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Introduction

Who am 1?

APhD in scientific visualization (TU Eindhoven, 2000)
Aassistant professor in visualization (TU Eindhoven, 2000-2007)
Aprofessor in multiscale visual analytics (RuG, since 2007)

A15 PhD students, 70+ MSc students

A200+ international publications in data visualization .
Aco-founder SolidSource BV

www.solidsourceit.com

www.cs.rug.nl/~alext
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Data Visualization: Principles and Practice
A. K. Peters, 2008 / 2014
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Outline

1. ADbit of (Personal) History
2. Modeling Visualization
3. Image-Based Information Visualization

4. Lessons learned & Where to go next



A Bit of (Personal) History

Before 1980




<2000: Scientific Visualization
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A. Telea (2000) Visualisation and Simulation with Object-Oriented Networks; PhD thesis
G. Nielson, H. Hagen, H. Muller (1997). Scientific Visualization: Overviews, Methodologies, and Techniques; IEEE
L. J. Rosenblum (ed.) (1994) Scientific Visualization: Advances and challenges; Academic Press



>2000: Information Visualization
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A. Telea, A. Maccari, C. Riva (2002) An Open Toolkit for Prototyping Reverse Engineering Visualizations; EG VisSym
J. Stasko, J. Domingue, M. Brown, M. Price, B. Price (eds.) (1998) Software Visualization: Programming as a Multimedia Experience
S. Card, J. Mackinlay, B. Shneiderman (1999): Readings in information visualization i Using vision to think



Scivis vs Infovis

A what are the differences?

A what are the similarities?

A how to unify them to better
A Understand

A Explain
A Reuse
A Progress




SECOND EDITION
The Visual Display
of Quantitative Information

EDWARD R. TUFTE

Tufte (2001)

2 P

DATA VISUALIZATION

PRINCIPLES AND PRACTICE

Telea (2008)

None of these (fully) clarifies how/why Scivisa n d |

Scivis vs Infovis

EDITORS
CHARLES D. HANSEN
CHRISTOPHER R. JOHNSON

Hansen et al. (2005)

Information Visualization

PERCEPTION FOR DESIGN

Colin Ware

Ware (2012)

Visualization
@ Analysis& Design

Tamara Munzner

Munzner (2008)

M MORGAN &CLAYPOOL PUBLI

Image-Based Visualization
Interactive Multidimensional
Data Exploration

Christophe Hurter

LECTURES ON VISUALIZATION

David Ebert, Serics £

Hurter (2015)
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The Visualization Pipeline: A Technical View

imported enriched
raw data dataset dataset
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shape

data acquisition data enriching, map abstract draw visual
transformation, data to visual representations
resampling... representations
i)
measuring '-:.;.'f‘ "ﬁ
device or end user 4-1
simulation insight into the original phenomenan L
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Direct vs Inverse Mapping Principles

position
+ color
shading

x=?
y="?
Axy)=(2.7)

ERCERE mapping rendering
1 12 |4 : :
3 6
4 |5.8|11
abstract visual features rendered
dataset dataset image 3
map height to recognize height
scalar values from image /
C— > direct mapping

= inverse mapping

A. Telea, Data Visualization i Principles and Practice, 2" ed., CRC Press, 2014

tool

user



The Visualization Pipeline: A Perceptual View

filtering, mapping, rendering, viewing

Choroid

Y

Figure 1 Vitreous Humor

data (invisible) image (visualization) low-level vision image interpretation shapes, concepts,
rel ati ons

| | | I |

objective O0tretph@&sentati on o ffirshdecodihghldyer second decoding layer perceived
(object) (representamen) (low-level, syntactic) (high-level, semantic) information

Interpretation challenges
A low-level vision: must know how the eye sees colors, contrasts, textures, e

A pattern recognition: must know how the brain assigns meaning to shapes
A high-level sensemaking: must know how the user decides based on semantics

How to design a visualization so i t idterpreted the way we want?



Rules for Visual Design: Visual Variables
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A New Look at Data Mapping

Data Variables
f:DY C

Codomain C

categorical (
ordinal (=1 , <)

integral (=,1 , <-) +,
quantitative (=, | ,-g), +

Domain D

anything really (1)

Much like SciVis + Infovis

:,|,)

Visual Variables
f-DY C

Codomain C

brightness, hue, contrasts,
edges, textures, e

continuous variables (!)
Domain D

2D Euclidean space

Much like Scivis



SciVis vs InfoVis, revisited

What are the differences you see between the three types
In terms of visualization but also displayed data?



SciVis vs InfoVis, revisited: Focus on SciVis
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SciVis

A visual variables: 2D and 3D

A quantitative data (temperature, pressure, velocity, density, etc)

A data is numerical and continuous

A data is defined over a 2D or 3D spatial domain (location is given)
A every point in this domain carries a data value (data is dense)



SciVis vs InfoVis, revisited: Focus on InfoVis
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InfoVis

A visual variables: 2D (mostly)

A any data (quantitative, text, categories, relations)

A data is not necessarily numerical and is usually discontinuous (e.g. relations)
A data has no spatial association (location is chosen by the visualization design)
A not every point in the visualization has a data value (data is discrete)




SciVis vs InfoVis, revisited: Hybrids
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Hybrids
A visual variables: 2D or 2.5D

A any data (like in InfoVis)
A at least one attribute is numerical and continuous (e.g. space in a map, time in a

stock chart) and at least one is not (e.g. population measured per county)
A examples: geovisualization, timeline charts



Extra complication: Big Data

Little Data
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A hundreds..thousands of
A 1..3 dimensions
A focus on details
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A (tens of) millions of items

A tens..hundreds of dimensions

A focus on the big picture



Big Data Solution: Multiscale nature of images!
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SciVis vs InfoVis data

Continuous, numerical, spatial data

subsample

[

bone dataset, 80K points bone dataset, 20K points

subsample

-

bone detail, 88 polygons

bone detail, 87 polygons

Awe throw away 75% of the data
Athe semantics stays the same

Ainterpolation: simple
Aresampling: Cauchy-continuous J

Discrete, non-numerical, non-spatial data

void ASTVisitor: sbraverse(ASTHode &obj)

<

inelNode(A); //put on the bottom of the
ick Ttem(sent. inelNode , SHOULD_IGNORE )}
WISIT)Y; /rthe node thot

it Lodratask mpte ) H ?
{ subsample AN,
D

ASTHode Ecurode(stack.top() .asthode);
it (st (). pOStYistt == SHOULD_IGNORE

(stock . toy 3
t stack.pop();
¥
[

if {stack.top{).postVisit == SHOULD_POSTWISITY

stack.pop();
if {wisitResult == VISIT_POSTRPARENT)

C++ text, 80K lines C++ text, 20K lines

#include =banking.h- #include hanking.hs

subsample _
void bankCoshTronsfer{int amount) void bankCashTransfer{int amount)

{ ——)
currentBa lu amnourt. ; currentBa luount;
I I

C++ text, 88 chars C++ text, 87 chars

Awe throw away one single character
Athe semantics becomes fully different!

Anterpolation: often not possible
Aresampling: not Cauchy continuous L

How to handle this challenge for Infovis data?



Solution Idea: Image-Based Visualizations

LIC for 3D surfaces (2004) LIC for 3D flow (2008) LIC for tensor fields (2009)



How to build image-based
visualizations
for Infovis big data?




Idea 1: Dense Pixel Displays

a) every pixel shows information (little..no whitespace, output=dense field)
b) close pixels = similar/related data items (again, related to field notion)
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ldea 2: Use Shading

a) shading creates shapes
b) shapes show data (patterns, groups, relations)

{£3C:] 2: - WinDirStat il =[0f x|
File Edit CleanUp Treemap Report Options Help
S BA@AO X O(RA| 2
me [ Subtree Perc... | Percentage | >size | Items | _Files | Attributes ~
S [1:325] 25.0GB 118317 104,820
— 87.0% 21.8GB 107,161 94,694

ion

@ ipg n JPEG-Bild

E Jmg [ Paint Shop Pro

dta [ DTA-Datei

D .exe [ Anwendung

@ il _ Pr uammlmbl iotl
e

e 54,3% 11,86l 2,803 63,12

nte u... - 24.5% 53GB 14,543 13,375
[} 8.9% 1.9GB 8580 7,675 C |—
I 67%  14GB 10,515 9,876
I
I

3.4% 768.3MB 11 11

2.2% 483.8MB 558

- RAM Usage: 1958 é - .
cushion treemaps (1999) cushion treemaps (WinDirStat) cushion Voronoi treemaps (2012)

Y T
| B T
"||| I || l‘ | "“ T =
i AmIEG g
dir
| .': | ! ’-‘:W i : ‘

peer-to-peer dynamlcs (2004) dynamlc memory aIIocatlons (2007) executlon traces (2012)



ldea 2: Use Texture

Texture encodes (multiple) attribute values
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Idea 3: Simplify Data in Image Space

If data is suitably mapped to a (dense) image space
then we can simplify it much as we do with images!

e i .
e, o e

graph Iyout (software dependencies) node density map showing strong components
Map (Simplify(datg) = Simplify(Map (Data))

W. De Leeuw, R. van Liere (2003) GraphSplatting: visualizing graphs as continuous fields; IEEE TVCG 9(2)



Applications 1. Multivariate/Dynamic Networks

A one of most complex Infovis data types
A relations, attributes, multiple data types, time-dependent data
A datasets of millions of nodes/links, tens of attributes/item

S. Diehl, A. Telea (2014) Multivariate Networks in Software Engineering; Springer
T. Von Landesberger et al. (2011) Visual Analysis of Large Graphs: State-of-the-Art and Future Research Challenges; CGF 30(6)



