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Image matching error point detection based on

low-rank and sparse decomposition
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Abstract; A method of stereo image matching error point detection based on low rank and
sparse decomposition was proposed. Based on the constraints of the similarity of motion struc-
ture and the sparsity of error matching points, and considering the low rank feature of motion
between local nearest matching points, the constraint term of laplacian eigenmaps was intro-
duced in order to express this local low rank property, on this basis, a low rank and sparsity
optimization model of image matching points were constructed. Linearized alternating direction
method with adaptive penalty was used to derive and complete the low rank and sparse decom-
position of the model. The feature of singular value of sparse matrix was counted to complete
the detection of correct and wrong matching points. The experiment choosed stereo image pairs
with high texture repetition characteristics, and compared and analysed the detection accuracy
of image error matching points under different rotation angles. The results show that under the
condition of high texture repetition and high overlap, the proposed method could distinguish

correct and wrong matching points better than the classical method, and is superior in accura-
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cy, recall, accuracy and F-measure index evaluation.

Key words: low-rank;sparse decomposition;moving structural feature;image matching
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Fig.1 Motion structural features analysis of initial matching for stereo images
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Fig. 2 Gross error detection results with variation of parameters j3
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