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Abstract

This paper proposes a face detection method using Free Rectangle feature which possesses a quick execution
time and a high efficiency. The proposed mask of Free Rectangle feature is composed of two separable rectangles
with the same area. In order to increase the feature diversity, Haar-like feature generally uses a complex mask
composed of two or more rectangles. But the proposed feature mask can get a lot of very efficient features
according to any position and scale of two rectangles on the feature window. Moreover, the Free Rectangle
feature can largely reduce the execution time since it is defined as the only difference of the sum of pixels of
two rectangles irrespective of the mask type. Since it yields a quick detection speed and good detection rates on
real world images, the proposed face detection method based on Adaboost algorithm is easily applied to detect
another object by changing the training dataset.
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Table 2. The discrete Adaboost algorithm

Training set: (z,,t,), (@, t,), -+ (T ty)
zy: data ty: True(1) or False(-1)

1. Initialize image data weighting w,,

)_ 11

; (1
by setting w, o 2

m = number of negative image
! = number of positive image

wV: first data weighting coefficient

2. For m=1,2, ---, M:
(a) Find weak classifier y, (x)

which have minimum error rate.
N

E ™y (x,)#t,)

Iy, (x,)=t,): if y, (z,)=t, return O,

m

if y,, (x,)=t, return 1

(b) Compute error ratio

E "l I(yﬁl ("L.Tl ) # tTl )

_n=1
e N

m ]
(m)
dw,

n=1

Set current weighting of weak classifier.

=1 1- €m
o, =In e
m

o weak classifier weighting coefficient

m

e, - error rate
(c) For next weak classifier,
update image data weighting.
w£1m+1) = wilm)eXp{amI(ym (‘Tn) = tn )}
3. Finally, make a strong classifier
using linear combination.
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