps or other 

sloped areas at intersections to streets, roads, or 

highways.”



City at the micro scale

70

Urban Mosaic: Visual Exploration of Streetscapes Using Large-Scale Image Data 
Fabio Miranda, Maryam Hosseini, Marcos Lage, Harish Doraiswamy, Graham Dove, Claudio Silva
CHI'20: Proc. SIGCHI Conf. on Human Factors in Computing, 2020, to appear



Urban Mosaic

• A tool for the exploration of the urban fabric

• Visual comparison of geographically distant areas

• Temporal analysis of unfolding urban developments

71



Street-level Images

72



Google Street View

73

Spatially dense Temporally sparse



Temporally-dense street-level images

74

Spatially dense

More than 7.7 million images
4 TB worth of image data



Temporally-dense street-level images

75



Objectives

76

Support the interactive analysis of the city at the micro scale, 
over geographically distant regions.

Comparison of the urban 
fabric in different regions

Assessment of features in 
the built environment

Assessment of walkability and 
accessibility



Image query composition
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Image embeddings
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0.14 0.97 … 0.01 0.69



Image embeddings

0.14 0.97 … 0.01 0.69

79

0.14 0.97 … 0.01 0.69
0.37 0.12 … 0.93 0.44

0.56 0.58 … 0.11 0.32
0.14 0.97 … 0.01 0.69



Image embeddings
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Image embeddings
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0.14 0.97 … 0.01 0.69

0.14 0.97 … 0.01 0.69
0.37 0.12 … 0.93 0.44

0.56 0.58 … 0.11 0.32
0.14 0.97 … 0.01 0.69

0.37 0.12 … 0.93 0.44
0.56 0.58 … 0.11 0.32

0.14 0.97 … 0.01 0.69
0.37 0.12 … 0.93 0.44

0.56 0.58 … 0.11 0.32
0.14 0.97 … 0.01 0.69

21 embeddings per image

2.5 TB worth of embeddings data



Locality sensitive hashing

82

0.37 0.12 … 0.93 0.44

0 0 … 1 0

21 GB worth of 
embeddings data

4 kbytes per embedding

64 bytes per embedding

𝛼1,2 = cos−1(
𝑣1 . 𝑣2
|𝑣1||𝑣2|

)
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Use Cases

• Provided the interface to domain experts

• Urban Planners from Draw Brooklyn
• Urban planning

• Preservation

• Occupational therapist
• Accessibility and walkability older adults

84



Accessibility: installation of tactile pavings

85
AugustJune October



Accessibility: assessing hazards for older adults

86



Practitioners perspective

“What I like about the tool is that you can define what the main 
problem is, e.g. inclement weather or obstruction, and these are the 
conditions we’re are going to help the seniors identify and be safe 
around”.

Tracy Chippendale, Occupational Therapist at NYU

“Approaches like this can dramatically transform the way cities are 
planned and operated”.

Alexandros Washburn, former Chief Urban Designer of NYC

87



Urban Data Analysis
Other Examples



Topology-based Analysis: Understand Cities

• Urban Pulse
• Signature for different locations

• Data oblivious

• Rank and compare locations

• Query similar locations

Union SquareRockefeller Center

[IEEE TVCG 2017]

https://github.com/ViDA-NYU/urban-pulse



Topology-based Analysis: View-enhanced Tower Designs
[ACM TOG 2015]



Urban Data: Plenty of Challenges

• Data Management
• Spatio-temporal query processing

• Trajectories

• Images

• Visualization
• Visual metaphors catered towards city 

planning, novel query interfaces, …

• Analysis
• Finding relationships, explaining 

features, …

Data Management

Analysis Visualization



Thanks: Moore Sloan Data Science Environment at NYU, NSF, DARPA, NVIDIA, NASA, CNPq, 
FAPERJ, KPF, Carmera, Draw Brooklyn

Interactive Visual Analysis of 
Large Urban Data
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