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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

[87 Urbane — O X

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

e Two Questions

* How does a new construction impact
the city

Demo




Urbane

[87 Urbane

IEEE VAST 2015

* In collaboration with architects

from Kohn Pedersen Fox (KPF)

e Two Questions
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Queries
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Urbane: Queries

e 2D Spatial Queries

Crime: Count(reported_crime)
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Noise: Count(noise_complaint)

Restaurants: Count(restaurants)
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Taxi: Count(pickup)
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Spatial Aggregation Queries




Desiderata

Interactive response times
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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



NYC Taxi Data

* Yellow cab trips
* ~175 million trips / year

* Spatial-Temporal
2 spatial attributes
e 2 temporal attributes

e Other attributes
* Fare, tip
* Distance
* Duration




Spatial Aggregation Queries

SELECT COUNT(*)

FROM taxi T, neighborhoods N
WHERE T.pickup INSIDE N.geometry
GROUP BY N.id




Spatial Aggregation Queries

SELECT COUNT(*)

FROM taxi T, neighborhoods N
WHERE T.pickup INSIDE N.geometry
GROUP BY N.id

* Pre-compute the aggregation




Spatial Aggregation Queries

SELECT COUNT(*)

FROM taxi T, neighborhoods N
WHERE T.pickup INSIDE N.geometry
AND T.picktime in March 2011
GROUP BY N.id

 Use CUBE-base structures
 Nanocubes, Hashed cubes etc.

* Rectangular regions
* multiple queries per polygon
* No control over accuracy




Spatial Aggregation Queries

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

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




Spatial Aggregation Queries

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

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

* Space explosion



Spatial Aggregation Queries

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

* Existing spatial databases




Spatial Aggregation Queries

SELECTAY  Materialize the Join
FROM taxi

WHERE T.pICKUp TNSTUE N.JEUITEny

TS

AND T.pick

AND T.durg o
crour BYl Point in Polygon Tests

 Existing spatial databases

e Several minutes

Result
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Spatial Aggregation Queries

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

 Existing spatial databases
e Several minutes

Result
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I
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Desiderata

Interactive response times

Avoid costly preprocessing

Approximations are Tolerable



Running Example

P3

SELECT COUNT(*)

FROM taxi T, neighborhoods N
WHERE T.pickup INSIDE N.geometry
GROUP BY N.id

P2




SELECT COUNT(*)
FROM taxi T, neighborhoods N

Runni Ng Fxam 0 le WHERE T.pickup INSIDE N.geometry

GROUP BY N.id

P1 P2

P3 . .




SELECT COUNT(*)
FROM taxi T, neighborhoods N

| d eq WHERE T.pickup INSIDE N.geometry
GROUP BY N.id

Drawing Points



SELECT COUNT(*)
FROM taxi T, neighborhoods N

| d eq WHERE T.pickup INSIDE N.geometry
GROUP BY N.id

Drawing Points



SELECT COUNT(*)
FROM taxi T, neighborhoods N

| d eq WHERE T.pickup INSIDE N.geometry
GROUP BY N.id

Drawing Points .



SELECT COUNT(*)
FROM taxi T, neighborhoods N

| d eq WHERE T.pickup INSIDE N.geometry
GROUP BY N.id

Drawing Points s



SELECT COUNT(*)
FROM taxi T, neighborhoods N

| d eq WHERE T.pickup INSIDE N.geometry
GROUP BY N.id

le

Drawing Points s



SELECT COUNT(*)
FROM taxi T, neighborhoods N

| d eq WHERE T.pickup INSIDE N.geometry
GROUP BY N.id

Drawing Points s
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SELECT COUNT(*)

FROM taxi T, neighborhoods N
WHERE T.pickup INSIDE N.geometry
GROUP BY N.id



SELECT COUNT(*)
FROM taxi T, neighborhoods N

| d ed WHERE T.pickup INSIDE N.geometry
GROUP BY N.id
0
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SELECT COUNT(*)
FROM taxi T, neighborhoods N

| d ed WHERE T.pickup INSIDE N.geometry
GROUP BY N.id
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SELECT COUNT(*)
FROM taxi T, neighborhoods N

| d ed WHERE T.pickup INSIDE N.geometry
GROUP BY N.id
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SELECT COUNT(*)
FROM taxi T, neighborhoods N

| d ed WHERE T.pickup INSIDE N.geometry
GROUP BY N.id
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SELECT COUNT(*)
FROM taxi T, neighborhoods N

| d ed WHERE T.pickup INSIDE N.geometry
GROUP BY N.id
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SELECT COUNT(*)
FROM taxi T, neighborhoods N

| d ed WHERE T.pickup INSIDE N.geometry
GROUP BY N.id
4
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SELECT COUNT(*)
FROM taxi T, neighborhoods N

| d ed WHERE T.pickup INSIDE N.geometry
GROUP BY N.id
6
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SELECT COUNT(¥)
FROM taxi T, neighborhoods N

| d eqg WHERE T.pickup INSIDE N.geometry
GROUP BY N.id

15

Drawing Polygons




SELECT COUNT(¥)
FROM taxi T, neighborhoods N

| d eqg WHERE T.pickup INSIDE N.geometry
GROUP BY N.id




SELECT COUNT(*)
FROM taxi T, neighborhoods N

| d eq WHERE T.pickup INSIDE N.geometry
GROUP BY N.id

.

* How to bound the approximation?

* Approximate the Polygon
 Hausdorff distance 1

o0
%/

\""-\___ _."'-..‘
b
[,
]
|
|
i
¥
f
|




Raster Join

* Drawing Points
* Drawing Polygons

Graphics Pipeline

Rasterization

SELECT COUNT(*)

FROM taxi T, neighborhoods N
WHERE T.pickup INSIDE N.geometry
GROUP BY N.id



Accurate Raster Join

SELECT COUNT(*)

FROM taxi T, neighborhoods N
WHERE T.pickup INSIDE N.geometry
GROUP BY N.id



Accurate Raster Join

* Error only at boundaries

SELECT COUNT(*)

FROM taxi T, neighborhoods N
WHERE T.pickup INSIDE N.geometry
GROUP BY N.id



SELECT COUNT(*)
FROM taxi T, neighborhoods N

Accurate Raster Join WHERE T.pickup INSIDE N.geometry

GROUP BY N.id

* Error only at boundaries
* |dentify boundaries .

* Point-in-polygon test only on points falling on 1
the boundary



SELECT COUNT(*)
FROM taxi T, neighborhoods N

Accurate Raster Join WHERE T.pickup INSIDE N.geometry

GROUP BY N.id

* Error only at boundaries
* |dentify boundaries .

* Point-in-polygon test only on points falling on 1
the boundary



SELECT COUNT(*)
FROM taxi T, neighborhoods N

Accurate Raster Join WHERE T.pickup INSIDE N.geometry

GROUP BY N.id

* Draw Polygon Boundaries




SELECT COUNT(*)
FROM taxi T, neighborhoods N

Accurate Raster Join WHERE T.pickup INSIDE N.geometry

GROUP BY N.id

* Draw Polygon Boundaries

* Drawing Points
e Accumulate points not on boundary
* Point-in-polygon tests for points on boundary

Polygon Index



SELECT COUNT(*)
FROM taxi T, neighborhoods N

Accurate Raster Join WHERE T.pickup INSIDE N.geometry

GROUP BY N.id

* Draw Polygon Boundaries

* Drawing Points
e Accumulate points not on boundary
* Point-in-polygon tests for points on boundary

* Drawing Polygons s =k




SELECT COUNT(*)
FROM taxi T, neighborhoods N

Raster Join: Expe riments WHERE T.pickup INSIDE N.geometry

GROUP BY N.id

* OpenGL implementation

* NYC Taxi Data
e > 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



SELECT COUNT(*)
FROM taxi T, neighborhoods N

Raster Join: Performance WHERE T.pickup INSIDE N.geometry

GROUP BY N.id
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SELECT COUNT(*)
FROM taxi T, neighborhoods N

Raster Join: Accura cy WHERE T.pickup INSIDE N.geometry

GROUP BY N.id
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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
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The Influence of Direct Sunlight on Vegetatic
M. BUYSMAN

THE influence of direct sunlight on vegetation is generally
but surely deserves to be a subject of special study. In the
paper we shall only endeavour to describe some facts witt
influence. In the first place, the effect of the sun’s rays in

regions will be traced, and afterwards in the temperate an
The constant high temperature within the tropics is the ca
plants being less dependent on the direct solar heat than

the greater part of the temperate and cold zones, but, not
this, there are plants even in the tropical regions requiring
growth the direct rays of the sun.

Geophysical Research Letters

Explore this journal =
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Hydrology and Land Surface Studies

Amazon rainforests green-up with sunlight in dry season

Alfredo R. Huete, Kamel Didan, Yosio E. Shimabukuro, Piyachat Ratana, Scott R. Saleska,

Lucy R. Hutyra, Wenze Yang, Ramakrishna R. Nemani, Ranga Myneni

View issue TOC
Volume 33, Issue b
March 2006

First published: 22 March 2006 Full publication history

DOI: 10.1029/2005GL0O25583

View/save citation

Cited by (CrossRef): 227 articles ## Check for updates £} citation tools ¥
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Abstract

[1] Metabolism and phenology of Amazon rainforests significantly influence global dynamics of
climate, carbon and water, but remain poorly understood. We analyzed Amazon vegetation
phenology at multiple scales with Moderate Resolution Imaging Spectroradiometer (MODIS)
satellite measurements from 2000 to 2005. MODIS Enhanced Vegetation Index (EVI, an index of
canopy photosynthetic capacity) increased by 25% with sunlight during the dry season across
Amazon forests, opposite to ecosystem model predictions that water limitation should cause dry
season declines in forest canopy photosynthesis. In contrast to intact forests, areas converted to
pasture showed dry-season declines in EVI-derived photosynthetic capacity, presumably because
removal of deep-rooted forest trees reduced access to deep soil water. Local canopy
photosynthesis measured from eddy flux towers in both a rainforest and forest conversion site
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Direct Sunlight and Shadows

[Source: New York Times]



Direct Sunlight and Shadows

SHADOWS
CHAPTER 8 Ancient lights

Within urban environments, the structures constituting the city’s built fabric constantly c WRITTEN BY: The Editors of Encyclopaedia Britannica
ate vicinity. As the city develops and redevelops, the extent and duration of the shadows EASEUERATEDR:G:12:2000 SeoAtucis History
cess continues, direct sunlight exposure becomes an increasingly scarce resource for pec

facuses on the interaction between proposed new and altered structures and the shad Ancient lights, in English property law, the right of a building or house owner to the light received from
space, historic and cultural resources, and natural areas. and through his windows. Windows used for light by an owner for 20 years or more could not be
Sunlight and shadows affect people and their use of open space all day long and throughc obstructed by the erection of an edifice or by any other act by an adjacent landowner. This rule of law
fects vary by season. Sunlight can entice outdoor activities, support vegetation, and enl originated in England in 1663, based on the theory that a landowner acquired an easement to the light

such as stained glass windows and carved detail on historic structures. Conversely, shadow

s . I X by virtue of his use of the windows for that purpose for the statutory length of time. The doctrine did not
and sustainability of natural features and the architectural significance of built features. ¥ puIe . eng

acquire wide acceptance by courts in the United States.
The purpose of this chapter is to assess whether new structures may cast shadows ol
accessible resources or other resources of concern such as natural resources, and to asses
pact. Potential mitigation strategies and alternatives are also presented and should be &
verse shadow impacts are identified. Because of the sunlight-sensitive nature of many ope
al resources, and natural resources, this chapter is closely linked to the data and anal
Space,” Chapter 9, “Historic and Cultural Resources,” and Chapter 11, “Natural Resources.”

The majority of projects subject to CEQR do not require a detailed shadow analysis. Sectic
of analysis to screen most projects for the purpose of assessing shadow impacts. As with
under CEQR, it is important for an applicant to work closely with the lead agency during
view process. The lead agency may determine that it is appropriate to consult or coor
technical agencies for a particular project. The New York City Department of City Plannir
for information, technical review, and recommendations relating to shadows. With regar¢
City Landmarks Preservation Commission (LPC), the New York City Department of Environi

City Environmental Quality Review Technical Mz

Anclent lights signs below windows In Clerkenwell, London.
Mike Newman
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Boston d eve I o p er wants :"ﬁ;\gabsurdity of the Boston Common shadow debate
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Boston City Council votesin |
favor of changing ‘shadow’

Tall order is sought for tower pr
Donna Goodison Monday, April 10, 2017 Sl:l;ld()“’ debate Sh()WS h()“’ d

like you,
ER rars law
Dermott

Council backs shade bcial media

Dan Atkinson Thursday, April 27, 2017 =
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has alarm
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in video by

and action

The Winthrop Square Ga

By Dante Ramos| 4

I DON'T KNOW HOV

Common is ridiculous

ALL FIOURES & HLAUSTRATIONS ARPROXMATE ARD SUBIECT TO CHANGE At earlier points in ou [

MANDEL AROMITECTE. OVR/EA/M COUABORATIVE & GROUND FOR MILLENNIUM PARTNERS OF FERRUARY 2007 %
This i lati by d oy Mill. i Partners shows the
. on the Public Garden (arrow A) during one portion of the year. '
Credit: COURTESY RENDERING
ﬁ By Shirley Leung | GLOBE STAFF APRIL 25, 2017
Credit: Stuart Cahill

It was as close as we would get to a mea culpa from city planning and development czar Bri T
Golden on Shadowgate. Cah

rop Square parking garage at 240 Devonshire St. Wednesday, April 26, 2017. (Staff photo by Stuart

-~

“Look, this isn’t the way we wanted it,” Golden told me after being grilled by the Boston City COuNGH
Monday about changing two-decade-old laws that limit shadows on the Public Garden and Boston
Common.
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Shadow Accumulation

. . . . . 12:00PM 12:01PM 12:03PM
* Amount of time a given point is in shadow

* Depends on the sun position IU——  —

(day of the year) &
P
* Existing techniques >
* Compute shadow for every time step
* Expensive ¥




Shadow Accumulation

Efficient

70X Speedup

Shadow Accrual Maps



Shadows profiler




= SECTIONS @ HOME Q SEARCH Che New ﬂork Times m o

Winter Spring/fall Summer

Mapping the Shadows of New York City: Every Building, Every Block
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Scales of the city

Macro
Suburbanization
Transport
infrastructure
Population density

Mmeso

Access to amenities
Green space

Street width

micro

Open-front buildings
Building facades
Sidewalk

64



City at the micro scale

ACTIVE DESIGN b
<
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City at the micro scale

— i

ACTIVE DESIGN i
g

o cnn R

PHYSICAL ELEMENTS
OF THE ROADSIDE PLANE

Green strips/ planters/ tree pits*
Street trees*

Lighting/signage poles

Street vendors

Parked cars

Bike lanes

Bike racks

Street furniture

Waste Receptacles

Newsstands

/' Fire hydrants

66



City at the micro scale

ACTIVE DESIGN L
3

7
74
7

o

PHYSICAL ELEMENTS
/ OF GROUND PLANE
/

7

Width / clearance*
Green strips (planters)*
Street trees (tree pits)*
Curbcuts*

Slope

Subway grates

Service access
Lighting/signage poles
Pavement material/texture/pattern
Street furniture

Waste receptacles
Newsstands

Fire hydrants

67



City at the micro scale

ACTIVE DESIGN |

o cnn R

PHYSICAL ELEMENTS
OF THE BUILDING WALL

Land use*

Ground floor setback*

Overall building height *

Above ground building setbacks*
Front yard planting*

Off-street parking*

Length of lots/frontages*
Entrances* X

Transparency* y

Security gates*

Architectural articulation* .-
Signage*

Canopies/awnings*
Balconies/fire escapes*
Shading devices*

Outdoor uses*

Lighting
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City at the micro scale

2010 ADA Standards
for Accessible Design

Department of Justice
September 15, 2010

gothamist

NYC Agrees To Make All Sidewalk Curbs Accessible To The
Disabled

BY ELIZABETH KIM IN NEWS ON AR 21,2019 4:16 Pl

( , Kerry Labendz Follow
@KerryLabendz

@NYPD1Pct Car 3203 is still there this
morning. How exactly are wheelchairs
supposed to navigate? City just spent the $
to upgrade all the sidewalk cuts and #NYPD
is blocking them. This is outside
#NYPD1Pct. #ADA #NYC #NYPD
#Notimpressed twitter.com/KerryLabendz/s

8:34 AM - 15 May 2019

“Newly constructed or altered streets, roads, and
highways must contains curb ramps or other
sloped areas at intersections to streets, roads, or

highways.”

69
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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
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Urban Mosaic

* A tool for the exploration of the urban fabric
* Visual comparison of geographically distant areas
* Temporal analysis of unfolding urban developments
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Street-level Images

Google maps
Street Vit
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Google Street View
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Temporally-dense street-level images
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Temporally-dense street-level images
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Objectives

Support the interactive analysis of the city at the micro scale,
over geographlcally distant reglons ’

Comparison of the urban Assessment of features in Assessment of walkability and
fabric in different regions the built environment accessibility
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Image query composition
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Image embeddings
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Image embeddings
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Image embeddings
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Image embeddings
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21 embeddings per image
2.5 TB worth of embeddings data
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Locality sensitive hashing
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Use Cases

* Provided the interface to domain experts

e Urban Planners from Draw Brooklyn

e Urban planning
* Preservation

* Occupational therapist
* Accessibility and walkability older adults



Accessibility: installation of tactile pavings
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Accessibility: assessing hazards for older adults

25—

I
=]
1

-
o
1

Precipitation

;

1l“i

mblﬂumu il

o \*061}.‘3 *06'\ e 006'\ p@&‘\w go&ﬁg, Evob\ﬂ d-k‘.\a\.p J\\Eﬁ gefx\a

N"oblxa‘!oa 30“06W N‘Daw‘loag,z?o aodﬂa\.\p&agg&a

86



Practitioners perspective

“What | 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



Urban Data Analysis

Other Examples



Topology-based Analysis:

[IEEE TVCG 2017]

e Urban Pulse
 Signature for different locations
* Data oblivious
* Rank and compare locations
* Query similar locations

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

Understand Cities
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Topology-based Analysis: View-enhanced Tower Designs
[ACM TOG 2015]
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Urban Data: Plenty of Challenges

* Data Management { Data Management }
* Spatio-temporal query processing
* Trajectories

* Images

e Visualization

* Visual metaphors catered towards city { Analysis }( {Visualization}
planning, novel query interfaces, ...

* Analysis

* Finding relationships, explaining
features, ...



Interactive Visual Analysis of
Large Urban Data

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