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•PERCEPTUAL ISSUES

•Physical construction of perceptual 
machinery results in many limitations and 
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•LIMITEDVISUAL COMPREHENSION

•Overestimation of capacity
•Wide variance in capacity

•Undefinable “optimal” visualization



•VISUALIZATION CHALLENGE

•with very bandwidth limited—we 
need to compress the data while 

maintaining features salient to analysis



•TOPOLOGICAL DATA ANALYSIS AND
VISUALIZATION

•study of approaches to EXTRACT structure 
from NOISY or COMPLEX data and

REPRESENT that data in an actionable form
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•SO, WHAT DOES TDA GIVE US?
•Multiscale skeleton of features in the 

data
•Works in any number of dimensions

•Handles discrete data by building 
filtrations on data

•The visualization challenge—applying 
this approach to meaningfully reduce 

visual complexity



•SUCCESSFULTDA APPLICATIONS
•VECTOR FIELD SIMPLIFICATION

• P. Skraba, P. Rosen, B. Wang, G. Chen, H. Bhatia, V. Pascucci, Simplifying critical points in 
3d vector fields with robustness, to appear IEEE Transactions on Visualization and 
Computer Graphics, 2016. 

• P. Skraba, B. Wang, G. Chen, P. Rosen, Robustness-Based Simplification for 2D Steady 
and Unsteady Flows, IEEE Transactions on Visualization and Computer Graphics, 21(8): 
930-944, 2015.

• P. Skraba, B. Wang, G. Chen, P. Rosen. 2d vector field simplification based on robustness. 
In IEEE Pacific Visualization Symposium, PacificVis, 2014.

• B. Wang, P. Rosen, P. Skraba, H. Bhatia, V. Pascucci. Visualizing robustness of critical 
points for 2d time-varying vector fields. In Computer Graphics Forum (EuroVis), 2013.



•MOTIVATION

•Increasing gap between 
increasing size and 

complexity of VF data and 
limited bandwidth of our 

visual perception channel

Swirling	jet	simulation
[Tricoche,	Scheuermann and	Hagen	2001]
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•DEGREES

•If a component has degree zero, it is 
possible to replace the VF inside C 

with a VF free of critical points



•COMPUTATION OF
ROBUSTNESS: MERGE TREE

•Consider the gradient magnitude 
function

•Construct a merge tree around the 
critical points
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•ROBUSTNESS

•Robustness quantifies the stability of a critical point 
with respect to perturbations of the vector fields

•Robustness:rb(x1) = rb(x2) = r1 , rb(x3 ) = rb(x4 ) = r2

•CHAZAL, PATELAND SKRABA 2011
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•SIMPLIFICATION OF THE VECTOR FEILD

•Operates only on sublevelset
•Maintains boundary, provides a minimum 

perturbation to simplify

•For details, see P. Skraba, B. Wang, G. Chen, P. Rosen. 2d 
vector field simplification based on robustness. In IEEE Pacific 

Visualization Symposium, PacificVis, 2014.







•VF CONCLUSION

•Robustness identifies critical points 
considered turbulence or noise

•Simplification removes those critical points 
to focus on global flow structure

•We have also published extensions to time-
varying and 3d vector fields
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•A CLOSER LOOK AT THE CONTOUR TREE

Scalar	Value	
of	Merge	or	
Split	Event

Persistence	
of	the	
Feature



•FEATURE REMOVAL



•BRAND NEW PROJECT

•No results to report yet
•Radio astronomy data is very noisy 

(low SNR)—our hope is that contour 
tree simplification helps in pattern 

detection
•RA/Postdoc positions available to 

work on the problem



•SUCCESSFULTDA APPLICATIONS
•NUCLEAR ENGINEERING

D. Maljovec, B. Wang, P. Rosen, A. Alfonsi, G. Pastore, C. 
Rabiti, V. Pascucci, “Topology-Inspired Partition-Based 
Sensitivity Analysis and Visualization of Nuclear 
Simulations”, to appear IEEE Pacific Visualization, 2016. 

Image from: Mahadevan, et al. High-resolution coupled
physics solvers for analysing fine-scale nuclear reactor design
problems. Phil. Trans. of Royal Society of London, 2014



•MORSE-SMALE COMPLEX

•IMAGE COURTESY GUONING CHEN

Morse-Smale Complex	defines	
regions	of	monotonic	behavior



•MORSE-SMALE REGRESSION

•IMAGE FROM: GERBER, ET AL. “MORSE-SMALE REGRESSION.” JOURNAL OF COMPUTATIONAL AND GRAPHICAL STATISTICS, 2013.





•NEW TDA APPLICATIONS
•Network/Graph Visualization



•THE MAP OF
SCIENCE

•understanding 
cross-disciplinary 

relationships in science





•CIRCULAR
PARAMETERIZATION
•topological analysis tool 

that finds circles in 
high-dimensional data, projects 

data onto those circles, 
and visualizes results



•EMBED THE GRAPH
• Form a distance matrix to 

embed in some high 
dimension
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•EXTRACT CYCLES
• Find high persistence cylces

Persistence



•PROJECT THE DATA
• Using a circular 

parameterization based 
upon a cohomological

reduction method



•PREMISE
• Properly embedded in high 

dimensional space—items 
at similar locations along 

the circle are more likely to 
interact.





















•WHY TOPOLOGICAL
DATA ANALYSIS

•reduced visual complexity to 
aid exploration that may 
otherwise be impossible

•RA/Postdoc positions available 
to work on the problem



•SUCCESSFUL TDA APPLICATIONS
•SOFTWARE PERFORMANCEANALYSIS: CYCLICAL

BEHAVIOR IN MEMORY REFERENCETRACES

•A.N.M. I. Choudhury, B. Wang,P. Rosen, and V. Pascucci. Topological 
analysis and visualization of cyclical behavior in memory reference traces. 

In IEEE Pacific Visualization Symposium, PacificVis, pages 9 -16, 2012.



•CONCLUSIONS

•Application of TDA to visualization is 
a relatively new approach for taming 

big data problems
•Highly applicable to certain classes of 
data (essentially data embeddable in 
an N-dimensional space) and certain 

classes of visual analysis task (analyzing 
certain types of multiscale structure)
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•QUESTIONS?

•CONTACT:
•Paul Rosen

•prosen@usf.edu
•http://www.cspaul.com






