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Fig.1 Generative learning procedure in the proposed method.
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Fig.2 3D human model.
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Fig.5 Construction of Bag by the proposal method.
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1. Input

+ Assign a correct label y € {1,0} to I bags containing
J learning samples.
2. Initialization

+ Initialize the weight w; (7, j) for the learning samples

__ Bag of class

wi(i,j) = Bag of all (1)

3. Training
for t = 1,2 to T [T learning iterations] do
for | = 1,2 to L [L weak classifier candidates] do
+ Create the probability density function Wi of
weak classifier candidate h¢(z)

Wi= > wi,j) (2)

i,j:k€eKAy;=1

whk= %"

i,j:ke KAy;=0

we (4, 5) 3)

+ Calculate evaluation value Z;
K
D=2 JWEWE (1)
k=1

end for

* Select weak classifier h¢(z) with smallest Z;

ht(z) = arg min Z, (5)
leL

+ Weak classifier h(z)

1, Wi+e
h(w):§lnwz+6

(e=1/J) (6)

+ Update weights wy (i, 7) of learning samples

_pij lf yi = 1
wijg =4 o (7)
J {Pzixz(fi’z) if Vi =0
pi = H Dij (8)
jE€Bag;
1
ij = T 9
P = T exp( (@) ®)
wi; + min w ify, =1
wij = ij + Yi (10)
ws; +min w—  ify; =0
end for
4. Output

* Final classifier H(x)

H(z) = sign (Z ht(x)> (11)

7T FEETATY R L,
Fig.7 Training algorithm.
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Table 1 Examples of learning data sets.

Positive Negative
DB1 | INRIA(2,416) | 4% (12,180)
DB2 | FEBEE (2,416) | R (12,180)
DB3 | EJR (2,416) | INRIA(12,180)
DB4 | AR (2,416) | 4R (12,180)
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Fig.8 Examples of learning data sets.
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Fig.9 Experimental results obtained with each learning
database.
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dow is false detection).
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Fig. 11 Performance in the ratio of incorrect labels. Learning round
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