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Comparison between GP and SAP
in construction of Image Processing Filters
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Abstract: Genetic Programming (GP) is one of evolutionary computation algorithms that can design tree
topology operations. Simulated Annealing Programming (SAP) is also an emergent algorithm that can cre-
ate tree topology operations. These two algorithms, GP and SAP, are applied to construct Image Processing
Filters. These filters are useful for finding the information of cancers from medical images. Image process-
ing filters can be expressed as tree topology operations. In this paper, the search characteristics of GP and
SAP were compared. As a result, SAP produced the result whose tree length is short. On the other hand,

GP obtained good solutions whose filters can distinguish the image precisely.
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I:Input Image

T:Target Image

0O:Output Image
Fi(i=1,2,...): Image Processing Filter

Fig. 3 Principle of automatic Image Processing with tree
filter
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Table 1 Basic filters with an input

Filter ID Effect O

f101 Mean

102 Maximum value of eighborhood
f103 Minimum value of eighborhood
f104...f106 | Edge emphasis(sobel, laplacian, dark edge)
f107 Contraction

f108 Expansion

f109 Inversion

f110...f112 | Binarization(threshold:128, 64, 192)
f113, f114 | Addition(value:25, -25)

f115 Maximization(threshold:128)

fl16 Minimization(threshold:128)

f117, f118 | Multiplication(value:1.5, 0.5)




Table 2 Basic filters with two input
Filter ID | Effect O

201 Logical Sum

202 Logical Product

203 Algebraic Sum

204 Algebraic Product

205 Bounded Sum

206 Bounded Product
33 00000

goboobooobooboobooobboooboo
O(xz,y) DOOOO T(x,y) 0DOOOODOODOOOO
ooooboob @oooooobootloopbooooo
goooooobooo

W, W.
E v E Yow (2,9)10; (w,y) = T; (w,9)|
_ z=1 y=1
W, W,
§ e § v w;i(z,y) Vmazx
=1 y=1

O000KOOOOODOOOOOOw(,)000000
00V,..0000000000
000000000000000000000000
00000000000 000000000000 0.0
01.000000000000000000700000
0000000000000000000000000
0000000000000000000000000
0000000000000000000000000
0000000000000000000000000
00000000000O0oooon

4. 0000

O00000000DD O Genetic Programming: GPO O
ooooOooooboOobooOobbOO00O00oooobooOnDSim-
ulated Annealing Programming: SAPOO O O0O0OOOOO
oo0ooo0o0oooooooooDooboooon

fitness=¢ Zk:l {1

41 0000

oboboooooooboooooooGgePD SAPO OO
gooo
o IO DO
goboooboobooboobooboobao
gobooobooboobooboobgoobao
goboooboobooboobooboobao
googooo
e NUOODOODOOO
goboooboobooboobooboobao
goooboooboooboon
o OO DONO
gbobooboobooboobggbgaaobad
gbobobobooobooboobgabgaaobaad
gbobooboobooboobaoobaabooa
goooboobooboobooobob

42 GPO SAPO0ODOO

obobooooooooooooooOgepO SAPOODO
oboooooooooGcpOObOOSAPOOODOOOO
Table 30Table 4 DO OOOO0OSAPOOOODOODOO
oboboooooooooooooooooooobon
obobob Fg. 4000000000000000O 1
oooooooo

Table 3 Parameter of GP

Parameter Value [
Generations 40
Populations 100
Way of Selection | Tournament
Crossover Rate 1.0
Mutation Rate 0.01
Max Depth 25
Table 4 Parameter of SAP
Parameter Value
Number of Evaluation | 4000
Max Temperature 5.0
Min Temperature 0.01

Input Image

Fig. 4 Image set for learning

Target Image

Weight Image
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Fig. 5 Comparison between GP and SAP in Solution Re-
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Fig. 6 Comparison between GP and SAP in Depth
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Fig. 7 Comparison between GP and SAP in Number of
Nodes
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Fig. 9 Comparison between GP and SAP in Robustness
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