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[Abstract] To address the challenge of balancing accuracy and real-time performance when autonomous vehicles
detect traffic diversion devices in roadworks scenarios, a detection algorithm that improves upon YOLOvVS is proposed. This
paper utiliseS Make Sense for data annotation and combined this with data augmentation techniques to construct a dedicated
dataset. The backbone network with EfficientNetV2-S to enhance feature extraction is replaced and an inverted Residual
Moving Block (iRMB) module before the Spatial Pyramid Pooling Fast (SPPF) module to focus on key targets is edded.
Morever, the Distance—based Intersection—over—Union (DIou) loss function is adopted to optimise the model. Experimental
results validate that the improved model achieves a precision of 90.7%, with a recall increase of 4.8 percentage points and an
average precision (mAP@0.5 and mAP@0.5: 0.95) that has risen by 4.3 percentage points. Upon deployment to an Android
mobile device, the frame rate remains stable at over 40 frames per second.
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