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The I-MCTBoost Classifier for Real-time Face Detection
in Depth Image
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Abstract

This paper proposes a method of boosting-based classification for the purpose of real-time face
detection. The proposed method uses depth images to ensure strong performance of face detection
in response to changes in lighting and face size, and uses the depth difference feature to conduct
learning and recognition through the I-MCTBoost classifier. [-lMCTBoost performs recognition by

connecting the strong classifiers that are constituted from weak classifiers. The learning process
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for the weak classifiers is as follows: first, depth difference features are generated, and eight of

these features are combined to form the weak classifier,

and each feature is expressed as a binary

bit. Strong classifiers undergo learning through the process of repeatedly selecting a specified

number of weak classifiers, and become capable of strong classification through a learning process

in which the weight of the learning samples are renewed and learning data is added. This paper

explains depth difference features and proposes a learning method for the weak classifiers and

strong classifiers of I-MCTBoost. Lastly, the paper presents comparisons of the proposed classifiers

and the classifiers using conventional MCT through qualitative and quantitative analyses to

establish the feasibility and efficiency of the proposed classifiers.
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Table 1. The algorithm for depth difference feature

extraction
Input -
I : Input image
N,,N, : the number of blocks in  and y axis
Definition :
Stepr = uzdth/zN Stepz/ hczght/QN
block, =1, ”H,,/N block,, = ,Lf,qht/

Fnd, :2]\/1*1, End, =2N,—1

Algorithm -

<0

for £ =0,---,End,
for y=0,~~~,Ehdy

ROI= RECT(x % step,, y X step,, block,,, block, )

Fuli] = Depth,— Area(ROI)/ (ROIL, X ROL, )

i+ 1
end
end
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Table 2. Definition

't wh = {wbw w0, )

Cnil}, Ck: {Cbk/ Cfbasis’ Cpk}

-w:{wo,...

.o={c", ...,

- Comb(A) =Y V,.(Ab,, Af,,.0 AD,)
k=0

k - >
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E 3. -MCTBoost Z&&F7| €12I&(11)
Table 3. The algorithm for I-MCTBoost strong classifier

Input (Iyey)s..(D,c,) where ¢, =0 for
I'eF and ¢; =1 for I;EB where F and B is

the class of faces and non-faces.

1 1
20 2n

and n are the number of faces and non-faces.

Initialize : D, (i) = for ¢; =0,1 where [

Algorithm :
- Fort=1,.,T:

- Generate weak classifier : Table 4

w, < C, wLut,«<— CLut

- Calculate error & :
ZD (i) [ Comb(w,) =7)I(c; =0)
ZD I(Comb(wt) —r)](c 1)

g :Zmln Ar),GNor))

1 (1@)
—In
2 &

- Update the distribution :

- Choose «a; =

Dtﬂ(i)_DtT(:)
e % if wlut,(Comb(w,))=c;
{e"’ otherwise
where Z, is chosen for normalize that

Dy .

The strong classifier is combined the result
of weak classifier with sample x :

T
x) = ZatwLutl ( Comb(wt))

t=1

The final strong classifier is based on the
final face model :

H(x):{non—face if hiz)> T,

face otherwise
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Table 4. Training of a I-MCTBoost weak classifier
Initialize -

tD<—D, C— &

Algorithm -
« For k=0,..,7
— Generate tables of local weighted kernel
indices from faces and non-—faces:

=Y 3tD,(i) I Comb(O)

i, f .
=3 1tD, (i) I( Comb( 0)

i, f

Calculate error ¢, for each look—up table

(f):
=Y min (g (r.f).g2 (r.f))

Select the best classifier :

=f|6k(f)=min{]§k(f)}

Update look—up table for weak classifier :

if gg(r) > g;y(r)
otherwise

CLut(r) = {(1)

1 1—¢,
- Choose «;, = Eln c
k

Update the distribution :

tD, (i)
Z,
e % if CLut(Comb(C)) =¢

K3

tDy. (i) = X

W otherwise

where 7, is chosen for normalize that
tD; 41

Output :

C={Cy-C;}, CLut
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Table. 5. Performance of Fréba's boosting and I-MCTBoost

Method Stage Weak Classifier TPR FDR Calculation time(ms)

5-10-20-40 1.000 0.1452 89.04

4 5-10-20-100 (*) 1.000 0.1304 92.82

Fréba’s boosting(11)

5-10-20-200 1.000 0.1397 100.33

5 5-10-20-40-211 0.997 0 101.48

2-3-3 (#) 0.995 0 31.33

[-MCTBoost 3

1-2-1 0.968 0 17.08
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Fig. 8. Result of face detection with Fréba’s boosting and I-MCTBoost
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