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Abstract Scene image categorization is a basic problem in the field of computer vision. A content
correlation based scene image categorization method is proposed in this paper. First of all, dense local
features are extracted from images. The local features are quantized to form visual words, and images
are represented by the “bag-of-visual words” vector., Then a logistic-normal distribution-based
generative model is used to learn themes in the training set, and themes distribution on each image in
the training set. Finally, an SVM based discriminative model is used to train the multi-classifier. The
proposed approach has the following advantages. Firstly, the approach uses logistic normal
distribution as the prior distribution of themes. The correlation of themes is induced by the covariance
matrix of logistic normal distribution, which makes the theme distribution of subjects more accurate.
Secondly, manually tagging image content is not required in learning process, so as to avoid the heavy
human labor and subjective uncertainty introduced in the process of labeling. A new local descriptor is
proposed in this paper, which combines the gradient and color information of local area. Experimental
results on natural scene dataset and manmade scene dataset show that the proposed scene image

categorization method achieves better results than traditional methods.

Key words scene image categorization; generative model; logistic normal distribution; content

correlation; computer vision
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Fig. 1 The correlation of image content, (a) An image

that contains four regions. The themes of three regions
are sky, mountains and sea respectively. The theme of
the lower right area is unknown and (b) The themes
probability.
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Fig. 2 The framework of the proposed scene image classification method.
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manmade scenes.

6 ZHEBREEEAFATER. (D4 XARRCHGELHABRIISGE DI (b) 4 XAZRDAREARES

ARNGES D2

ET—9,.RIVAHARESE D1 M1 D2 EMRK
RER NEXERPHHLER 150 & EKE R
HGHES . FTHRBIMEIMRES. PEEIFENA
BRERUZEG—IEINE AETEECRTESL
HEHRNE RIABRBEENLE S XEXRT
BEEOHEE.

5 XEHER

5.1 $HEE
ERMNMTEPE 2AAGSHE: DRERLC
KHOKE:; DEFENIMB ATHRERX 28X



% BE.ETH

ARG RIER KTk

1203

DRBROE R RNEREELS DI EHTTH  HRKENR S0, FEHNECH 20 M. FXBRRYT. &
RS R 7 FOR. TUBERARERICER FEOLRVRIKAR 2 HHKE.

o‘m .........
»
T 0.85
E 0.80
=]
€ 0.75
&
0.70
(1) I R —
200 400 600 800 1000
Size of Visual Vocabulary
(a)

0.90
»
3 0.8
g 0.80 |..
o
E 0.75|-
&
0.70 frrreee
0.65 1 1 1 1
10 15 20 25 30 35 46
Number of Themes
(b)

Fig. 7 The performance is influenced by the length of vocabulary and themes. (a) Performance vs.

5.2 & R

vocabulary and (b) Performance vs. themes.
M7 REREATEREABRSEEMN R EBED P ERENEN. () HERKRALEKE
B A4y RtEE Bt & s (b) BUERR & E8MRET I 4 LR R

BiEEE D1 LM RRBER. BiEE D1 EFY

BIMETEBBRESDIAID2 LHERE SHEERREIVAN. A QORKEED2 LHETD
R HEHSGQOEFEED LMEFSH,E 8(bE H.EHIbEREED2 EHNSRBEES. BHEE

L 0.4
g 0.2 I
0.0 _-_-__l
5 10 15 20
L. 0.4 —
1]
g 0.2 I
0.0 L]
£ 0.4 5 10 15 20
50 l
g 0.2
3 i I l
= 0.0
5 10 15 20
0.4
-
© 0.2l I I
(5
0.0
3 10 15 20
Number of Themes
(8)

-orest

Mountain

Beach Forest  Moumain Field

(b

Fig. 8 Experiment results on D1. (a) Themes distribution of D1 and (b) Confusion matrix,

HS8 HELED FHLRER. () DI LWMETEAEE;: (b) DI WALRBER

Highway

City

Tall Building  Street

0.4
0.2 I I I
0.0

5 10 15 20
0.4
0.2 I
0.0

5 10 15 20
0.4
0.2 l
0.0! :

5 10 15 20
0.4
0.2 ‘ I
0.0

5 10 15 20

Number of Themes
(a)

City

Street

Tall Building

Highway City Street Tall Building

(b)

Fig. 9 Experimental results on D2. (a) Themes distribution of D2 and (b) Confusion matrix.

9 HEED2 EWERHER. () D2 LM XM HME; (b) D2 LM RKIRHEERS



1204

HHHNHARKSER 2009, 46(7)

D2 EH P LR R 93.2%,

ME 8(a)FIE o) ERATTAE N, FH 1
MR RERE P, X2H TFERINBO T EASI
ATEBZEMEEE MATHEXEE =4 11K
R IFABANATRELEH - E MR, FWmESH
K BEREEHEPEG,7,11,13,17 & L. £ DI
PEERBHMERK. P EER 05.2%,. £ D2 b
PEERBHHRSE DPERE 5. IX. BIBHE
KBS I 1 FVEF S | Ly ok R EF A0 I v AR A

10 85 H T — 24y KR M R ER. B 10¢2)
RENE GRS g B B 10 ZEHEME

= Ko K

B ImATER. XL RER T HEGRENZ
B HERIEHEH THRMR S ELERAAR
BEtE. MX ARt E R EA T KT B
o R AT SR80 BT LA I T 5% 2t . Al
10¢a) B9 BF 5 [ 15 1] 1R & 1 12 P 4R — #E A K T AL
B 7K T R m AL B9 K3, BT LA SE 20T MBS Y £
2 G R B 10 (b) o ) 138 P8 4R BT LA K
BTG HANENSARENRGTER &4 2
RAEGRBEN RN R LB EGMEEREK, FEE
RREBEMBR—BHL T — R, WX ERNKE
BEOETENFE.
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images belong to street, which are misclassified as city.
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