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Abstract

In recent years, with the extensive application of depth learning in the field of computer vision,
video moving target detection based on deep learning has been favored by many scholars. The ba-
sic principle of this method is to train a classifier based on deep neural network using a large
number of target sample data, and then detect the target online through the classifier. Since the
depth neural network can describe the target features more deeply through multi-layer repre-
sentation, the detection method based on deep learning has the advantage of being able to accu-
rately detect targets with features from training data. For this particular application of moving
target detection, the limitation of this method lies in that it does not use the target motion infor-
mation and the detection results are prone to false alarm targets. In this paper, GMM method is
combined with deep neural network to make full use of the target appearance and motion infor-
mation in order to obtain more accurate detection results. The experimental verification was car-
ried out on the monitoring data collected from the exhibition booth of the State-owned Enterprise
Exhibition in 2017. The results show that compared with the detection method without fusion of
motion information, the accuracy of pedestrian detection is improved by 3.8%.
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Figure 1. Algorithm flow chart of our detection
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Figure 2. Network structure for object detection
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Figure 3. Pedestrian detection result
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Table 1. Detection result statistics and comparison by different algorithms
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