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Announcements

e Office hours: Thursdays 1pm — 2:30pm
e Course schedule is now online



Object detection: where are we?

Credit: Flickr ser neilalderney123

* Incredible progress in the last ten years

* Better features, better models, better learning
methods, better datasets

e Combination of science and hacks


http://www.flickr.com/photos/neilsingapore/

The 800-lb Gorilla of Vision Contests

 PASCAL VOC Challenge

* 20 categories

* Annual classification, detection, segmentation, ...
challenges



Object detection performance (2010)

Average Precision (AP %)

aero dining
plane bicycle bird boat bottle bus car cat chair cow table dog

BONN_FGT SEGM 927 337 132 MO 142 431 319 356 5.7 254 144 206

BEONN_SVR_SEGM 50.5 244 171 133 109 395 329 3865 56 186.0 66 223
CMIC_SYNTHTRAIN = 2589 = = = 302 13.3 = = = = =
CMIC_VARPARTS - 28.2 - - - 269 137 - - - - -

CMU_RAMDPARTS 23.8 NT 12 3.4 M1 297 195 142 08 1.1 7047
CMU_RAMDPARTS MAXSCORE - - 2.7 - - - - 16.2 - 10.6 8.5 -

LJKINPG HOG LEBP LTP PLS2ZROOTS 32.7 297 08 1.1 198 394 275 86 45 81 63 1.0

MITUCLA HIERARCHY 54.2 48.5 157 192 202 555 435 A7 169 285 26,7 309
NLPR_HOGLEBP MC LCEGCHLC 53.3 553 192 210 300 544 467 412 200 315 2007 303
NUS_HOGLEP_CTX CLS_RESCORE_V2 491 524 178 120 306 535 328 373 177 306 277 295

TIT_SIFT GMM_MKL 10.5 16 1.2 0.9 01 28 16 6.7 01 20 04 30
TT_SIFT GMM_MKLZ2 20.0 14.5 3.8 1.2 05 176 81 285 0.1 2.9 3.1 17.5
UC3M_GENDISC 15.8 5.9 56 2.3 03 102 54 126 05 56 45 7.7
UCl_DPM_SP 451 526 138 155 2823 532 445 266 176 - 16.1 20.4

UMNECUIUC _HOGLEP_DHOGEOW_SVM 40.4 347 27 8.4 260 431 338 172 M2 143 144 149
UMNECUIUC HOGLEP_LINSVIM 37.9 337 27 6.5 253 375 331 155 109 123 125 13.7
UOCTTI_LSVM_MDPM 52.4 2.3 130 156 351 542 491 318 155 262 125 215

UVA DETMONKEY 56.7 39.8 168 122 13.8 449 369 477 121 269 265 372

UVA GROUPLOC 28.4 396 180 133 111 464 378 439 103 275 208 360




Object detection performance (2010)

motor potted tv/
horse bike person plant sheep sofa train monitor
BOMNN_FGT SEGM 381 417 25.0 5.8 2603 181 376 281
EONN_SVR_SEGM 249 29.0 208 6.7 284 133 321 272
CMIC_SYNTHTRAIN 26.2 281 13.2 - - - 18.8 257
CMIC_VARPARTS 23.5 247 16.1 - - - 16.8 24.5
CMU_RAMDPARTS 16.4 1.5 16.0 1.1 156 102 147 21.0

CMU _RANDPARTS MAXSCORE - - 17.9 - - - 15.7 -
LJKINPG_HOG_LBP _LTP_PLSZROOTS 229 341 246 3.1 240 20 235 270
MITUCLA HIERARCHY 483 25.0 41.7 a7 358 308 472 40.8
NLPR_HOGLEP MC LCEGCHLC 48.6 553 46.5 10.2 344 265 503 40.3
NUS HOGLEP CTX CLS RESCORE V2 5149 063 44 2 9.6 148 279 495 36.4
TIT_SIFT_ GMM_MKL 2.0 4.4 20 a3 1.1 1.2 21 1.9
TIT_SIFT_ GMM_MKL2 7.2 186.8 3.3 0.8 2.9 6.3 7.6 1.1
UCIM_GENDISC 11.3 126 5.3 1.5 2.0 5.9 a1 3.2

Ucl_DPM_SP 45.5 91.2 43.5 116 309 203 476 -
UMNECUIUC HOGLBP DHOGBOW SVM 31.8 373 30.0 6.4 252 M6 300 357
UMNECUIUC _HOGLBP LINSVM 296 34.5 338 7.2 224 a9 289 341
UocCTm_LSVM_MDPM 45.4 216 475 91 351 194 466 36.0
UvA DETMONKEY 421 519 257 12.1 2F8 330 M5 41.7
UvVA GROUPLOC 39 4 48 5 2249 13.0 J68&8 305 M2 41.9

The 2011 server opened for submissions today!



Machine learning for object detection

e What features do we use?

— intensity, color, gradient information, ...

* Which machine learning methods?
— generative vs. discriminative
— k-nearest neighbors, boosting, SVMs, ...

* What hacks do we need to get things working?



Histogram of Oriented Gradients (HoG)

HoGify

20x20 cells

[Dalal and Triggs, CVPR 2005]



Histogram of Oriented Gradients (HoG)
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Histogram of Oriented Gradients (HoG)

Input Normalize Compute Weighted vote Contrast normalize Collect HOG’s Li Person /
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image X gradients . . ) " , SVM e
coloutr orientation cells spatial blocks window classification

e Like SIFT (Scale Invariant Feature Transform),
but...

— Sampled on a dense, regular grid

— Gradients are contrast normalized in overlapping
blocks

[Dalal and Triggs, CVPR 2005]



Histogram of Oriented Gradients (HoG)

* First used for application of person detection
[Dalal and Triggs, CVPR 2005]

e Cited since in thousands of computer vision
papers

FELEE 0NN



Linear classifiers

e Find linear function to separate positive and negative
examples

O
® X. positive:  X.-w+b>0
® ° X; hegative : X, -w+b<0
O
O
® o e o
o O
O
O
o O
Which line
® is best?
O

[slide credit: Kristin Grauman]



Support Vector Machines (SVMs)

e Discriminative classifier
based on optimal
separating line (for 2D
case)

e Maximize the margin
between the positive
and negative training
examples

[slide credit: Kristin Grauman]



Support vector machines

e Want line that maximizes the margin.

X. positive(y. =1): X, -W+b>1
X. negative (y, =-1): x,-w+b<-1

For support, vectors, X W+ b=+1

Support vectors Margin
C. Burges, A Tutorial on Support Vector Machines for

Pattern Recognition, Data Mining and Knowledge

Discovery, 1998 [slide credit: Kristin Grauman]



http://www.umiacs.umd.edu/~joseph/support-vector-machines4.pdf
http://www.umiacs.umd.edu/~joseph/support-vector-machines4.pdf

Person detection, ca. 2005

1. Represent each example with a single, fixed
HoG template

Code available: http://pascal.inrialpes.fr/soft/olt/



http://pascal.inrialpes.fr/soft/olt/
http://pascal.inrialpes.fr/soft/olt/
http://pascal.inrialpes.fr/soft/olt/

Positive and negative examples

+ millions more...



HoG templates for person detection




Person detection with HoG & linear SVM

[Dalal and Triggs, CVPR 2005]



Are we done?



Are we done?

* Single, rigid template usually not enough to
represent a category

— Many objects (e g. humans) are artlculated or have parts
v B

""F/‘r‘h

— Many object categories look very different from different
viewpoints, or from instance to instance




Difficulty of representing positive instances

e Discriminative methods have proven very powerful
e But linear SVM on HoG templates not sufficient?

e Alternatives:
— Parts-based models [Felzenszwalb et al. CVPR 2008]
— Latent SVMs [Felzenszwalb et al. CVPR 2008]

— Today’s paper [Exemplar-SVMs, Malisiewicz, et al. ICCV
2011]



Parts-based models

Our first innovation involves enriching the Dalal-
Iriggs model using a star-structured part-based model
defined by a “root” filter (analogous to the Dalal-Triggs
filter) plus a set of parts filters and associated deforma-
tion models.

Felzenszwalb, et al., Discriminatively Trained Deformable Part Models,
http://people.cs.uchicago.edu/~pff/latent/



http://people.cs.uchicago.edu/~pff/latent/
http://people.cs.uchicago.edu/~pff/latent/

Latent SVMs

e Rather than training a single linear SVM
separating positive examples...

* ... cluster positive examples into
“components” and train a classifier for each
(using all negative examples)



Two-component bicycle model

“side” component

“frontal” component




Latent SVMs

Our second class of models represents an object cate-
gory by a mixture of star models. The score of a mixture
model at a particular position and scale is the maximum
over components, of the score of that component model
at the given location. In this case the latent information,
z, specifies a component label and a configuration for
that component.

* [atent because component labels are
unknown in advance



Training of Latent SVMs

Components are initialized by clustering positive
instances by bounding box aspect ratio

Linear SVM is learned for each component

Each positive instance reassigned to the
component that gives the max SVM response

SVMs are retrained, and the process repeats

Before training, training data is doubled through
flipping

[Felzenszwalb et al., PAMI 2010]



Exemplar-SVMs for Object Detection

* Brings us to today...

 Why do discriminative techniques work so
well?

— When there are 100s of millions of training
instances, kNN is infeasible

— Parametric classifiers very good at generalizing
from millions of negative examples

— This paper’s claim: parametric classifiers *aren’t*
the right way to represent positive examples

Ensemble of Exemplar-SVMs for Object Detection and Beyond. Malisiewicz, Gupta, Efros, ICCV 2011.



Representing positive examples

However, the parametric nature of these classifiers, while
a blessing for handling negative data, becomes more prob-
lematic when representing the positives. Typically, all pos-
itive examples of a given object category are represented
as a whole, implicitly assuming that they are all related to
each other visually. Unfortunately, most standard seman-
tic categories (e.g., “car”, “chair”, “train”) do not form co-
herent visual categories [14], thus treating them paramet-

rically results in weak and overly-generic detectors.

address this problem, a number of approaches have used
semi-parametric mixture models, grouping the positives
into clusters based on meta-data such as bounding box as-
pect ratio [9], object scale [15], object viewpoint [11], part
labels [3], etc. But the low number of mixture components
used in practice means that there is still considerable varia-
tion within each cluster. As aresult, the alignment, or visual
correspondence, between the learned model and a detected
instance is too coarse to be usable for object association
and label transfer. While part-based models [9] allow dif-




Exemplar-SVMs

This paper goes to the extreme, and learns a separate
classifier for every positive example (and millions of
negative examples)

Each positive instance becomes an exemplar with an
associated linear SVM; at test time each classifier is
applied to a test image

“Non-parametric when representing the positives, but
parametric... when representing the negatives

Allows for more accurate correspondence and
information transfer



Category SVM

Vs.

Exemplar-SVM 1

Exemplar-SVM N




Example

Exemplar w Top 5 detections

Raw HoG
+ NN

Exemplar-
SVM '

Learned ‘
distance fn ;

“learns what the exemplar is not”



Multiple instances of a category

T B
LRy
" lghal

 Each classifier fires on similar trains



Successful classifications




Failed classifications




Does it really work?

g 'E:_ ';_ﬂ;'-. - = % " E = -gj a0
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Geometry transfer
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Geometry transfer

Exemplar

Meta-data

Geometry
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Segmentation transfer

Exemplar

Detector w

Meta-data

Segmentation




Segmentation transfer
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Segmentation transfer
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“Object priming” transfer

Exemplar

Detector w

Appearance

Meta-data




Histogram of Oriented Gradients (HoG)
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Conclusions and open issues

Interesting new idea for object detection

... but does it really work? Seems to perform
well on some categories, but not others

Maybe this is too extreme -- some grouping of
positives seems like a good idea

How to come up with better ways of
clustering?



