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Abstract

A novel statistical textural distinctiveness app-
roach for robustly detecting salient regions in
natural images is proposed. Rotational-invariant
neighborhood-based textural representations
are extracted and used to learn a set of
representative texture atoms for defining a
sparse texture model. Based on the learnt
model, a weighted graphical model s
constructed to characterize the textural
distinctiveness between all representative atom
pairs. Finally, the saliency of each pixel in the
image is computed based on the probability of
occurrence of the representative texture atoms,
their respective statistical textural distinc-
tiveness based on the constructed graphical
model, and general visual attentive constraints.
Experimental results using the EPFL dataset and
a variety of performance evaluation metrics
show that the proposed approach provides
promising results when compared to existing
saliency methods.
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( =) Rotational-invariant neighborhood-
S oa based textural representation t(x)
Sparsified representation t(x) using u principal

components @, of the local representation h(x)

h(z) = (I(z) sort{I{z ;)}... sort{I(wn;)})
with the highest variance using PCA.
t(z) = (Pi(h(z)) |1 <i<wu)

[ Sparse texture modeling via ]

representative texture atom learning

Sparse texture model: Defined as a set of m atoms
T = {t]|1 <i<m}
and learned by minimizing the L, norm using k-means.
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t';and t';: Pair of representative texture atoms in the
sparse texture model. t",can be seen as a realization
of t';in the presence of noise:

t; =1t; +ni;
Textural Distinctiveness: Probability of t'; not being a

Bi; =1— P(t{[t})

realization of t:
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Occurrence probability
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Visual attentive constraint

U(x) =y, if x € S;

Experimental Results
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Fig. 1: Precision and Recall rates based on the EPFL database.
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Fig. 2: Precision, Recall and F-measure for adaptive thresholding and
for cut-based (GrabCut) segmentation of salient objects, initialized
with saliency maps.
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Fig. 3: Visual comparison of our approach (TD)
approaches and ground truth (GT).
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