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Partial Pedestrain Re-Identification Based on Pose-Guided Alignment Network
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[ Abstract] In partial pédestrian‘re-identification, serious spatial misalignment will be caused when the partial image of a
pedestrian is directly compared with the holistic image,leading to a failure in target detection. To solve the mismatch of
the partial pedestrian , image and the holistic image of the same size, this paper proposes a Pose-Guided Alignment
Network (PGAN') model. The PGAN firstly introduces the pose into Pose-Guided Spatial Transformation ( PST) module
as auxiliary information, extracts the pedestrian image after affine transformation from the partial image and holistic
image ,and compares the pedestrian image with the standard. pose. Then the Convolutional Neural Network (CNN) is used
to learn the features for partial pedestrian re-identification. Experimental results on the Partial-REID dataset show that the
rank-1 accuracy of the PGAN model reaches 65% , which is 3. 7% higher than that of the baseline model that directly
extracts the global features with Deep Convolutional Neural Network ( DCNN ). The results demonstrate the proposed
model has excellent performance in partial image alignment and pedestrian re-identification.

[ Key words] partial pedestrian re-identification-alignment network; spatial transformation; pose; Deep Convolutional
Neural Network ( DCNN)
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Fig.1 Framework of pose-guided alignment network
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Fig.2 Key points of skeletal joints for pedestrian image
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