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A Boosting Discriminative Model for Moving Cast Shadow Detection
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Abstract  Moving cast shadow causes serious problem while segmenting and extracting fore-
ground from image sequences, due to the misclassification of moving shadow as foreground. This
paper proposes a Boosting discriminative model to eliminate cast shadow on Discriminative
Random Fields (DRFs). The method combines different features for Boosting to discriminate cast
shadow from moving objects, then temporal and spatial coherence of shadow and foreground are in-
corporated on Discriminative Random Fields and the problem can be solved by graph cut. Firstly,
moving objects are obtained by background subtraction; secondly, shadow candidates can be derived
through pre-processing moving objects, in terms of the shadow physical property; thirdly, color in-
formation and texture information is derived by comparing shadow and foreground points in current
image with corresponding points in background image, which are selected as features for Boosting;
finally, temporal and spatial coherence of shadow and foreground is employed on Discriminative Ran-

dom Fields and discriminate shadow and foreground by graph cut accurately.
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model for moving cast shadow detection. Firstly, color invar-
iance subspace and texture invariance subspace are obtained
by the color and texture difference between current image and
background image; then, Boosting is selected based on theses
subspaces to discriminate cast shadow from moving objects;
finally, temporal and spatial coherence of shadow and fore-
ground is employed on Discriminative Random Fields for ac-
curate image segmentation through graph cut.

The results show that the proposed method can work
well in both indoor and outdoor scene. Comparing with the
classical methods, the method has good performance both in

shadow accurate detection and foreground accurate detection.



