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Abstract

In recent years, pedestrian detection, based on computer vision, has been one of the hottest topics
in the field of intelligent transportation. The pedestrian detection algorithm, based on HOG and
local self-similarity (LSS) feature fusion, is better than the traditional HOG detection algorithm,
and also it has the following challenges: 1) low efficiency; 2) failing to effectively handle the occlu-
sion problem. Aiming at these challenges, this paper proposes a pedestrian detection optimization
framework based on BING feature, HOG-LSS feature and data trajectory fusion. It is proved that the
detection result is superior to the HOG-LSS pedestrian detection method.
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Figure 1. The traditional pedestrian detection framework
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Figure 2. The pedestrian detection framework of this paper
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Figure 3. The left picture shows the sliding window method, and the right
picture shows the general object detection method
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Figure 4. Pedestrian location speculation on t3
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Table 1. Comparison of experimental results for each classifier
1 B EB/LWERITEE
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LoRINE AT - - - )
THBE(s) JRR2(%) THE(s) TR 2(%)
HOG-LSS 2.06 67.71 2.56 50.16
BING + HOGLSS + TRACK 0.14 64.32 0.15 45.21
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