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Abstract: Aiming at the uneven and generally small pixel value distribution and changeable background of surface
defects of vehicle navigation light guide plate, this paper proposes a detection method for surface defects of vehicle
navigation light guide plate based on improved Mask Region-based Convolutional Neural Network (Mask R-CNN) model.
Firstly, PinFPN module is introduced to improve the feature fusion network of the original Mask R-CNN, and high and low
semantic information is fully used to form a shared feature layer with both semantic and location information at all levels,
so to improve the detection accuracy of the overall network. Secondly, the introduction of skip connection structure and SE
(Sequence and Excitation) module improves segmentation branches of the network and insufficient acquisition of semantic
information in traditional Mask R-CNN network. Finally, a series of comparative experiments are performed on the self-built
data set of the vehicle navigation light guide plate, which proves that the proposed method has the advantages in detection
accuracy and segmentation. The detection accuracy on the self-built data set reaches 95.3%, which meets the requirements of
industrial detection.
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Fig.1 Structure diagram of improved Mask R—CNN
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Tab.3 Detection performance comparison of different
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Fig.6 Test results visualization of different models
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Fig.7 Instance segmentation results
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