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(a) Template image

(b) Input image (c) Reference pixels
(The target object is surrounded by for (b)
dissimilar objects.)

(d) Input image (e) Reference pixels
( There are many similar objects for (d)
around the target object.)
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Fig. 1 Example of reference pixels that are selected according

to the surrounding objects.
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Fig. 2 Schematic diagram of separability.
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Fig. 3 Flow of the proposed algorithm.
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(b) Co-occurrence histogram

(a) Template image
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Fig. 4 Schematic diagram of generating a co-occurrence his-

togram h of intensity.
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Fig. 5 Evaluation of the identification performance.
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Fig. 6 Definition of chromosome.
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Fig. 7 Examples of experimental images.
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Fig. 8 Result of the selected pixels (red circles) by each
method.
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(c) 200th generation (d) 400th generation
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Fig. 9 The evolutionary behavior of selected pixels and score

maps.
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Fig. 10 Recognition result of each object.

(1) NCC : Normalized Cross-Correlation & 2 Fi%E
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Table 1 Recognition rate of each method.

Object A Object B Object C Object D
Method

M P, M P M P M P
(1)NCC 10043 | 93 | 9919 | 60 | 5525 | 100 | 8541 | 100
(2)SIFT[17) 30 83 60 1 30 83 30 87
(3)SURF[18] 30 55 60 0 30 20 30 62
(4)ORBI19] 30 88 27 1 30 75 30 24
(5)Random 30 32 | 500 | 39 | 100 62 100 71
(6)Gradient 100 58 | 450 | 62 | 100 59 200 73
(7)Canny[10] 30 79 | 450 | 45 | 100 52 100 87
(8)CPTMI[13] 30 72 | 500 | 76 | 200 80 200 72
(9)Proposed 30 99 60 97 30 99 30 99
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Fig. 11 ROC curve of each method.

HTHD. LaL, NCC OpIMEREIE, K11 1 v CPTM
RRBFEOHBIERE L LN TH-> TV D, T, Hifl
RE =TI U TCHET D B 2 S RIERRECE AT
DMBHTHSD. NCCIZH~AT CPTM OFkBIHEREDS O BR
M, ZMREFREFEOTIELL A Y — BT D EE e 5
DEIGMENST=NETH D, —J, BEFEISREHE
EHOET BRI, MR = DRIFET DR L SR
BIRFEE U CERIRT D720, MMFEITHAFRBIERD S
TLEmR L.

4.4 NIEBEFRE O

RETFIE L MTIEORAIT DD BRI & el Uz,
W FEE LTE 4.3 filc i) 2 FE o 8 FiEE AW,
HZI1T 5 4 FEOXRME{G % AVCTHREAZ TN L 7. %
KG9 % B MRIBFEE M [pixel] & AR Tmsec] O
BIfR & £ 2 IR

= 2 FTIEOLIRRER

Table 2 Processing time of each method.

Object A Object B Object C Object D
Method

M T M T M T M T
(1)NCC 10043 | 1577 | 9919 | 1985 | 5525 | 1244 | 8541 | 1874
(2)SIFTI[17) 30 | 229 | 60 | 4r8 | 30 | 771 | 30 | 710
(3)SURF[18] 30 125 60 253 30 181 30 176
(4)ORB(19] 30 [ so | 27 | s0o | 30 | 60 | 30 | 90
(5)Random 30 8 500 109 100 24 100 24
(6)Gradient 100 23 450 95 100 24 200 42
(7)Canny[10] | 30 8 | 450 | 95 | 100 | 24 [ 100 | 24
(8)CPTM[13] | 30 8 | 500 | 100 | 200 | 42 | 200 | 42
(9)Proposed 30 8 60 8 30 8 30 8

CPU:Intel @ CORE™i7-3.40GHz, System memory:16GB
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Fig. 12 Relation between the number of learning sample im-

ages and recognition rate.
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Fig. 13 Relation between the number of selected pixels and

recognition rate.
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5. hHUYIC

KG L FEL OFRBINERE & e AL T D 2 IRIEERE A B
RN D FIEERE L. TOmERE~ v F 710
AT 25 Z LIk 0 RIS O BFAET HRPL T T
HEEEPOEIELRYERIN A TR LTz, Bikse s LT
%, RO FE IR & E e FEEME 400 ALK L CH|
BEELEZEZ A, T L— MEBEEFEDOK 0.5%D
2 PR E 5 CRRA % 98.5%, ALHRRER] 8 msec & AL L7~
T ERMER L.

A1%1%, BIREFEREO R 072 ORI o &l &
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