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[ Abstract] Due o ‘the differences of imaging principle between ¥isible images and infrared images, pedestrian detection
algorithms for visible/images' cannot be directly applied to infrared images. To address the problem, this paper proposes a
pedestrian detection algorithm for infrared images based on multi~level features. First, the key regions of infrared images
are extracted by using an improved image saliency detection algerithm,and their highlighted regions are rapidly located
by using the sliding window algorithm for centroid relocation. Then the symmetry of images and their similarity to
pedestrian features are judged by using Zernike moment. Finally 4the regions to be judged are gradually narrowed down by
using the Convolutional Neural Network (CNN) baséd on edge information input. Experimental results on the OTCBVS
dataset of infrared pedestrian images show that compared with the sparse representation algorithm ,the proposed algorithm
has a higher detection accuracy rate.
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Fig.1 Selection results of improved sliding window algorithm
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Fig.2 Procedure of pedestrian detection in infrared image
based on multi-level feature
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Table 4 Detection results of the proposed algorithm on the
OTCBYVS dataset of infrared images
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Fig.6 Pedestrian detection results 1 on the OTCBVS
dataset of infrared images
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dataset of infrared images
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