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Pose-Based Discriminative-Attributes Learning for Fine-Grained Recognition

Song Fengyi,Zhang Shoudong, Yang Ming
(School of Computer Science and Technology, Nanjing Normal University , Nanjing 210023, China)

Abstract : Commonly existed various posture of object makes great challenges for object recognition in computer vision lit-
erature. Attribute representation shows robust describable ability with clear semantic meaning invariant to changes of en-
vironment factors including posture. However,the inherent description advantages of attributes also result big challenges
for itself to learn well worked attribute predictor. Consequently,the key issues in attribute learning are to alleviate the dif-
ficulty of predicting attributes and enhance the discriminant ability at the mean time, which especially important for fine-
grained recognition task. By explicitly modeling the posture states and learning discriminative attribute with respect to dif-
ferent postures,describable and discriminative attribute can be built for final category recognition. The proposed pose-
based discriminative attribute is verified on publicly available fine-grained dataset CUB with advanced performance.

Key words : attribute learning, discriminative attribute, distributed representation , fine-grained recognition
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Various pose clusters embody kinds of geometric structural prior information, while one pose cluster consists of images with similar explicit seen local

parts but with different appearance feature. Learning visual attributes in a specified posture states will enhance its description specification ability.
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Fig.2 Performance comparison of several approaches Fig. 3 Illustrating how different number of clusters affects

the performance of the proposed approach
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