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Person identification from human walking sequences using affine moment invariants
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Abstract: This paper proposes a novel identification technique for a person from gait and body shape. The proposed technique
utilizes the full spatio-temporal volume carved by a person who walks and the average image created from the volume. Affine
moment invariants are derived from the spatio-temporal volume and the average image. Experiments show this method may

produce better results than those based on gait analysis alone.
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Fig.1 XYT image sequence volume.
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Fig.3 The first two affine moment invariants plotted against
each other for 10 of the 20 subjects and their whitened
values.
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