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Combining Different Types of Local Features for Generic Object Recognition
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Table 1 Grouped local feature methods.
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Table 4 Recognition rates comparison on difference of used local feature types
for Caltech database (%) (1, 2, 3 show typel, type2 and type3).

Cat.name |1&2&3|1&2|1&3|2&3 1 2 3
Motorbikes 99.42 98.72 | 98.61 | 99.30 | 94.20 | 98.95 | 97.91
Cars Rear 98.18 97.47 | 97.23 | 96.52 | 95.49 | 95.49 | 89.23
Airplanes 99.80 99.70 | 98.98 | 99.80 | 98.58 | 99.19 | 99.19
Faces 100.00 100.00 | 100.00 | 100.00 | 100.00 | 100.00 | 99.85
Average 99.35 98.97 | 98.70 | 98.90 | 97.07 | 98.41 | 96.54

05 Graz-020000000000000000000000D0O0%000001020
3000000000 10000 20000 30000
Table 5 Recognition rates comparison on difference of used local feature types
for Graz-02 (%) (1, 2, 3 show typel, type2 and type3).

Cat.name |1 & 2& 3[1&2[1&3|2& 3 1 2 3
Bikes 78.55 77.75 | 78.02 | 75.07 | 77.75 | 61.66 | 75.34
Persons 79.19 77.46 | 77.46 | 76.88 | 76.30 | 73.99 | 77.75
Cars 78.00 68.25 | 70.00 | 70.25 | 68.75 | 68.25 | 64.00
Average 76.58 74.49 | 75.16 | 74.07 | 74.27 | 67.97 | 72.36
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(a) KB detector(# 1 7' 1) I2& % Caltech database {231 %]
(a) Detection examples of the local feature by KB detector (type 1) on Caltech database.

(b) —HFIBRIE (547 2) @ Caltech dataase 2B Bl

(b) Detection examples of the uniform area local feature (type 2) on Caltech database.

(c) BhorT v VIRHIEEL (¥ 4 7 3) @ Caltech database (2315 2 #uHifl
(c) Detection examples of the partial edge local feature (type 3) on Caltech database.

010 00000000 DOO000OO000D000
Fig.10 Comparison of described areas by each local feature type.
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0 6 Caltech database 00 0000000000000 O0O000O%0O
Table 6 Comparison of recognition rate with previous works (%).

Our method | Hillel [11] | Fergus [12] | Opelt [18] | Opelt [21]
Type of local feature 1&2&3 1 1 3 1&3
Motorbikes 99.42 95.1 93.3 96.8 100.0
Car Rears 98.18 99.4 90.3 99.5 99.5
Airplanes 99.80 93.3 93.0 97.4 97.1
Faces 100.00 93.7 96.3 98.1 99.7
Average 99.35 95.38 93.25 97.95 99.07

07 Graz-02000000000000000O000O0%0O
Table 7 Comparison of recognition rate with previous works (%).

Our method | Opelt [23]
Type of local feature 1&2&3 1&2
Bikes 78.55 77.8
Persons 79.19 81.2
Cars 72.00 70.5
Average 76.58 76.5

gooooocoooooooooooooOoDooboo
goooooooooooooboo

5. O 0O O

goooooooooooooooboooobooo 3
gooooooooooooobooOoooooobood
gooooooooooooobooooooobooo
gooooooooooooobooOooooobooboo
gooooooooooooobooooooobooo
gooooooooooooobooooooooboo
ooooooooooo

ooooooooo 20000 300000000
goooooooooooooooOoooooobooo
goooooooOooooooooOoooooDoooDo
goooooooooooooboOooooooobooo
gbooboooocOooooooooOooooooooo
goooooooooooooboOooooooobooboo
goooooooooooooboooooooboo
ooooooog

g O

[1] D.G. Lowe, “Distinctive image features from scale-
invariant keypoints,” Int. J. Comput. Vis., vol.60,
no.2, pp.91-110, Jan. 2004.

K. Mikolajczyk and C. Schmid,

9

[2] “An affine invari-
ant interest point detector,” Proc. European Conf.
on Computer Vision, pp.128-142, 2002.

T. Kadir and M. Brady,
age description,” Int. J. Comput. Vis., vol.45, no.2,
pp.83—-105, Nov. 2001.

C. Carson, S. Belongie, H. Greenspan, and J. Malik,

3]

“Saliency, scale and im-

[4]

“Blobworld: Image segmentation using expectation-

636

(5]

(6]

(7]

(8]

[11]

(12]

(13]

maximization and its application to image querying,”
Proc. Third Int. Conf. on Visual Information Sys-
tems, 1999.

Y. Deng and B.S. Manjunath, “Unsupervised seg-
mentation of color-texture regions in images and
video,” IEEE Trans. Pattern Anal. Mach. Intell.,
vol.23, no.8, pp.800-810, 2001.

J. Matas, O. Chum, M. Urban, and T. Pajdla, “Ro-
bust wide baseline stereo from maximally stable ex-
tremal regions,” Proc. British Machine Vision Conf.,
pp-384-396, 2002.

J. Garding and T. Lindeberg, “Direct computation of
shape cues using scale-adapted spatial derivative op-
erators,” Int. J. Comput. Vis., vol.17, no.2, pp.163
191, Feb. 1996.

J. Malik, S. Belongie, J. Shi, and T. Leung, “Tex-
tons, contours and regions: Cue integration in image
segmentation,” Proc. IEEE Int. Conf. on Computer
Vision, vol.2, pp.918-925, 1999.
goooo«obo0ob0oboooobOor 00000vol.48,
no.SIG 16 (CVIM 19), pp.1-24, Nov. 2007.

G. Csurka, C.R. Dance, L. Fan, J. Willamowski, and
C. Bray,
points,” Proc. ECCV International Workshop on Sta-
tistical Learning in Computer Vision, pp.1-22, 2004.
A.B. Hillel, T. Hertz, and D. Weinshall, “Efficient
learning of relational object class models,”
IEEE Int. Conf. on Computer Vision, vol.2, pp.1762—
1769, 2005.
R. Fergus,

“Visual categorization with bags of key-

Proc.

“Ob-

ject class recognition by unsupervised scale-invariant

P. Perona, and A. Zisserman,
learning,” Proc. IEEE Computer Society Conf. on
Computer Vision and Pattern Recognition, vol.2,
pp.264-271, 2003.

C. Pantofaru, G. Dorko, C. Schmid, and M. Hebert,
“Combining regions and patches for object class lo-

calization,” Proc. Beyond Patches Workshop in Con-



goooooooooooobooooboooobooooooboo

junction with the IEEE Conf. on Computer Vision
and Pattern Recognition, pp.23-30, 2006.

[14] J. Sivic and A. Zisserman, “Video google: A text re-
trieval approach to object matching in videos,” Proc.
IEEE Int. Conf. on Computer Vision, pp.1470-1477,
2003.

[15] S. Lazebnik, C. Schmid, and J. Ponce, “Semi-local
affine parts for object recognition,” Proc. British Ma-
chine Vision Conf., vol.2, pp.779-788, 2004.

[16] V. Ferrari, L. Fevrier, F. Jurie, and C. Schmid,
“Groups of adjacent contour segments for object de-
tection,” IEEE Trans. Pattern Anal. Mach. Intell.,
vol.30, no.1, pp.36-51, 2008.

[17] M. Leordeanu, M. Hebert, and R. Sukthankar, “Be-
yond local appearance: Category recognition from
pairwise interactions of simple features,” Proc. IEEE
Computer Society Conf. on Computer Vision and
Pattern Recognition, pp.1-8, 2007.

[18] A. Opelt, A. Pinz, and A. Zisserman, “A boundary-
fragment-model for object detection,” Proc. Euro-
pean Conf. on Computer Vision, vol.2, pp.575-588,
2006.

[19] R. Fergus, P. Perona, and A. Zisserman, “A visual
category filter for google images,” Proc. European
Conf. on Computer Vision, vol.1, pp.242-255, 2004.

[20] R. Fergus, P. Perona, and A. Zisserman, “A sparse
object category model for efficient learning and ex-
haustive recognition,” Proc. IEEE Computer Society
Conf. on Computer Vision and Pattern Recognition,
vol.1, pp.380-387, 2005.

[21] A. Opelt, A. Pinz, and A. Zisserman, “Fusing shape
and appearance information for object category de-
tection,” Proc. British Machine Vision Conf., 2006.

[22] P. Meer and B. Georgescu, “Edge detection with
embedded confidence,” IEEE Trans. Pattern Anal.
Mach. Intell., vol.23, no.12, pp.1351-1365, Dec. 2001.

[23] A. Opelt, A. Pinz, M. Fussenegger, and P. Auer,
“Generic object recognition with boosting,” IEEE
Trans. Pattern Anal. Mach. Intell., vol.28, no.3,
pp.416-431, March 2006.

oob200 80 130000120 100000

oo 00 oOoood

0O 1voooooooooooooo 19
gooooooobobooooooooooo
goboooooooooooboooboooo
goooooooooooooboooooo
oooooooooono 21 MMM2009 O
goooooooooooooo

»

oo 0o

2003000000000000000O0
goooo0oobo0z200300000020060
goooooboooooooooboooooo
goooobooooooooboooooo
gooooooboOoooboooooboo
goboooooooooooooooooo

oooboooooo

od O

972 000000000000000
gooooooooooOo019r40 60
goobooboooobooooooooooo
ooooooooboooolgrrO 30
go0ooO0oooooobOoooobooooo
go0o0ooooooooooon0o 4000

000019790 40000019840 11 0000001990
0120000000000000000O00OO0OODOOODO
JjoooU00oooU0ooooU0oooUoooooooooo
000000000000 0000000000000IEEED
00000000000000000IEEE IECON’92 Best
paper award 00 000000000 DOOODOOOOO 20

ooo

—

oo 00 oOood

ODob0bOO0O0O0O0OO0O0OO0O0O0 12000
goooooooooboooooono 1s
goooooooooooooooomo
000 2000000000000000
o0 coEnnOoOno 1700 30000
goobooooooboooo 2000000

goooooooooooooboOoooooooOoboooooo
gooooboooooobobooOooooobooooo

'Y

oo 00 oOoog

ODeO000000O00O0O 800000
goooooooooooobooonoo
120000000000000000O0
goobomoooooooooooood
le 00O0000O0OO0OOOOOOOOCOO
go0oo0OoOoocooooooooooooo

00000000000 1900000000000 14016
00o00o0o0oo0o0oo0o0oooooon0n 17018019
goooooooooooobOOo0oO0ooIRISADOOOOOO
goooo0oo0ooo0oOoUooOoooooOoooooooo
0000o0o0O0oo0O0ooO0oo0o0oo0ooo0ooooooooonoa
IEEE Computer SocietyD ACM 0000

637



00000000000 2009/5 Vol. J92-D No. 5

od 0 Oo0oo0OoOooooo

0530000000000 550000
o0o00000000000000000
NTTOOOOO 400 10000000
oobooooooono 10000000
pooooo0o0o0oO0o0oo0DboOo0o0o0o0oo0
0OoOoooO0oo0oooooooooooooo
ooooooooooooboooooOoeon0OOobooOonOnO
0 6 IEEE-CVPROOOOO0OOO 70000000000
00000 8IEEE-ICRAOOOOOOOOO 1300000
0000 130000000000000 140000000
15000000000 16 IEEE TransUMM 0000000
OOIEEEODOOO0O0OO0O0O0O0O0O0DOO

638



