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» System divided into two types of components:

CUDA :‘*"gum * Display component displays the imnput stream and runs
Graphics — — saliency (Figure 3)
<o * Recognition component gets image from the network and
—— e e processes 1t using HMAX (Figure 4), or SIFT and
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responds with a label.

* Display component displays the labels overlaid with the
video.

* Any number of recognition servers can be running in the
background 1n parallel.
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* Vision algorithms computationally
intensive

 Difficult to compare or tweak
different algorithms.

 GPGPU allows speedups of 10-50x Input
e Implemented a GPGPU-based
deteCtlon and recognltlon SyStem Orientation Channel 1 ( Color Channel 1 ( Intensity Channel 1 ( Flicker Channel ) [C;%] p—
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o . (cudaBuildPerriented() ) (cudaBuildPyrGaussian() ) (cudaBuildPyrGaussian() ) ( cudaBuildPyrGaussian() ) ( HMAX a
Sallency (Ittl, KOCh, 1 998) = P 20 ( cudaCenterSurround() ) ( cudaCenterSurround( ) ) ( cudaCenterSurround( ) ) ( cudaCenterSurround() ) ( cudaConvolveHMAX ( ) )
* Recognition backend uses either g cndabovnisise () % g cudadonpize() % g cudaDonsize() % E - % cusamarenax) ) To download this poster see:
. . \ cudaMaxNormalize () IR cudaMaxNormalize () IR cudaMaxNormalize () R cudaMaxNormalize | ( cudaSpatialPoolMax () ) |IabuscedU/ UbllcatlonS/dOC/
HMAX (Riesenhuber, Poggio 1999) s > Parks etal10?/ss.pdf
or SIFT (LOWG, 2()()4) // / // / Z / / g dPG:Mtz; % or take a picture of this QR Code:
* Framework allows rapid testing and | »? | | ‘ ’ To access our code see:
improvement of novel detection and , ~ lab.usc.eduftoolkit
- . Saliency
recognition algorithms Map
S
Discussion
 Saliency sped up by 10.8x compared to . . . . , , , ,
. . L. . » Saliency reliably detects objects 1n * Provides a realtime platform upon which to build and test
single CPU floating point implementation . s . . . . .
. video within the first few saccades e G et b o detection, tracking, and objection recognition algorithms.
« HMAX sped up by 10x (Chikkerur, 2008) . . o e ) Dt g Sy . o 1 . .
* Precision drops off quickly o St s » Top down "cognitive" systems can utilize this underlying
thereafter framework
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* Nonsalient objects are left, and
performance stalls

* Prior knowledge of relations between objects 1n both space
and time can be learned and utilized to enhance recognition.
This information can then be further refined into recognition
of events, and not just objects (e.g. ingress/egress by a person,
a traffic collision). Further research is planned 1n this area.
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