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Effective Sample Selection Method Using Random Forest
for Active Learning
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Abstract: Active learning is an approach to make a better discriminant boundary by interactively collect-
ing new samples. Since conventional sample selection methods such as vote entropy collect similar samples
for active learning, efficiency of the learning is not good. In this paper, we propose a method for selecting
samples based on the similarity of density maps obtained by density forests. We confirmed that the proposed

Vol.2014-CVIM-192 No.30

2014/5/15

method makes better discriminant boundary with smaller number of samples used for the learning.
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Fig. 2 A flow of the proposed method.
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Fig. 6 Density distribution of each tree, its similarity
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Table 1 Propagation rate
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1 54.1 66.2 72.0 92.2
2 66.1 69.5 85.9 98.0
© 2014 Information Processing Society of Japan



BHRLEPRAERE Vol.2014-CVIM-192 No.30
2014/5/15
IPSJ SIG Technical Report

(a) BEMT=FEH
SN GHERT SNV E
EI ;: f) ¢ ".::..._:...\.
D § ({"\L""- ‘
2 { {\_J)3 ¥
[N \-,."w ..i
b v &
{ v, p
4
53.9%

_ PS S 9°e0900, @ $o°eopes, . @ $o°e0por, . @ $o°eogor, @ 99°e0g00
& P 4 5%, P ¢ o ¢ bt o ¢ = o j") a8
H e, B, H H H H e, A,
B : %, s $ $ K e !
& . R e 2 g & & Y
D %, v $ s, s, P
F RN 4 N\ : 4
H N e R % K o §
Zlé "% g ‘é;gg g ‘% ."‘Q ;g é.
ﬁ N god® N mad®
& e

i< NS |
o ﬁo@ 8 ©8% g
igﬂ%ﬁ? S

B ‘} & 3
BeaB 20 3

mﬂoosﬁ OGS

=0 Zoﬂ

&

) 13
s ;o v ;o4
Ve N2 Yo e PR
oo pod® P ERIPR L
s o
76.4%
B e RN R R
- @ é,ﬁ’o%ogo . ®o Fig :".qc‘,... ®o il :".qc‘,... ®o Pl .‘"0'00‘..'.
B | 7 S N PPN N | R e :
o °°°9:w DZ M o o o
5| 4 {fr=n g ] {
AR 't %
/\\ o3 %006’%@ o0 °§ W
|y, et
Bl Tereae #
n -
10 #EARD 7 VBRI O ik
Fig. 10 Comparison of propagation results by each method
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