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Abstract ; Detectors based on deep convolutional neural networks which demand hardware of high performance computing capability are
difficult to operate on embedded devices and mobile terminals. In addition, recent networks structure design of lightweight models for
classification have no consideration of the feature of object detectors. To address this issue, a lightweight feature extraction network
TinyNet for target detection task is designed by using the idea of deep separable convolution as reference and introducing the multi—scale
feature fusion module, so as to improve the adaptability of the lightweight feature extraction network to targets of different scales.
Combining with the current YOLOV3 target detection framework with better performance, the feature extraction network of YOLOV3 is
replaced by TinyNet and the detection sub—network of YOLOV3 is further optimized by the lightweight module to obtain a lightweight
target detection model Tiny—YOLOv3+. The experiment shows that compared with YOLOV3, which uses other lightweight features to
extract network design, Tiny—YOLOvV3+,on the basis of improved detection accuracy, greatly reduces the number of parameters of the
original model, significantly improves the detection speed and effectively improves the performance and efficiency of the lightweight
detection model.
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