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¢ Task: given an image containing a line of text
we want to recognize the characters:

U L K

N OLF =S8-39 .

® The classical approach is to split the problem into two steps:

1. Segmentation: find the positions of the characters in the image
2. Recognition: run OCR on sub-windows found by the segmentation step

A problem of the two step approach is that for a good segmentation you should know a
model of the sought object.

¢ Can we solve the segmentation and the recognition problem simultaneously?


http://cmp.felk.cvut.cz
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The structured classifier input is an image « € X" of size |[H x W].

The input image x can be modeled as a sequence of templates selected from a finite set
of templates w = {w, € R¥**(@)|q c A}

O/[1/-- [9JAIB]--[Z] 51|

The classifier output is the image segmentation y = (s1,...,sy) where each segment
s = (a, k) describes a character name a € A and its position k € {1,...,W}.

An admissible segmentation y = (s1,...,51) € ) defines a sequence of
non-overlapping templates covering the whole image £ € R?*W je.

k(Sl) = 1
W = k(sp)+w(sp)—1
k(s;) = k(si—1)4+w(si—1),i=2,...,L

where k(s;) is the position and w(s;) is the width of the i-th segment.
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¢ Given an admissible segmentation y € ) and the templates
w = {w, € REX“()|q ¢ A} we can generate synthetic image:

UL K618 1=3 79 ]/

¢ The similarity between the input image © € R *W and a synthetic image generated
from w and y = (s1,...,8) € Y can be measured by their correlation:

L(y) w(a(s;))

flayiw) = 3 > (eol(@,j+k(s:) = 1),col(wae,. )

1=1

Ao sl WO BT

® The best segmentation can be found by finding among all admissible synthetic images
the one having the highest correlation with the input

j € argmax (@, y; w) = arg max(w, ¥(z, y))
yey yey

which is a linear classifier and ®¥: R?>*W x ) — R™ is a properly designed feature map.


http://cmp.felk.cvut.cz

S -
11.A: Number Plate Recognition
5/14

® The maximization task needed to evaluate the linear classifier

L(y) w(a(s;))
1max [S‘ y COI 33 ] + k( ) 1)7C01<wa(8i)7j>>]
=1 =1

yey

can be solved by the dynamic programming.

® Fori=1to W compute

w(a)
Ji= max [Z<001(337’5 —w(a) +j),col(wg, j)) + fiw(a)]

A, <i
acA,w(a)<i o

and then read the maximizing segmentation in the backward direction.

® The classifier can be equivalently formulated as an instance of the max-sum classifier
with a chain neighborhood structure.
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¢ Learning task: find the templates w = {w, € RF*“(@)|q ¢ A} to minimize the
expected risk with the loss function £: ) x ) — R defined as follows:
L
ﬁ(yu&/)==i;;j£:[a(y,i)§écwz/,iﬂ
i=1
where a: Y x {1,...,W} — A returns a name of character covering the i-th column
¢ Learning of the templates w from manually annotated examples
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formulated as the regularized risk minimization with the margin-rescaling proxy:
" . A 2 1 = ) 7 7 )
w” = argmin | Zf|w|]* + — » max [{(y",y) - (w, ¥(a",y")) + (w, ¥(a", y))]
weER™ m 1 yey
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3421574

Eyedea Recognition Ltd. (C)2006-2010, www.eyedea.cz

Travel time in Prague http://unicam.camea. cz/Dlscoverer/
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http://cmp.felk.cvut.cz
file:/home/xfrancv/Demo/Videos/videos//spztky.avi
file:/home/xfrancv/Demo/Videos/videos//spztky2.avi
http://unicam.camea.cz/Discoverer/
http://unicam.camea.cz/Discoverer/
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A structured output classifier (landmark detector) simultaneously estimates the viewing
angle and the positions of facial landmarks:

(¢, 81,---,8,4) = ar%rgax {fgb(a:, S1y-+-58p¢;W) + b¢(w)}
S
(sl,...,sL¢)€N2XL

where the score of each view ¢ € ® is a deformable part model (DPM):

fqﬁ(m?Sla"'aSLéb;w): Z ff(a:,sv,w)+ Z fgbv/(sihsvl;w)

yEV‘b P &)U’Eé’(ﬁ

4

matc_‘h, with shapgprior
the image
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¢ Each view ¢ € ® has its own DPM model with different neighboring structure:
fqb(wa ¢7 S1y---,816; 'LU) — Z ffgb(wa Sv; w) -+ Z fjw(sU) Sv’; ’LU)
vEV? v’ €EEP
frontal (—15°,15°) semi-profile (15°,45°) semi-profile (45°,75°)  profile (75°,90°)

654

¢ The unary potential f?(x, s,;w) = (w?, ¥¥(x, s,)) is a dot product between w? and
features W¢(x, s,,) computed on a sub-image cropped from x around the position s,,.

¢ The pair-wise potential ff@,(sv, Syl W) = (wfv,, \Ilfv,(sv, S,’)) is a score assigned to a
displacement vector s, — s, of the neighboring landmarks {v,v'} € £.
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® The loss function penalizes deviations in the landmark positions as well as the estimated
viewing angle:

L S’U_S/ If — &
(051, -,50), (8,80, 51) :{ et Svev s — sl if o=

1 otherwise

where k(S1,...,8) is the face size defined by the ground truth positions s1,...,sr.

¢ Learning task: find the parameters w from the training set composed of manually

annotated faces {(x?!, ¢!, s1, .. .,s}_ﬁl), (@ e ST, 8 ) )

by the regularized risk minimization with the margin-rescaling proxy.
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¢ An open-source library implementing the landmark detector and its learning developed
by Michal Uricar is downloadable here.


http://cmp.felk.cvut.cz
file:/home/xfrancv/Demo/Videos/videos//fl2d_multiview_video5.avi
file:/home/xfrancv/Demo/Videos/videos//fl2d_multiview_video6.ogv
http://cmp.felk.cvut.cz/~uricamic/flandmark/
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Simple homogeneous Gibbs random field
p(x,s) = ! exp Z u(s;, s5) + Z (54, 25)
Z(u, ) L
ISP ij€
where X - image, s - segmentation and s; € K, x; € F.
Gibbs potentials for edges in £ fixed, e.g. Potts model
[ o [ [ ] [ 1 L — Q.
S w(s;, s;) = 0 if s; = s,
e o | o | ol o ’ —a  otherwise.
[ @ L @ L
il ) P ® | ® Gibbs potentials for edges in (appearance model) should be
@ @ @ @ L
e | o | o o o learned.
o o @ @ L . iy « = _In
® supervised case = “trivial
o o [ [ [
@ @ @ @ @

® unsupervised case = EM algorithm, requires computation of
posterior marginal probabilities p(s; | x), hard.
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Homogeneous Gibbs random field
rﬂi’.’ﬁl
p(x,s) = exp[ Z u1(Si, S;) + Z u2(Si, S;5)
)€ b )€ by
I DRICHS }
® 1) €

where X - image, s - segmentation and s; € K, x; € F.
e Learn all Gibbs potentials w1, us ... and appearance model

® supervised case = use pseudo-likelihood maximisation,

¢ unsupervised case = EM algorithm, requires computation of
posterior /prior unary/pairwise marginal probabilities
p(si, 85 | X), ..., hard.
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Homogeneous Gibbs random field with latent variables

p(X,S,Y) eXp[ Z Uz 827yj T Z Szaxj }
(HISE5] ije
[ [ [ where x - image, s - segmentation, y - latent variables and
O O
[] L] ] s,e K,x;, € F,y, € M.
O e o _ .
® °, ¢ Potentials uq, ... define a complex shape model
O O
O

o o o o. ZGXP[Z ui(si, yj) }

1)E€

i.e. via marginalisation over the latent variables y.

¢ Requires unsupervised learning even if training data
T ={(x%,s") | £=1,...,L} are given; is hard.
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