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Abstract: A visual saliency detection method based on Bayes’ theorem and statistical learning is proposed in this paper.

The method clarifies different feature likelihood and different location prior for bottom-up saliency and overall saliency in
static images based on Bayes’ theorem. For feature integration problem a weighted linear combination method using lo—
gistic model and a weighted nondinear combination method using regularized neural network are used to learn the weight
parameters to combine all factors. Experimental results demonstrate that our method’ s bottom-up saliency maps perform
better than other state-of-the-art saliency models in two fixation data sets by the metric receiver operator characteristic
(ROC) curve. And the extensive quantitative evaluation also demonstrates that the nondinear combination outperforms
the linear combination strategy.
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Fig.1 The flow chart of our algorithm

Microsoft Windows XP Service Pack 2



200

3.2

gistic

nto

Logistic

3
2 . “
”( Central bias)
CB . 2 CB 3
Toronto
Toronto
11
120
Logistic
30 50
30
<30 30
5
1
2
(1)
.(2) Lo-
3 3 Tonro—
CB 3
3
2 3
Tchebichef

100 200
100 ~100
1 , :
09} — CB:O.\852 24 |
— GBVS:0.823 67
0.8 — SUN:0.700 55
o7t —— 1tti:0.614 98
s 0.6f
ﬂ: 05f
= 04t
03[
02r
0.1r
OO 0.(I)5 O.II O.IIS 0.I2 O.2IS 0.3
i PR %
B2 MIT#EE LSHMBAEERILER
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to other methods
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