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Automatic Construction of Image Transformation
Using Genetic Image Network

SHINICHI SHIRAKAWA,! SHINTARO OGINO' and TOMOHARU NAGAOt

A new method for automatic construction of image transformation, Genetic Image Network
(GIN), is proposed in this paper. We previously proposed the system named ACTIT (Auto-
matic Construction of Tree structural Image Transformation). ACTIT constructs tree struc-
tured image processing filters using Genetic Programming (GP). Generally, network structure
theoretically includes tree structure (i.e., network structure also represents tree structure.).
Thus, the description ability of network representation is higher than that of tree structure.
In this way, we construct complex image transformations which cannot be constructed by tree
structure. We apply GIN to automatically constructing image transformation and compare
GIN with ACTIT and show effectiveness of GIN.
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Fig.2 An example of crossover.
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Fig.5 “Training Image Set” (cell images) used in the experiments and output

images using ACTIT and GIN.
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Fig.6 Output images for unknown images using ACTIT and GIN (cell images).
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Fig.10 A structure constructed automatically by GIN.

nviro 307

= Rl= 7 b

invirg }: T [Esom

= # i leoun

[Finvirol DT

=1

011 010000000000
Fig.11 Tree expression of Figure 10.

ocooooo«“cooOOoboO0”0O0000o0Do0O0O0
ooooooooooooooooooo«“cboro
“O000pooOo0O0’oooo0oooooOoO0 «coo
ooo”000000o0oooooo
oooooo0o0o0oooooooooooooooo
goooboboooooooobobooooboooooo
gooooboooooooooooooooooo
gooobobooooooooobodooooooooo
gooobobooooooooooooooooooo
Ooobbo0o00o0o0ooGINOO0O00100000
34 O0OO0OO0OOOOOCOODOOOO

o000 GINOOOODOOOODOOOOoOoooo
00000 (1)0o00oo0ooUO0oooooooooo
goooos0000000o0o0o0o0ooO00oo0ooon
00000000o0oo0o0oUo0o ()ooooooo
ooooooooOo «goooodooooooogo”

ooobooooobeDOOOOD 102000000
oooooooooooosboboooooooooon
oooooboooooboooboooboooobooooooDo
ODeO00000102000000000000O0AO0
01200000 120000000000000A0
gooobedDODODODOOODODOOOODO
oooo0ooooO «copoooooooooroooo
oobobeb0OOOOO0 1200000000000
gdoobobooooooooobooOooooooo
OooGINOOOOOOooooOoooooboooooo
oooooooooobooooboi100000000
ooboooobooooooooboboobooooooon
oo0 32000000000000000 1500
ooooOoOOO0O0000000000000 «00d
goooooooOoOoOoOoOoOoO’ooOOoOOOOd
oooooooooooboboo 200000 2000



124 go0oo0oooOooooooooooooo

o000 100000

oooo0 1000008

Dec. 2007

=

L~ >
gooo 200000

o000 200000

012 0600000 1020000000000000000000

Fig.12 Target images and weight images for unknown images 1, 2 in Figure 6 (cell images).

30O

0 ot

000000000 (a)

000000000 (b)

013 0D90000O0OOOO0OOOODOOOODOO
Fig. 13 Target images for unknown image in Figure 9 (removal of characters).

02 0000O00O00O0OOOOOOObOO
Table 2 Comparisons of each fitness value in the

experiment of cell image.

oooooooooooooo
oooooooooono
goooooo0o0ooooo0oO0o00oon

0.9331
0.9303
0.9359

03 ODO0O0oOoooooboooooooooooooobooooOooooo
Table 3 Comparisons of each fitness value in the experi-
ment of plural output image transformation (re-

moval of characters).

oooooooooooooo
go0ooO0o0oooooon
goooooo0o0ooooo0oO0o00oon

0.9968
0.9907
0.9959

O000oooOooooooo GINODDOOOooo
gooooboooooobooooooooooooon
oobooo

3300000 «“00D0Oo0O0Uoooooooro
goooboooooooooboooooobooooo
goobooooboooooobobooboon
1300000 90ooooooo13oob0ooaon
O00oGINODOOOOOOoOooooooooo«“o
oo0oooooooOoo0ooobooon0”b00O0000
gooooobooocooooooooo 3oobooono 3
ocoo«“coOOoObo0ob0O00oooo”000 20000
goboooooboooboooboooboonoo0esnn
ooboooooboooooo
oooooGINODOOOOOOOooOoOogoooo
(H)OoooooO0ooOooUOooOOoooDOooOooo

ocooooo“coooobobobooboooooooro«d
ocooooooooor’o“O000000bObOO0O00
ocooooor’oo0O000000000000000
oooooboooooooooooboooooooo
oobooooboooo

4. 0 0O O

goooooooooooooobbooooooo
oooooooGINOOOoooooooooood
000000 ACTITOOOOOO10000000
oooooooooOobbOOoOoOoOoobooooooaa
OO0 GINODOOOOOoOooooooooooooo
goboooooobooooooooocoooooobooo
OO0 GINODODOOOOOOOOoOooooooooo
0200000000000000000O00OACTIT
ooooobooooooooobooooooooon
go0O0oooOoooooooooGINODOooood
goooboboooooooooooooooooobo
gooobooooobobooooooboobooooobo
ooooooo

goboooobooooooobooboooooooo
oooooboooooooooboooooooooo
gooobooooooobooboobooooooooo
ooooobooooooooobocoooobooooo
goooooooooooooooooboooooo
ooooboooooooobobooobooooooo
goooooooooObbObOOOO000ooooooo

oooobobooooooooooboooooooo



Vol. 48 No. SIG 19(TOM 19)

goooobooooooooooboooooobooobo
oooooboobooooooooooooooooo
gooobooooooooooboooobooonoooo
gobooooooooooooobooobooooooo
gooooooooooooooooooboonoooo
goboooboooo

o o o o

1) Koza, J.R.: Genetic Programming: On the
Programming of Computers by Means of Natu-
ral Selection, MIT Press (1992).

2) Koza, J.R.: Genetic Programming II: Auto-
matic Discovery of Reusable Programs, MIT
Press (1994).

3) Teller, A. and Veloso, M.: PADO: A New
Learning Architecture for Object Recognition,
Symbolic Visual Learning, Ikeuchi, K. and
Veloso, M. (Eds.), pp.81-116, Oxford Univer-
sity Press (1996).

4) Teller, A. and Veloso, M.: Program Evolu-
tion for Data Mining, The International Jour-
nal of Expert Systems, Vol.8, No.3, pp.216-236
(1995).

5) Teller, A. and Veloso, M.: Algorithm Evo-
lution for Face Recognition: What Makes a
Picture Difficult, Proc. International Confer-
ence on FEwvolutionary Computation, pp.608—
613, IEEE Press (1995).

6) Poli, R.: Evolution of Graph-like Programs
with Parallel Distributed Genetic Program-
ming, Proc. 7th International Conference
on Genetic Algorithms, pp.346-353, Morgan
Kaufmann (1997).

7) Miller, J.F. and Thomson, P.: Cartesian
Genetic Programming, Proc. EuroGP’2000,
LNCS, Vol.1802, pp.121-132, Springer-Verlag
(2000).

8) Miller, J.F. and Smith, S.L.: Redundancy
and Computational Efficiency in Cartesian Ge-
netic Programming, IEEE Trans. Evolutionary
Computation, Vol.10, No.2, pp.167-174 (2006).

9) Katagiri, H., Hirasawa, K., Hu, J. and
Murata, J.: Network Structure Oriented Evolu-
tionary Model-Genetic Network Programming-
and its Comparison with Genetic Program-
ming, Proc. Genetic and Evolutionary Compu-
tation Conference (GECCO 2001) Late Break-
ing Papers, pp.219-226 (2001).

10) DO0O0D0O00O00OOOo0ooUOoooOoooo
0000000000 00000 Genetic Net-
work Programming 00 Genetic Programming
0000000000000 CO Vol.121, No.6,
pp-1001-1009 (2001).

Genetic Image Network 0 00000000000 125

11) 000000 O0O0OO0OOODOOOooOoOooO
0 GAUGEOOOOOOOOOOOVol.44, No.12,
pp.3232-3241 (2003).

12) 00000000 ooOooooooooooo
goooboooooooobbobooooooo
000 IMPRESSOOOODOOOOOOOO DO
Vol.J70-D, No.11, pp.2147-2153 (1987).

13) 0O000oOooooooooooooooooon
O000oooooooooo IMPRESSOO
gobooboooooobobobboooooooo
0000000000 D00O0 D-1I0O Vol.J82-D-
11, No.11, pp.1982-1989 (1999).

14) 00000000 OOO0OOOOGADOOOO
gbooobooobooooobooooobooo
000 D-II0Vol.J78-D-I1, No.12, pp.1758-1766
(1995).

15) 000000000 ooooooo (2002).

16) 0000000000000 UOoOoooOoooO
00 ACTITOOODOOODOOODOOODOOVol.53,
No.6, pp.888-894 (1999).

17) OO0OooOo0ooooGpOOOOOOOOO
GAOOOOUOOUOOODOODOODOOoOooOoooo
O PT-ACTITOOOOOO0OOOODOOOOVol.59,
No.11, pp.1689-1693 (2005).

18) Nakano, Y. and Nagao, T.: 3D medical im-
age processing using 3D-ACTIT; Automatic
Construction of Tree-structural Image Trans-
formation, Proc. International Workshop on
Advanced Image Technology (IWAIT-2004),
pp-529-533 (2004).

19) Nakano, Y. and Nagao, T.: Automatic extrac-
tion of internal organs region from 3D PET
image data using 3D-ACTIT, Proc. Interna-
tional Workshop on Advanced Image Technol-
ogy (IWAIT-2006) (2006).

200 00 0OO0OO0OO0O 0OUOODOOODOOOOOOO
gbooobooboooooboobooboooo
0000000Vol12, No.5, pp.734-744 (1997).



126 go0oo0oooOooooooooooooo Dec. 2007

ud goboobooboooboobodan

EEREEEE

100 1000000

gooooono

gooooono

gooooono

gooooooo

gooooo

gooooo

goooooooooooo0oO0oooooo

goooooooooooo0oO0oooooo

gooooOoooooooOoOo0oO0oobooooo

gooooOoooooooOoOo0oO0oobooooo

gooooo

gooooo

goboooo0o0o000~y =20

gooooo

gooooo

Prewitt 0000

gooooooooo

Fle [N [ X% QR ~|w ||| 3|o pjg__ggl

000000000000 00D9%0on
goooooo

P 000000000000 0009%000
goooooo

R 000000000 1.000000.901.10
goooooo

r gooobooooo 1.o00000.901.10
goooooo

(@] gooooO0oOoooooooOoOooooo
1.000000.95011.05000000000

¢ goooo0oOoobooooOoOoooooo
1.000000.9501.0500000000

H (0000000D

Z

20000000000000

n 20000000000000

nop |nop UOO0OOOOOOOO

200 10000000/400000 10 f00000 20

L |[0D000max(f1, f2)0

1 DDDDmin(fl,fg)D
A 0000 fi+4 fo— (f1 X f2 + Vinaa)O
a |0000f1 X fa+ VinazO
B 0000 f1 + f20
b DDDDflJer*Vm,azD
u ood
0f1=0— fo0f2=0— f10 f1,f2 # 0 — VinaaO
U ooo

O f1 = Vimaz — f20 f2 = Vinaa — f10
f15 f2 # Vinaz — 00

D [0000000abs(f1, f2)0

nopl | f1 OODO

nop2 | fo 00O

(00190 1031000)
(0019030 190000)
(0019050 2 00000)
(00190 70 25000)
00 00000000
19830 0020050000000
0000D0D000000002007
, 0000000000000000
‘\ 00000000000000000
) 0000000000000000
0000000000000000

ooobood

19750002005 0000000
gooooooooooooooo
gooooooooooooooo
goboooooooooooooo
goooooocooooobooooo
oooooooobooooooooobooooOooooo
ooboooooboooooo

o ooooooo
1959000198 0000000
- gooooooooooooooon
goooboooooobooooboo
\ /\_,: oboooboooooooobooo
== & WY yoopooooooooooo
gobooboobooboooobooboobooooooobooo
goobooooooooobooooooooooooo
ooooooooooood




