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A Goal:Efficiently detect a large number of object classes and give a
pixelperfect segmentation of an image into these classes.

A Three major contributions of this paper:
I A new type of featureTextureLayout Features
i A CRibasedsegmentemwhich combines many types of features

I Tying it all together for simultaneous class recognition pindlwise
segmentation

AOverview of the procedure:

AGiven an image, for each pixel:
ArextureLayout features are
calculated,

A\ boosting classifier gives the
probability of the pixel
belonging to each class;

Arhe discriminative CRF model

combines the boosting output with

low-level color, location, and edge body - road
information; image receives final
label. grass




I First: compute theéexton maps of the images.
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input image filter bank texton map

(colors & texton indices)

I 17-dimensional filter bank applied

I 17d results are whitened and clustered byp&ans (how many
clusters?)

I test pixels are assigned taexton by nearest cluster center.
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(a) input image (c) feature;, =(r, t;) (e) fe-ait]re_lﬁesg_nses
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(b) texton map (d) feature, =(r,, t,)  (f) feature, response

I Computation of features is fast, thanksitdegral images.
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TextureLayout Features

I How TextureLayout features jointly model texture and layout:
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(3) training texton map (b)) ground truth (©) texture-layout

(d) feature response image
labels (2 classes) filters

Viry 4] () = Vpry ) (2)

test |
test 2

(e) testtextonmap  (f) vpr, .,)(2) + Vpry ) (4) (€’) testtexton map  (f”) Vjr, .11 (7) + Vjry 10 (7)

I How TextureLayout features model context:

(d) feature, =(r,, t,)  (f) feature, response
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A quick review of boosting:
A Strong learner H is the sum of weak learnefs ~ H(v) = Z he(v).
m=1

A Weak learners are picked iteratively, to minimize.

N: number of training points

N
— N )2
Jwse = Z wi(zi = hm (vi))" w: weight for each training point
=1 z: target value for v,-¢

A weak learners h usually take the form:
d: indicator function, #1

hm(v) = ad(vf > ) +b theta: optimal threshold
a,b regression parameters

A Algorithm: update weights to focus on poorly classified points after each

round:

1) Initialize the weights w; = 1 and set H(v;) =0, 1= 1.N.
2) Repeat form=1,2,.... M
a) Fit stump: b (vi) = ad(v! > 6) +bd(v]
b) Update class estimates for examples i
H{(vi) :== H(vi) + hm(vi)
¢) Update weights for examples i = 1,....N: w; =

: —zihm (v

< 9)
= 1,...,4""!'?:




JointBoost

1) Initialize the weights w{ = 1 and set H(vi,c) = 0,7 =1.N,
c=1.C.
2) Repeat form=1,2,..., M
a) Repeat forn=1,2,...,2° —1
i) Fit shared stump:
as ifv] >60and ce S(n)
hi(vise) =< bs ifv] <6and ce S(n)

k¢ ifecg S(n)

i1) Evaluate error

Jwse(n) = Z wi (2] = ki (vi, )"

c=1 i=1

b) Find best subset: n* = arg min,, Jys(n).
¢) Update the class estimates

H(vi,¢) := H(vi,c) + hl (vic)
d) Update the weights

=
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Joint Boosting for feature selection/classification

I The result oflointBoostwith TextureLayout features:

test image

ground truth
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most likely label confidence most likely label confidence

I Efficiency concerns:

A Searching over®ubsets of classes is intractable
i O(C) greedy search: compute best feature for each individual class. Of these,
pick the feature which reduces error the most. Then find all the other classes fo
which this feature reduces error.
A Too many potential features to try
i randomly subsample the available features for each round of boosting
T high probability that every feature will be considered at least once
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(a) (b) 69.6%
Classes are detected, but segmentation looks bad.

Incorporating lowlevel location and edge information from the image
should give improvement:

(c) 70.3%
Adding imagespecific color information to the mix gives near pixel
perfect results:

(d) 72.2%

All this information is combined using a conditional random field mode
(CRF).



T Introduction to conditional random fields:

A A CRF is a graphical model of a conditional distributigix p(
Ty = hidden variables, x = observations.

A Itis discriminative, in that it does not model the joinypf and p(x).
T p(x) can include complex dependencies and is hard to model.

A Relation of CRF to other models:

S o T o B

o SEQUENCE GENERAL

Naive Bayes HMMs BRAPHS Generative directed models

cu@m cnn NAL cnn NAL

Logistic Regrassion Linear-chain CRFs GRAPHS General CRFs
I (simplified) Graphical model used in this paper:

@le1, ca,%x: 0)
1 —i C2

m(e,x:6) (o, x: 65)
w(cla}(; 91{)) w(C%X; 91!))
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learned parameters theta:

olc1,c0,%:0)
i ey, x; 0;) i m(ep,x: 0;)

(e, x:6y) Ui, x:60y)

I Given learned parameters, use alp&gpansion graph cut algorithm to
find optimal label:
A start with an initial labeling (the most likely labels from boosting)

A perform analpha expansionsick one label from the set of possible labels.
Call the label alpha.

A Each pixel makes a binary decision: to keep its current label, or switch to
alpha.

A The global max of the binary function over the image is solved using graph
cuts.

A pick a new label for alpha and repeat.
A Get guaranteed convergence on a strong local maximum




