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Our VMAViIsion



Holistic (Computer/Robotic) Vision

Geometric Reconstruction meets
Semantic Recognition for 3D holistic visi
Realtime, robust geometrycentric vision
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Realtime cameraposelocalization A Visualplace/scenaecognition
3Denvironmentmapping A Objectrecognition, localization
Depthand motion estimation A Humanre-identification
Largescaleurbanreconstruction A Actionrecognition, tracking

t ‘ How model, solve, compute’ ‘

A Multiple sensors A Geometryaware filtering A Mobile cameras
A Modern vehicles w Fast randomized algorithms A Big visual data

A Moving robots R S e T T e A Rich annotations
A Opportunistic scan | ¢, Deep learning innovation A Powerful machine




" Scene structure

A Photorefocus
A Rain removal

A Imagestitching
A Multi-scaledec.
A Structure extra.
A Image warping
A Colorization
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3D vision & percept.

(CODH9 / / +0 i ¢
| Feature matching

Fine-grained
recog.w ¢ Lt

s

5{9 w/ xtw

t L{! w/ Ht
| Camera pose rec . Pixelacc. salienc

(SLAMOG ¢ / { 6 €
. 3D object prop. | =

A\

Recog & Cseg.

=

Edgeaware filteri

/[ aC &l
Local EAF

 FGIOO / |
| Sparse to dens

Generalized

SPM. t wlL/
Global optim.

s

al L/ ot ﬂ a/%urrent topics\

A Scendlow
A Robust SLAM
A Motion seg

A Text detection
A Placerecogn
A Scene labeling
A Actionrecog

A Deep learning
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3D vision & percept.
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A Photorefocus
A Rain removal

A Multi-scaledec.
A Structure extra.
A Image warping
A Colorization
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VMA Techs for Autonomous System

— Dense depth & motion

— Feature matching and mapping-

3D object
proposals

)
Object mapping

Image Obiject proposals  Parts Action mask  Interacted objects

\ ' Using
~7 Computer




Related VMAech



#1 Perceiving Depth & Motion for AS: Matchin

A general, efficient discrete optimizer fstereo & flow & etc
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A A simple formulatiorw/o
Superpixel-level graph (" Shared particle generation\ A Complexenergy terms
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V General MRF for labeling problems
V Superiorfor hugelabel spaces

V 50-100x faster than [PMBP]

V Edgeaware filtering + PM + BP
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