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Fig.1 System architecture of flower packaging robot
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Depth Separable Convolutional Neural Network and

Its Application in Automatic Sorting

HE Jing', CHENG Tao"’, HUANG Lianghui’, KANG Zuchao'

(1. College of Electrical and Information Engineering, Hunan University of Technology, Zhuzhou Hunan 412007, China;

2. Huilin Packing Dongguan Co., Ltd., Dongguan Guangdong 523000, China;
3. Guangdong Nanhai Eagle View Technology Co., Ltd., Foshan Guangdong 528200, China )

Abstract: Aimed at the problem of too large model parameters and low sorting precision of the traditional

flower classification algorithm in industrial automation sorting application, a flower recognition algorithm based on

deep learning was proposed. The application of flower classification algorithm in industrial flower packaging sorting

system was introduced. According to the actual demand, a deep separable convolutional neural network was used as the

flower feature extraction, and the model structure of the network was analyzed in detail. In order to improve the speed

of model training, a fine-tuned model training method was proposed. The experimental results showed that the flower

classification algorithm used in the industrial flower automatic sorting application had higher accuracy, better stability

and wider application than traditional algorithms.

Keywords: industrial automation sorting; flower classification; deep separable convolutional neural network;

network fine tuning
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