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Abstract

Video surveillance technology comes from a branch of artificial intelligence. It can use a computer
to automatically analyze the video image source, identify and extract useful key information, and
automatically control the machine to perform corresponding operations. This paper is a video
surveillance system based on SSD target detection algorithm, which is used to identify the specific
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data of safety helmet. The goal is to patrol and respond to events in a more intelligent way without
investing a lot of human resources in front of the display.
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Figure 1. SSD network model structure
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Table 1. Compared mean average precision table

F 1. BEFIRERER

Method number of train images number of test images mean average precision
Fast R-CNN 2493 200 0.48
YOLO 2493 200 0.38
SSD 2493 200 0.49

Table 2. Compared average precision (no security) table

2. FIRE(TFE)LER

Method number of train images number of test images average precision (no security)
Fast R-CNN 2493 200 0.45
YOLO 2493 200 0.41
SSD 2493 200 0.47
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Figure 3. Algorithm recognition results
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