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Abstract: This paper make full use of dictionary learning and sparse representation for signal recon-

struction and classification, and present a two-step dictionary learning method and apply it to robust

face pose recognition. The proposed approach models the appearance of face images from the subspace

via K-SVD that learns the sub-dictionary from a set of images. A combination of the trained sub-dic-

tionaries of all pose classes are used as an over-complete dictionary. Finally, the Gabor features are ex-

tracted for sparse representation and classification. In order to improve the classification ability, we

put forward a two-step dictionary learning method, and carry out dictionary learning with label con-
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A Novel Approach Combining KI Criterion and Inverse Gaussian Model to
Unsupervised Change Detection in SAR Images
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Abstract: In this context, a novel approach combining inverse Gaussian model (IGM) and the Kittler-
Illingworth (KI) criterion has been proposed to carry out tunsupervised change detection in synthetic
aperture radar (SAR) images. The minimum error threshold could be computed by exploiting the
Bayes decision theory under the assumption that hybrid IGM could describe the distribution of the
changed and unchanged class in difference image. Experiments carried out on two sets of multi-tempo-
ral SAR images indicate that the proposed approach can effectively estimate the probability density
function of the unchanged and changed classes in the difference image and acquire a reasonable thresh-
old for yielding a better change map from the difference image.
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straints in the second step. Additionally, in order to improve robustness against face occlusion, we in-
troduce a pose occlusion dictionary to code the occluded portions of face images. Several experiments
were performed on XJTU,PIE, and CAS-PEAL-R1 databases. Recognition results show that the pro-
posed method can achieve a recognition rate of about 95% under illumination, noise, and occlusion
variations. It can satisfy the requirements of practical applications.
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sparse representation
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