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Pedestrian detection based on improved SSD

Yu Bo Liu Chang
(School ol Physics and Electronic Engineering, Northeast Petroleum University, Daqing 163000, China)

Abstract: With the rapid development of computer vision, pedestrian detection technology has become one of the hot
topics. SSD algorithm in pedestrian detection algorithm is more stable than other pedestrian detection algorithms.
Aiming at the problem of low detection accuracy when SSD algorithm is used in pedestrian detection, this paper
proposes a pedestrian detection algorithm which uses ResNet residual network as the feed-forward network of SSD to
extract pedestrian features and generate the target box through the eigenvalues. The original SSD algorithm and the
improved SSD algorithm are compared through the training set and the test set of INRIA pedestrian detection data set.

The experimental results show that, compared with SSD algorithm, the improved pedestrian detection algorithm is

more robust, and the average accuracy of the algorithm is improved by nearly 5%.
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