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Visual Perception UCR

- Learning Styles & Personality Types: Visual, Auditory,
Kinesthetic
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Geo-Visualization UCR

. What is the ratio between areas of Africa and
Greenland?




Geo-Visualization UCR

. What is the ratio between areas of Africa and
Greenland? 14:1




Map Orientation and Projections

- Mapping a 3D globe on a flat 2D plane
- Why all world maps are wrong?
https://www.youtube.com/watch?v=kIIDSFDi2JQ



https://www.youtube.com/watch?v=kIID5FDi2JQ

Map Orientation and Projections UCR

- Mapping a 3D globe on a flat 2D plane
https://www.youtube.com/watch?v=kIIDSFDi2JQ
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https://www.youtube.com/watch?v=kIID5FDi2JQ

Map Orientation and Projections

3
|3
3 ?ﬂﬂ, S :'* -

.-v"“.\\ - 3 : ~

0#’ W =

-

Pt

5 74 ~
A7 5N
AEN] “a
R

72
= ¥ AN
i 7 e ‘
s < 24 o £
S p 2 NS =
s, AN

v.‘ > “‘



rientation and

Pr

Map O

weoDEL 64

ojections

THE WORLD

na+

K

i
i




Map Orientation and Projections UCR
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North Korea’s missiles
At least 1,000 of various types, according to
South Korea's defense ministry

Key arsenal

Taepodong-2 First successiul launch December 12, 2012
(Unha-3 rocket based on same system)

{leesnm B miasmom

Taepodong-1 Tested 1998 (failed)
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Map Orlentatlon and Projections
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Why?

Why visualization?
Get insights
Come up with hypotheses
Detect the expected, and discover the unexpected ®
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Why?

Why visualization?
Get insights
Come up with hypotheses
Detect the expected, and discover the unexpected ®

High-High
High-Low
Low-High
Low-Low
Not Sig.
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Applications

Mapping

With all map applications throughout history
Decision making

E.g., disease outbreaks, crimes, etc
Real-time monitoring

E.g., traffic, security, etc

Scientific analysis
E.g., climate change, vegetation analysis, etc
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Geo-visualization Element

Three elements
Data: what to visualize?
Location: where to put data?
Visualization scheme: how to visualize?
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Geo-visualization Element 11

. Three elements

- Data: what to visualize?
- Location: where to put data?

Visualization scheme: how to visualize?
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Geo-visualization Element UCR

. Three elements
- Data: what to visualize?
- Location: where to put data?

- Visualization scheme: how to visualize? SECOND EDITION
The Visual Display

of Quantitative Information
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Interactive Maps

- MapD interactive demos
Tweet map: https://www.mapd.com/demos/tweetmap/

q TWEET MAP

Feb 2, 2018
o 1,500,000

1,000,000 -
500,000

LANGUAGE v

B English
170.622,332

Search hashtags and tweets...

B Portuguese
51,974,836

[ Spanish
36,911,867

I Undetermined
32,178,937

Japanese
22978291

B Arabic
13,644,130

Turkish
13,414,995

I Tagalog
9,539,453

M Indonesian

Learn more about MapD

May 1,2018

Il French

9,111,741 6,676,715

TOP HASHTAGS

#iheartawards

595,879

#bestfanarmy

462,436

#premiosmtvmiaw
e

373,845

#trndnl

315,228

#bbb18

303,674
#btsarmy
#nowplaying

228,440

#exol

196,345

176,390

#love
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https://www.mapd.com/demos/tweetmap/

Interactive Maps

- Heavy Al interactive demos
- NYC Taxi:

Mg Tip N by Painp BDalving
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https://demo-taxis.heavy.ai/

Interactive Maps

Pan and Zoom (in interactive views)
Pan: change your data focus on same spatial view level
Zoom: change your spatial view level

23
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Interactive Maps K

Pan and Zoom (in interactive views)
Pan: change your data focus on same spatial view level
Zoom: change your spatial view level

Linking and Brushing (in multiple views)
Linking: highlight certain part of data in all views
Brushing: dynamic linking (linking + panning)
This happens when you have multiple distinct views, e.g., a map,
a table, and a graph, or a set of temporally partitioned views
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Interactive Maps

Pan and Zoom (in interactive views)
Pan: change your data focus on same spatial view level
Zoom: change your spatial view level

Linking and Brushing (in multiple views)
Linking: highlight certain part of data in all views
Brushing: dynamic linking (linking + panning)
This happens when you have multiple distinct views, e.g., a map,
a table, and a graph, or a set of temporally partitioned views

Specification of interactive visualization
200 ms response time (controversial)
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Visualization in Virtual Reality



https://www.youtube.com/watch?v=u76ww3NJFgE

Big Spatial Data Visualization

New challenges come with big volume data
How to put data on the map?
How to aggregate large data?
How to process large data?

27
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Big Spatial Data Visualization K

New challenges come with big volume data
How to put data on the map?

How to aggregate large data? Pre-processi_ng (prep_aring)
How to process large data? g data for visualization

High velocity /

High velocity data visualization exploits pre-materialization
Still active research is on-going

28



Designing an Effective Visualization /LR

- Need to take human perception into account (orientation




Designing an Effective Visualization /LR

Need to take human perception into account (projection/colors)




Designing an Effective Visualization [/CR

- Need to take human perception into account (projection)
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Designing an Effective Visualization /LR

- Communicate the right message

Worldmapper Population Cartogram 2011 created by Benjamin D. Hennig, University of Sheffield - www.viewsoftheworld.net



Designing an Effective Visualization

. Consider conflicted entities
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Designing an Effective Visualization

Consider conflicted entities
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Designing an Effective Visualization K

Human perception is sensitive to:
Sizing
Colors perception (color choice, clarity, etc)
Conflicted entities (names, borders, etc)
Values, e.g., population vs population density
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Designing an Effective Visualization

Human perception is sensitive to:
Sizing
Colors perception (color choice, clarity, etc)
Conflicted entities (names, borders, etc)
Values, e.g., population vs population density

Visualization confusions might be caused by:
Too many colors
Inconsistent scales
Wrong chart types (e.g., continuous chart on discrete data)

36
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Research on Geo Data Visualization R

A lot of research papers still address big data visualization
Example:

AlID*: A Spatial Index for Visual Exploration of Geo-Spatial Data.
By Saheli Ghosh and Ahmed Eldawy
In IEEE TKDE 34(8): 3569-3582 (2022)

. https://star.cs.ucr.edu/
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https://star.cs.ucr.edu/

Challenges

Number of Datasets

Filter by location

Enter location..

Maptiles
ccBysA

QpenstreetMap under

Topics

Local Government (5139)
Climate (220)

AAPI(92)

Ecosystems (31)

Ocean (31)

Topic Categories

Arctic (95)

Water (67)
Transportation (63)
Pacific Islands (62)

Ecosystem Vulnerabi... (51)

Natacat Tuna

A g

2. Big Data_ B 3. Interactivity

141,168 datasets found

1meter Digital Elevation Models (DEMs) - USGS National Map 3DEP
Downloadable Data Collection | 1054 recent view
US. Geological Survey, Department of the Interior — This is a tiled collection of the 3D Elevation
The

Program (3DEP) and is one meter resolution The 3DEP data holdings serve as the elevation layer of
National Map.

2k B ¥] Download ¢
NSGIC State | GIS Inventory — This dataset r effortto f aph
extents of 5 digit zip codes. The dataset was produced using a combination of methods and is = A 21 1 2 C
-
1ze. :
U.S. Hourly Precipitation Data . 855 recent vie umber of
National Oceanic and Atmospheric Administration, Department of Commerce — Hourly Precipitation
Data (HPD) is digital data set DSI-3240, archived at the National Climatic Data Center (NCDC). The
primary source of data for this ile s... ecords- 566
[}
ormat: CS\
\ "

EDERER D

Food Environment Atlas .~ 567 re

Department of Agriculture ~ Food factors--such as ant proximity, food
prices, food and nutrition assistance programs, and community characteristics—interact to.

(I £ G
TIGER/Line Shapefile, 2017, nation, U.S,, Current State and Equivalent National

US Census Bureau, Department of Commerce — The TIGER/Line shapefiles and related database iles
(dbf) are an extract of selected geographic and cartographic information from the U.S. Census Bureau"
Master.

4. Cost Effectiveness

Pittsburgh Wards Map |~ 448 recent view

Allegheny County / City of Pittsburgh / Western PA Regional Data Center — Allows users to look up City
of Pittsburgh Wards




Multi-level Visualization UCK

Smaller
scale map

Larger
scale map

Tile Structure:
= S 3 Level 0: 1 tile +
v Level | s g SRS | evel 1: 4 tiles +
- S s Level 2: 16 tiles +..........
Level 10:1,048,576 +

Traditional quad-tree - HadoopViz, . )
! P Level 20: More than billion tiles

GeoSparkViz, Google Maps, Open
Street Maps

Not scalable for multiple datasets, deeper zoom levels or larger date
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Multi-level Visualization using Vector
Data K

- Vector data: Raw data with attributes like locations (lat, lon),
shape, etc

- Images are generated on-the-fly every time a tile is
requested by the user

If a tile contains too much records, it hinders the interactivity.
Cannot scale for big data.

40



Typical Geospatial Datasets

Geospatial datasets
are highly skewed

* Tiles don’t have same
amount of records




Varying tile density across the area

Tiles has more dense
records compared to

the remaining four




Tile density across zoom levels




AID/AID* Index K

- Classifying tiles according to their size (or amount of
data they hold) to build an adaptive index

- Pregenerating the heavy, dense, record-filled tiles

- Generate the tiles with fewer records on-the-fly

44



Example of AID

Level O

<igh

N

Standard image AID
indexes Number of Tiles: 14

Number of Tiles: 16

Let’'s assume any tile
\ havingrecords <=2can o Defining the

be generated on-the-fly maximum size of
the data tile is

So it becomes a data tile given a name
Threshold(0)

Level 2

The children tiles

/ become shallow tiles

45



Threshold for tile classification K

A parameter based on the size of each tile

Tile Size > 0 > Image Tile
Tile Size <=6

Parent Tile = Image Tile ——— DataTile

Tile Size <= 6 No physical storage
Parent Tile = Data Tile = —— Shallow Tile

—
Tile Size = 0 » Empty Tile -

46



AID

S -
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Dataset

< Image tiles (43 tiles)
<« Data tiles (92 tiles)
Shallow tiles (1230 tiles)

47



AID
Number of Tiles: 14

AID* does not create or
store data tiles

UCK

AID*
Number of Tiles: 4
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AID*

- Previously indexed dataset (R* index)

- A pyramidal quad-tree having pregenerated image tiles
- Not materializing data tiles

. Indexed overhead reduced to 0.01%

49
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Index Construction

Data summarization

Compute a histogram to summarize the data to calculate the size
of each tile

Tile classification

Classify the tiles as image, data, shallow or empty using the
histogram

Tile creation

Based on the tile classification image tiles are pregenerated as
.png files, data tiles are created and stored as .csv files(AID) and
shallow and empty tiles have no physical storage. AID* does not
store data tiles as well

50
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Quadtree vs. AID vs. AID* R

Traditional quad-tree image index pr
Traditional Index: 15

tiles
AlID: 13 tiles
AID*: 8 tiles

+ Image Tiles
%z Data Tiles
< Shallow Tiles
- Empty Tiles




Visualization Query for AID (Single-Machine)

Get Tile A . <> Retrieves Tile A

Since the parent tile is
an image tile (A), returns
an empty tile

Get Tile B

Generates an image

Get Tile D from a data tile

Since the parent is a
data tile (C), an image is
generated using
information from C

Get Tile E




Visualization Query for AID* (Single-Machine)

Get TI|64A> <> Retrieves Tile A

Since no image tile

Get Tile B exists with the name,
> R* tree is referred
with a range query
= for the tile MBR to
|| get all overlapping
Get Tile D records

R* Tree




Tuning Interactivity
- Through tuning the threshold 0

=
0o

0.6
500 msec cutoff
0.5 : ¢

0.4

&
B

Visualization Query Time (secs)

N

1 RN Ll (| [ 1 |
102 103 104 1056 106
# of records (Log scale)

Visualization query time with increasing
number of records in a single tile

Size of 6 is the biggest size a
data tile can be

Too big 8 => low interactivty

Too small 8 => exponentially
growing image index
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Experiments

Index Overhead (Log scale)

@ 6
1 5 1x10 12
g 11 g =
Gl S 100000 ¢ ¢ 4 ¢ ¢ 2 Nl o~
E /
0.01 é P E B
5 10000 | :.:I E 6
0.001 ; f,f/r/- F e ®m = & B
s A " M=) 4 2
0.0001 eSS E 1000 L — — 3 — ‘
100 300 500 800 z 8 10 12 14 16 18 20 10 12 14 16 18 20
Input Size Levels Levels
Input Size Vs Index Overhead Levels Vs Number of Tiles Levels Vs Const Time
1.4 ‘ ‘ ‘ ‘ ‘ *
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Credits

. Prof. Luc Anselin’s lecture

- Prof. Ahmed Eldawy and Dr. Saheli Ghosh work
. Dr. Ning Guo work
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https://www.youtube.com/watch?v=KJFSSET0Diw

