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Object recognition

Object recognition seeks to answer 2 questions:
 What is it?
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Segmentation as Selective Search

Object Recognition System: Training Pipeline

Ground truth
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Selective search enables the use of more powerful features and classifiers:

* Dense SIFT, OpponentSIFT and RGB-SIFT sampled at every pixel
(using software from www.colordescriptors.com)

« Codebook size 4,096; spatial pyramid with depth 4

« SVM classifier with Histogram Intersection Kernel and Fast Approximation [Maji2009]
* |nitial negatives overlap 20-50% with positive examples

» Retrain with false positives (found in the train set) as extra negatives

Part-based models versus bag-of-words models

Selective search based on hierarchical grouping
* Initial segments from oversegmentation [Felzenszwalb2004]

* Group adjacent regions on region-level similarity:
« Texture (gradient orientations)
 Region size

« Consider all scales of the hierarchy

Exhaustive search:
 Current state-of-the-art

Search strategies using part-based models
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Average Precision

Bag-of-words features instead of HOG:
Improvements for 10 out of 20 objects
*Oracle combination: +5% MAP

« Color spaces with complementary invariance properties:
some include shadow/shading pixels in a segment, others do not
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Average Precision

Constrain [Felzenszwalb2010] from

exhaustive to selective search:
20x fewer boxes -3% MAP
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Different goal from segmentation: gop A +E;128:;28’20°’25°- _
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prefer to generate many epproximate locations over RGE RGB+Opp  RGBiOppigb  RGB+OppHgbH * #1 localisation in IM/AGE Large Scale Visual Recognition Challenge 2011

few and precise object delineations, because:

1. objects whose locations are not generated can
never be recognised

Colour Spaces

Recall of Selective Search

« PASCAL VOC2010 test set (through independent evaluation server):
Improves the state-of-the-art by up to 8.5% AP (absolute) for 8 out of 20 objects

2. appearance and |mmed|ate nearby ConteXt are o Our ObJeCt Iocat|0n W|ndOWS are ClaSS-Independent System plane bike bird boat boitle bus car cat chair cow table dog horse motor person plant sheep sofa train @ tv
. . .y _ _ o _ _ NLPR 533 553 192 210 300 544 467 412 200 315 207 303 486 553 465 102 344 265 503 403
effective for ObJeCt recognltlon.  Achieves hlgher recall than S|Idlng Windows [Harzallah2009], Jumplng MIT UCLA [20] .542 485 .157 .192 .292 .555 435 417 .169 285 .267 .309 483 550 417 .097 .358 308 472 .408

. . ; . ; NUS 491 524 178 (120 306 535 328 373 177 306 277 205 519 .563 442 096 148 279 495 384

Windows [Vedaldi2009] and ‘Objectness’ [Alexe2010] UoCTTI [U] 524 543 130 156 351 542 491 318 155 262 135 215 454 516 475 091 351 .194 466 380

100t This paper S82 419 192 140 143 448 367 488 120 281 287 .394 441 525 258 Jd41 388 342 431 426

Conclusion

Design considerations:
* High recall 90
=» Details on the right

1,536 windows/image
96.7% recall

. . IS or ’-;ll --------------------------------------------------- Experiment 2: Maximum Recall of Selective Search for Recognition _ _ ) _

» Coarse locations are sufficient 3 70_‘ _____ Max. recall (%)  windows » Adopted segr.nentafuon as §eleqtlve search str.ategy: prefer to g_enerate many approximate locations over

> Use bounding boxes : Sliding Windows [13] 230 200 per class few and precise object delineations, as (1) objects whose locations are not generated can never be

"""""""""" = # = Sliding Windows (# per class) Jumping Windows [27] 94.0 10.000 per class recognised and (2) appearance and immediate nearby context are effective for object recognition.
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. N Otieciness (g)bectlle;S [1] géj 1?’222  Highest recall to date for Pascal VOC 2007 test set: only 1,536 class-independent locations/image capture

ess than 10s/image R s —— PO " 96.7% of all objects.
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Number of candidate windows  Highly effective for object recognition: improve the state-of-the-art for 8 out of 20 classes for up to 8.5% AP
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