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Generating method of visual word for generic object recognition
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Abstract Generic object recognition aims at enabling a computer to recognize objects on non-constraint general
images with their category names, which is one of the ultimate problems in computer vision research. Current main
techniques in this field are generation of local feature (Bag of Feature or BoF) + construction of understanding
model (pLSA, SVM, - etc). To improve the recognition accuracy, many new methods for understanding model
construction have been proposed. In respect to local feature extraction that is commonly used in many recognition
methods, The center points of feature are detected by using random selection or edge points or grid, and their scale
information are given by random. Then the SIFT feature vectors are calculated by SIFT feature descriptors. How-
ever, there is not indemnity to-conform neighboring scale on the feature points, and this may affect the recognition
result adversely. In this paper, we study the method to determine the center and the scale of loca 1 feature that are
appropriate to generic object recognition. The effectiveness of the proposed technique was confirmed by using the
common data base.

Key words General object recognition, detection of feature vector, SVM, pLSA, SIFT feature vector
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BRESNI A —)ve, BBENERERERLELED
R —VIC—ET % & 5 Tx (R .

ZTTARMYTE, XORFRFROBSECESES X, —
IR E L T BT R DR OMIMIE S, R LA
JAD Ay — )V DEZREICDNTHERT 5.

AT, 52 BTHE7)VA Y XL DV T BB HBA
%. 33 ETIERORMBHMBEOMBER L BRFHEICOVT
WG, HABCTREREZOZERIONTHNG. H58ET
BEEDE LDICDVTIRNS.

2. BE7IVIVAL
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#£2 275 ADEOUM (Leopard & BACKGROUBND)(¥ifii%) %3 2 75 X5 EDIHEE (Face ¥ BACKGROUBND)(fi1%)

Leopard | BACKGROUBND Face | BACKGROUBND
PLSA + BoF,ig | 49.0 60.0 PLSA + BoF 4 | 63.6 64.0
PLSA + BoFpr, | 95.0 95.0 PLSA + BoFyr, | 92.8 93.2
SVM + BoF,y | 97.2 63.4 SVM + BoF,;y | 79.0 717
SVM + BoFp,, | 79.9 71.1 SVM + BoFyr, | 82.6 69.5

Izbel distribution

Image
Image

class

X 5 pLSA + BoF,q ® confusion matrix 6 pLSA + BoFpro @ confusion matrix

(AR ]

[y =

[ B xR 2]
F e N B

10

8 SVM + BoFpro D confusion matrix
7 SVM + BoF,q @ confusion matrix
£4 10 75 ATOERCBI B Y7 5A%E 75 ABEOMNSHK
75 AES 1 2 3 4 5 6 7 8 9 10

25 24 | Face | Leopard | Motorbike | airplane | guitar | piano | menorah | revolver | scorpion stop_sign

£ 5 10 75 ANFEORERMBE (M%)

AR FHRIE 2 OB EDETIX 80.260% T, £ 3 DALY
PLSA + BoF,q | 14.074 Tl 75.354%C, REFEOREGRMRTIRE 2 DALY
PLSA + BoFpro | 22.037 T 75.499% T, 2 3 DfAHRAHE T 76.075%H > 7=
SVM + BoFoia | 65.913 INBHB, pLSA L\ 3 EMAEEFVRE, BETFE
SVM + BoFyro) | 67372 ORISR EREDS W B CH B L BT, ¥

7z, SVM WS RBEHEE BORE, HERFETEONE
BRTRE 2 OB EDETE 54.5%T, 3 DHAEDY REGMETORMRE pLSA OHHEL Y R A LT 32 &
T 63.8%, REFEOMATRHETRRE 2 OHEAEDLETE  prmcxs.
95.0%T, &3 DHAEDLVTIE 93.0%TH o k. 4.3.2 10 75 AT OIfiEER
BoF+SVM DFETIE, (ERFEORHMBIUFETORE WEEEEEE S, 6, 7, 8IORY. HMTRH, By RARE
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Znsh s, BoF+pLSA, BoF+SVM DFHEICHWT, 10 ¥
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5. & & ®
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HU, &Y EWV visual words #1539 350 HERREL .
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BIEET IV Vo I BRROEHRE AV 5 FiE TR RO
TET SV RFCHEIH DD o TOIUE, BOREBRSELN
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e, ERCFREDT R TE] O—BkEE0s
BTERVRHRLBETICLERBTERLEZLONS.

5%, 101 75 ADEB LMD HEF — Z~— 272 fiVi
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