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Design of Real—time Image Object Detection System Based on Deep Learning

Li Lin', Zhang Shengbing', Wu Juan®
(1. School of Computer Science and Engineering, Northwestern Polytechnical University, Xi’an 710072, China;
710077, China)

Abstract: Aiming at the requirements of the embedded real—time application of image object detection, the deep learning object

2. School of Animation and Software, Xi'an Vocational and Technical College, Xi’an

detection algorithm based on MobileNet and Single Shot Multi—Box Detector (SSD) is optimized by the method of combining compu-
tational layers, and the real — time image object detection system is designed by using software and hardware combination method
based on ZYNQ scalable processing platform. In the system, a multi— processor core deep learning algorithm accelerator is designed
according to the optimized algorithm, and the software of the system is designed by PYTHON language. After several experiments,

the processing speed of deep learning object detection system can reach 45 FPS, which is 4. 9X faster than deep learning framework

running on CPU and 1. 7X faster than on GPU. It fully meets the requirements of real— time image object detection.

Keywords: deep learning; image object detection; real— time; algorithm accelerator
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