Category-level localization

Cordelia Schmid



Category-level localization

» Localization of object outlines

Learning shape-based models
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Category-level localization

» Localization of object pixels
— Pixel-level classification, segmentation




Overview

« Shape-based descriptors

« Learning deformable shape models



Shape-based features for localization

o Classes with characteristic shape
— appearance, local patches are not adapted
— shape-based descriptors are necessary
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Pairs of adjacent segments (PAS)

Contour segment network

1.

[Ferrari et al. ECCV’06]

Edgels extracted with
Berkeley boundary detector

Edgel-chains partitioned into
straight contour segments

Segments connected at
edgel-chains’ endpoints and
junctions



Pairs of adjacent segments (PAS)
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Features: pairs of adjacent segments (PAS)

Example PAS
Why PAS ?

+ can cover pure portions
of the object boundary

+ intermediate complexity:
good repeatability-
iInformativeness trade-off

+ scale-translation invariant

+ connected: natural grouping
criterion (need not choose a
grouping neighborhood or scale)



PAS codebook

PAS descriptors are clustered into a vocabulary

l —-—] r—
l TT— ( ] a few types from 15
—— { indoor images
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Window descriptor
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Training

/IHDUQ PHDQ SRVLWLYH ZN[\Q'GM; GLPHQVLRQV
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Training

5. Train a linear SVM from positive and negative window descriptors

A few of the highest weighed de
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Testing
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Experimental results — INRIA horses

'‘DWDVHW SRVLWLYH QHQOQDWLYHK RFENDIHWHVUI
ZLGH UDQJH RI VFDOHY FOXWWHU

Detection-rate vs FPPI plot
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+ tiling brings a substantial improvement

optimum at T=30 used for all other experiments
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Experimental results — INRIA horses

'‘DWDVHW SRVLWLYH QHQOQDWLYHK RFENDIHWHVUI
ZLGH UDQJH RI VFDOHY FOXWWHU

INRIA horses
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Results — ETH shape classes

'‘DWDVHW LPDJHYV FODVVHV EOXAWWRNBDOH FKLC
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Results — ETH shape classes

'‘DWDVHW LPDJHYV FODVVHV BREOXAWWRNBDOH FKLC

WUDLQLQJ KDOI RI SRVLWLYH LPDJHV IRU D |

VDPH QXPEHU IURP WKH RWKHU FODVYV
WHVWLDQORW®AEU LPDJHYV




Generalizing PAS to KAS
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Overview

* Localization with shape-based descriptors

« Learning deformable shape models



L earningasdtomadidshiamaemooiddsioommages

Training data

Training: bounding-boxes

Testing: object boundaries

[Ferrari, Jurie, Schmid, 1JCV10]




Learn a shape model from training images

Training data
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prototype shape deformation model




Match It to the test Iimage




Challenges for learning

Main issue

which edgels belong
to the class boundaries ?

Complications
- Intra-class variability
- missing edgels

- produce point correspondences
(learn deformations)




Challenges for detection

- scale changes
- Intra-class variability

- cluttel

- fragmented and
Incomplete contours




| ocal contour features

PAS
Pair of Adjacent Segments

+ robust
connect also across gaps

+ clear
descriptor encodes the
two segmentsnly

+ Invariant
to translation and scale

+ intermediate complexity
good compromise between
repeatability and informativity




| ocal contour features

PAS
Pair of Adjacent Segments

two PAS in correspondence
— translation+scale transform
— use in Houg-like scheme

Clustering descriptors
— codebook oPAS types

(here from mug bounding boxes




Learning: overview

%t%‘ N
IR

find models parts assemble an initial shape refinestiape




Learning: finding model parts

Intuition
PAS on class boundaries reoccur ¢
similar locations/scales/shapes

Background and details specific to
iIndividual examples dor




Learning: finding model parts

Algorithm

1. align bounding-boxes up to
translation/scale/aspect-ratio

2. create a separate voting space
per PAS type

3. soft-assign PAS to types

4. PAS cast ‘existence’ votes in
corresponding spaces




Learning: finding model parts

Algorithm
1. align bounding-boxes up to
translation/scale/aspect-ratio

2. create a separate voting space
per PAS type

3. soft-assign PAS to types

4. PAS cast ‘existence’ votes in
corresponding spaces

5. local maxima— model parts




Learning: finding model parts

Model pars

- location + size (wrt canonical BB)
- shape (PAS type)

- strength (value of local maximum)




Learning: finding model parts

Why does it work ?

Unlikely unrelated PAS have similar
locationandsizeandshape

— form no peaks !

Important properties
+ see all training data anhce

— robust
+ linear complexity

— efficient large-scale learning




Learning: assembling an initial shape

Not a shape yet

- multiple strokes
- adjacent parts don't fit together

Why °
- parts are learnhdependently

Let’s try to assemble parts
Into a proper whole

best occurrence for each part _
We want single-stroked,

long continuous lines !




Learning: assembling an initial shape

all occurrences in a few training images

Observation
each part has several occurrences

1

can assemble shape variations by selecting different occurrences

ldea
select occurrences so as to form larger connected aggregates




Learning: assembling an initial shape

Hey, this starts to look like a mug
+ segments fit well within a block

+ most redundant strokes are gone

Can we do better ?

- discontinuities between blocks ?

- generic-looking ?




Learning: shape refinement

|dea

treat shape as deformable point set
andmatch it baclonto training images

How *
- robust non-rigid point matcher: TPS-RPM
(thin plat spline — robust point matching)

- strong Initialization:
align model shape BB over training BB

— likely to succeed

Chui and RangarajaA new point matching algorithm for non-rigid registratjd@VvIU 2003




Learning: shape refinement

Shape refinement algorithm

1. Match current model shape back
to every training image

backmatched shapes are in full
point-to-point correspondence !

2. set model to mean shape

3. remove redundant points

4. if changed— iterateto 1




Learning: shape refinement

Final model shape

+ clean(almost only class boundaries)

+ smooth, connected lines
+ generi-looking
+ fine-scale structures recovered

(handle arcs)

+ accurate point correspondences
spanning training images




Learning: shape deformations

From backmatching
Intra-class variation examples,
In complete correspondence

!

Apply Cootes’ technique

1. shapes = vectors in-D spac
2. apply PCA

Deformation model
. topn eigenvectors covering 95% of variance

e = mean shape . associated eigenvaluds (act as bounds)

— valid regionof shape space

Tim CootesAn introduction to Active Shape Models, 2000




Learning completed !
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Automatic learning of
shapes, correspondences, and deformations
from unsegmented images




Object detection: overview

Goal
given a test image, localize class
Instances up to their boundaries

How ?

1. Hough voting over PAS matches
— rougl location+scale estimat

2. use to initialize TPS-RPM

combination enables true pointwise
shape matching to cluttered images

3. constrain TPS-RPM with
learnt deformation model

— better accuracy




Object detection: Hough voting

Algorithm

. soft-match model parts to test PAS

. each match
— translation + scale change
— Vvote In accumulator space

. local maxima
— rough estimates of object candidate

Leibe and Schiele, DAGM 2004; Shotton et al, ICCV 2005; @pelt ECCV 2006




Object detection: Hough voting

Algorithm

. soft-match model parts to test PAS

. each match
— translation + scale change
— Vvote In accumulator space

. local maxima
— rough estimates of object candidate

Initializations for shape matching

Leibe and Schiele, DAGM 2004; Shotton et al, ICCV 2005; @pelt ECCV 2006




Object detection: Hough voting

Remember ... soft !

- vote oc shape similarity

- vote oc edge strength of test PAS
- vote oc strength of model part

- spread vote to neighbori
location and scale bins




Object detection: shape matching by TREBM

Initialize
get point sets V (model) and X (edge poi

Goal
find correspondences M &

non-rigid TPS mapping
M = (|X|+1)x(]V|+1) sof-assign matri
Algorithm

Deterministic annealing: 1 deate i basgd on
iterate with T decreasing dist(TPS,X) + orient(TPS,X) + strength(X)

— M less fuzzy (looks closer) < 2. Update TPS:

— TPS more deformable _Y = MX
- fit regularized TPStov¥— Y

Chui and RangarajaA new point matching algorithm for non-rigid registratjd@VvIU 2003




TPSRPM In action !

Criginal V and X TPS Warping

Transformed V + X

L £
fwesemc
=9

o
5
£

AR

Transformed V + X Estimated Shape Y=MxX

F gt e gt

£ iz o

sl e il b

s F
o

r/4




ODbject detection: constrained THRPM
Output of TPS-RPM

nice, but sometimes inaccurate
or even not mug-like

Why ?
genericTPS deformation model
(prefers smoother transforms)

Constrained shape matching

constrain TPS-RPM by learnt
class-specifideformation model

+ only shapes similar to class members

+ improve detection accuracy




ODbject detection: constrained THRPM

General iIdea

constrain optimization to explore
only region of shape space spanned b
training examples

How to modify TPS-RPM ?

1. Update M

2. Update TPS:
-Y = MX
/ - fit regularized TPS to ¥— Y

hard constraint,
sometimes too restrictive




ODbject detection: constrained THRPM

General iIdea

constrain optimization to explore
only region of shape space spanned b
training examples

Y

L v-v)

nit

Soft constraint variant
1. Update M

2. Update TPS:
-Y = MX

Y Yot (Y- Y)

< Tinit
- fit regularized TPSto V— Y

Y is attractedby the valid region

soft constraint,




Soft constrained TREPM In action |

Cnginal V and X TPS Warping

Transformed V + X
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ODbject detection: constrained THRPM
Soft constrained TPS-RPM

+ shapes fit data more accurately

+ shapes resemble class members
+ In spirit of deterministic annealing !

+ truly alters the sear
(not fix a posteriori)

Does it really make a difference ?

when it does, it's really noticeable
(about 1 in 4 cases)




Datasets: ETHZ Shape Classes

« 255 images fronGGoogle-imagesandFlickr

- uncontrolled conditions
- variety: indoor, outdoor, natural, man-made,
- wide range of scales (factor 4 for swans, facttmaapple logos )

o all parameters are kept fixed for all experiments
e fraining images: 5x random half of positive; tesages:all non-train




Datasets: INRIA Horses

« 170 horse images + 170 non-horse ones
- clutter, scale changes, various poses

o all parameters are kept fixed for all experiments
e fraining images: 5x random 50; test images: afl-train images




L)
O
O
O
&
O
@
-
 —
S
@
[
%
=
-
p)
O
ad

Y™ LTY) * * 000
..o o** . co“ ﬂo.o ‘Oo %
"oy . ..” * . .
e coret e e ssscees
00000 2000000 0 ss0eet 000 °08 0 00, 00*
ottt u\ 2% seee % ooooo\oo . .m”co
LW t: batee s Lo
N e00 00 s00s00ee 4 %o, sest®ee® Pee , Lev0eeee®

“E NS W
7 ! { ;
.“-.. ..osq 'o...f .t.oi\..

o %o o’ 00./ 2 * %oooooopo s S ’ Oﬂlﬂ.
cny & s b ~ 3
N ; m .. 1 r;u....u %
/ ; { ! s s
o\ . .
e oo_oooo f‘ I TTTY L \ d e 00.\



e eess,,

[ Jas TYPORPPRTSTLL’
$ oy
* 03. ‘a
- 3
5 I
oo *. o
E i
t io«'
"0000.000'...
o ooemeteocg gy,
s
!'“000..00000 :00.
*
.t"\:.
Sop
3
2e
2

..... 200000000000

e,
)

%.C.

“\oo“'o..‘
.

'000000000°‘

Results: all learned models

‘".......0.

sseeo®”

0000000000 0000000

-

A
2
)

3

y,

9 00

*
L)

.oom".

0000 29000000 o
i\ooo (LI RTTY )

00-
: 0
S
f ey
A
: ., ’
L T PPPRPPLA o

LI AL LA T oy

by ‘.... ..s
S
[
®o0.

! 900000000 ® o

3
B i
14 .“‘0
i -

"“.o. LY ]

w®®

e 00

. W
f A
i

MR

e T

e °

$S ooo"..... - ....‘b. ... ...o

%,

%, ‘s.\o‘
ﬁn:::.::.ﬂo. R

-
LT TS R RTTITITY L

e
~

R

H

$ .

s
q.:.."'.....'......"o‘.o :o.'
. ‘. Se
L]
corer H

es Moo s0eg gpe0 e o

Gl

¥’ 3,
L)
=

P

.. *

.0......‘.‘...“."0 [
\ ™~
‘:..'o... A L]
$0gs 20t s0ee Sl an, .‘0“00:

M,m *sesseny, .\\

ot ¥

L4
IR S
. 0‘ e
m'*go" ! L]
.
1y
..... o0t 0«.... '. o'

GO

-
S tgetee
%‘.. L

*%e 4 0se '.coaoo‘/.

*
4

g
,‘0'
ey o



oree oty &
e e,
Pl X0 (X P Mo
mee
* ”> ¢ o .« ® *
~o &2 o a8 e o
. o° K oou o % ot fooo\o
L < *_* { *
$ vege® 000 Far o, . o . ot® IR
. g’ : o ot
P et . +8 * ﬂ ' ot
[ 4 ‘0 g ¥V L]
2% ﬁooﬂ * o b
O wee® 0oy ot et
.
LT T “0 »
. @
L4 ° % o
R R P
o % * K] o;
&
- L1 AT
S 5t e S e
* F 4 o .
00 " .00 *®
e ‘.. ... & ‘.
o ﬁ.r el
- d
I
»
— o N \00 tN
] .t ” » *
m RN 4
G \ LA
foo " ee, . «- e s M
-»
L. w -ooacoo--' . ouest '3
%, Sl . p :
. . . -
. . . .
- * -»
* . . .
t . L e 00 .
0‘ u - * 'y -
— : : . . »
S P R
.
. ae SO0 Sterste, %% *
oo ne ot s, e w
S sastet sttm % paprey L8
. I 4 o"»t
Q‘laa 5% oo -‘nn\ - -’ -o-oou
-,
o-a- nn ’o *e toon&. N Ocooﬁnuuatutc
s el - 0o .
. . .® 2 >
'Y - - i ®ase
% ML T . *teneny, * -al. coscton’
. * Sevee * .l -4 * « %t .
. H H .l . : e %%
. . . . . . .
. . . ., . . ®
: g : y : S B
L ]
s : s S S . S .
* » ] :o\ » - o0
. -oo $ s * L3 oy, *
. * e H . . ®o,,
. P » - sy », **s 0o tome
a0 ® L e M ¢ e Ic-oooooc




7p]
O
o
[s
@
o
=)
W

——

Results




Results:
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