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Abstract: Aiming at the lightweight requirements of deploying object detection algorithms on edge devices, a lightweight
object detection algorithm based on improved YOLOv10 (CMD-YOLO algorithm) is proposed. This algorithm utilizes a cross-scale
feature fusion module to improve the network structure of YOLOV10 algorithm, reducing the parameter and computational complexity
of the algorithm model; Adopting a Mamba based linear attention mechanism to improve the partial self attention module and replace
the traditional partial self attention module, further reducing the parameter count of the algorithm model; Replacing some traditional
convolution modules with spatial depth conversion convolution modules enhances the algorithm model's ability to extract
downsampling detail information; By using the dynamic UpSampler DySample to replace the traditional upsampling module, the
computational delay of the algorithm model is reduced while maintaining upsampling accuracy. The experimental results show that
compared with the YOLOv10-n algorithm, the CMD-YOLO algorithm has slightly improved detection accuracy, reduced model
parameters by 30.5%, decreased computational complexity by 19%, reduced weight files by 29.3%, and reduced computational latency
by 8.8%, which can meet the lightweight requirements of object detection algorithm deployment in edge devices.

Keywords: object detection algorithm; YOLOv10 algorithm; cross-scale feature fusion module; Mamba-like linear attention

mechanism; space to depth Conv module; dynamic UpSampler
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