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Research on Object Detection Based on Movidius Neural Computing Stick
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Abstract; Object detection and recognition in real time still face many challenges in the field of computer vision, especially in the
deployment of object detection model on edge equipment, which requires a lot of memory and computational power. Movidius neural
computing stick is a plug—and—play development suite for deep learning reasoning that provides deep neural network acceleration for low—
power embedded system vision devices. A nail detection system based on SSD MobileNetV2 neural network is proposed for object
detection in low—power devices. First of all, sufficient training samples are obtained through data enhancement operation, and the nails
detection model is trained by TensorFlow—based transfer learning. Then combined with OpenVINO, the model is optimized and a special
network is generated. The neural computing stick is used to accelerate the inference of the special network deployed on the edge
equipment, and the depth value of the depth image obtained by the Realsence D435 camera is used to calculate the distance of the nails.
The experiment shows that Movidius — based neural computing stick can significantly improve the object detection performance of
Raspberry PI,and real-time nail detection and ranging can be realized on UP Squared platform.
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