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Mask-wearing detection method combining EfficientViT and
Dyhead attention mechanisms
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Abstract: In order to improve the accuracy of mask-wearing detection in complex environments, a new mask-wearing detection
model YOLOvVS-Eff-Dyhead is proposed. Firstly, the EfficientVit module is introduced to improve the backbone network. By
slicing the feature map and applying attention mechanisms to each slice for feature attention, the problem of blurry mask features and
similar features in dense crowds in complex environments can be solved. Secondly, the Dyhead module is used to improve the
detection head. By paying attention to the spatial position, scale size, and task characteristics of masks, the detection head can better
process multi—scale mask information, thereby better completing localization and classification tasks. The experimental results show
that YOLOvS5-Eff-Dyhead has significantly improved performance compared to the benchmark model YOLOVS on the mask dataset
MNWFace. Compared to the current best model, this model has the best accuracy (mAP@ 0. 5) , reaching 95. 3%. At the same
time, the model has lower computational complexity, allowing it to achieve good performance in resource constrained situations.
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Fig. 1 YOLOvVS5-Eff-Dyhead network structure diagram
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Fig. 4 Three attention mechanisms in the Dyhead module
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Fig. 5 Characteristics of the MNWZFace dataset
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