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Automatic Construction of Accurate Tree-structural

Image Transformation Using Ensemble Learning

JUN ANDO,™ NORIKO YATAT! and TomoHARU NAGAOT!

We have already proposed the system which automatically constructs image
processing with Genetic Programming (GP). It was named Automatic Con-
struction of Tree-structural Image Transformation (ACTIT). However, it is dif-
ficult to construct an accurate image processing for all training image sets in
case there are many and various images. It is necessary to combine many sub-
routines of image processing. In this paper, we propose ACTIT-Boost which
automatically constructs an accurate image processing by employing Adaptive
Boosting (AdaBoost) to ACTIT. If there are enough number of weak classifier,
AdaBoost has been proved to be extremely successful in producing accurate
classifiers. Therefore, ACTIT-Boost constructs a perfect image processing for
training image sets.
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Fig.1 The processing flow of ACTIT system.
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Table 1 The correspondence of AdaBoost and ACTIT-Boost.
AdaBoost ACTIT-Boost
Data Pixel values
Weight of data | Weight images
Weak classifier Optimized tree-structural image transformation

Classifier rate Fitness of image processing

Classes Black or white as pixel values
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Fig.2 The processing flow of ACTIT-Boost.
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Fig.3 Concrete cracks detection images.
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Fig.4 Pedestrians detection images.
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Table 3 Image-processing filters on GPU.
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Table 2 GP parameters setting.
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Fig.5 Experimental results of comparison of ordinary ACTIT and the proposed method in case of

concrete cracks detection images.
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Fig.6 Experimental results of comparison of ordinary ACTIT and the proposed method in case of

pedestrians detection images.
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Fig.7 Fitness of learning process.
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Fig.8 Application of optimized tree-structural image transformations to non-training images in

case of concrete cracks detection images.
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Fig.9 Application of optimized tree-structural image transformations to non-training images in

K2

i & b AR

case of pedestrians detection images.

0000000000000000000000000000000000ACTITOOO
gobooboooobooodoboooooooooooooooooooooooono
goboooooooboobodooooooobooooboooooboooobooOoooOooboOoOoooOon
goooooooboobooooobobooooooobooboOooooooooOoooooooo

gooooo

5. 0 000

O00O000AdaBoost 0 ACTITOOOOOODODOOODOOOOOOOOOOOOOO
0000000000000 0000000ACTIT-Boost 10 OO0 OOOOOOOOOO
gobooooooooboocooooooboooooooooooobooooooooboooooOoon
goooooooooooooooooboooooobooooooooobooboOooooonoon

000000000 0O0oo0oooOooO Vol.3 No. 2 65-73 (Mar. 2010)

|O|$33|2€
ETEE EE

O
s

Pedestrians rough detection
Expansion of edges
(a) 11th tree

White objects detection
(c) 15th tree

By

P e

-Bikes detection o
(small edges)
(e) 33th tree

=

4!%

=

s o= |=
B E E

|<

g
EEEE E &

Blue objects detection
(including edges)
(b) 4th tree

Red, brown and skin tecti
(d) 85th tree

e s
Noises detection

Adjustment

(f) 1114th tree

010 O0O0O0O0O0OOOOOOOOOO

Fig.10 Weak tree-structural image transformations.
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