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Scene classification based on multi-scale spatial
discriminative probabilistic latent semantic analysis

Ji Haifeng, Gao Jun, Zheng Peng, Wang Jing
College of Computer and Information, Hefei University of Technology, Hefei 230009, China

Abstract; Objective Due to the problem that traditional latent semantic analysis (LSA) method is unable to obtain spatial
distribution information of objects and discriminative information of latent topic. Method We propose a scene classification
approach based on multi-scale spatial discriminative probabilistic latent semantic analysis (PLSA). First, it decomposes
images in multiple scales using a spatial pyramid approach to obtain spatial distribution information for images. Then, the
PLSA model is used to extract the latent semantic information of each local block. Next, the latent semantic features of all
local blocks are concatenated with different weights to produce the multi-scale spatial latent semantic information of image.
Finally, we exploit weight learning method to learn the discriminative information between different image topics and get
multi-scale spatial discriminative latent semantic information of image. Afterwards, the weight information is integrated into
the support vector machine (SVM) classifier to perform image classification. Result Experimental results on the common
three scene image datasets, viz. Scene-13, Scene-15 and Caltech-101, demonstrate that our method performs much better
than the existing state-of-the-art approaches. Conclusion Which demonstrate the importance of spatial information and dis-
criminative information in image classification and further verify the effectiveness and robustness of our approach.

Key words: probabilistic latent semantic analysis; spatial pyramid; discriminative information; scene classification
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Fig. 5 Part of sample images for Scene-13 and Scene-15 datasets
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2 A 3 4rRgs T A SOy R A R R
I 7B AE Scene-13 | Scene-15 | caltech-101 [ 432K 1E
WAL, R 2 A HIA LIy VA TE Scene-13 £4iE
B Loy ISR FN T 86.07% , 7F Scene-15 FHE4E I
IKEN T 83.27% , b H A H Y 7 Fp B 3 2K H A
(72 ) G B DE i A (KSPM) ' A 3 DL I3 dc i

A (NBNN) P T AH S P05 1) 4 ) A5 50 P4 4
P T R A A B 2% ) 4 T B DTG ( Se-
SPM) " i B (KC) 2 BRI AR 1 LA
(PLSA) " 3 T f5p 1T 4 [ 1 4 b 10 25 6] 4 7 35
(NN -VQ +SPM) J5i) YEReI9ML. k3 nl A/,
1E Caltech-101 %4545 b, Sl KR BCH 15 1,

© [ K G BT AR AU A



$£19% /514 /20145F18 =i5lg, =5, S, EiE/ SREFEHBIEHMREEENSITNGES S
>
. g £ E
§ - < § i‘i .§ E ?D § © § - b= :;
e EEEEETEEEEESE
RS S 2 = R=| g = = g ° o > @ @ s
bedroom 0.00 0.00 0.03 0.00 0.09 0.09 0.00 0.63 0.00 0.00 0.00 0.00 0.01 |/ o9
coast [0.00 0.04 0.00 0.00 0.00 0.00 0.02 0.00 0.08 0.00 0.00 0.00 0.00
forest {0.00 0.00 0.00 0.00 0.00 0.00 0.03 0.00 0.01 0.00 0.00 0.00 0.00 | ¥ 0.8
highway {0.00 0.03 0.00 0.00 0.03 0.01 0.00 0.00 0.00 0.03 0.00 0.00 0.00 0.01 07
industrial |0.02 0.03 0.00 0.00 0.03 0.02 0.00 0.03 0.00 0.00 0.13 0.03 0.04 0.10 :
insidecity [0.00 0.00 0.00 0.00 0.04 0.01 0.01 0.00 0.00 0.00 0.04 0.03 0.00 0.07 0.6
kitchen [0.03 0.00 0.00 0.00 .01 0.00 0.00 0.08 0.00 0.08 0.02 0.00 0.02
livingroom {0.09 0.00 0.00 0.00 0.03 0.02 0.10 0.01 0.06 0.00 0.04 0.01 0.01 0.02 0.5
mountain |0.00 0.01 0.02 0.01 0.00 0.00 0.00 0.05 0.00 0.00 0.00 0.00 [} 0.4
office [0.01 0.00 0.00 0.00 0.00 0.00 0.02 0.02 0.00 0.00 0.00 0.00 0.00
opencountry [0.00 0.11 0.02 0.03 0.00 0.00 0.00 0.00 0.07 0. 0.00 0.01 0.01 0.00|[103
store [0.01 0.00 0.02 0.00 0.01 0.05 0.02 0.03 0.05 0.00 [OFEH0.00 0.00 0.04 |||,
street [0.00 0.00 0.00 0.02 0.02 0.03 0.00 0.00 0.00 0.00 0.00 0.00 [OMEEN0.00 0.00
suburb [0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.00 0.03 0.01 0.00 0.00|}{0.1
tallbuilding [0.00 0.00 0.01 0.00 0.Q0 0.03 0.00 0.01 0.02 0.00 0.00 0.00 0.00 0.00

K10 AR3CTTIEAE Scene-15 Xdfi e b or27" AR ROIR I HE I (70 JHERR A< 83.27% )

Fig. 10  Confusion matrix generated on Scene-15 datasets in our method ( classification accuracy is 83.27% )
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