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Detection Algorithm of Safety Helmet Wear Based on MobileNet-SSD
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[ Abstract] The existing methods for checking the wear of safety helmets suffer from complex background and strong
interference, and display poor performance on small targets. To address the problem, an improved SSD algorithm is
proposed for detecting ‘the wear of safety helmets. The algorithm employs the lightweight MobileNet to construct the
MobileNet-SSD Jalgorithmy,which improves the detection speed. Then ‘the transfer learning strategy is introduced to
address the difficulties in model training. Additionally, as the existing data sets of safety helmets are small-sized, which
leads to the underfitting of the network, samples of safety helmets are,collected from the actual building work videos to
construct a suitable sample set.The experimental results show thatthe’proposed algorithm provides a detection speed that
is 10.2 times higher than that of the SSD algorithm with theCost of a minor loss in accuracy.
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Table 5 Comparison of detection results under

differentalgorithms
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Fig.8 Display of mobileNet-SSD detection results under

single target
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Fig.9 shows the results of the detection part of mobileNet-
SSD under multiple targets
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Fig.10 Mobilenet-SSD,detection results for small targets

and extremely small targets
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