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Research progress of lightweight network models in corn disease identifica-
tion and yield prediction

SU Shanshan'*, WU Jianjun"?, LI Zhihui"*, ZHEN Tong"’
(1. College of Information Science and Engineering, Henan University of Technology, Zhengzhou 450001, China; 2.Key Laboratory of Grain Information
Processing and Control, Ministry of Education, Henan University of Technology, Zhengzhou 450001, China)

Abstract: With the development of smart agriculture, lightweight network models have shown great potential in re-
source-constrained agricultural environments due to their advantages such as high computational efficiency and few model
parameters. This paper reviews the research on lightweight network models in corn disease identification and yield prediction
in recent years, covering aspects such as the definition and characteristics of lightweight network models and features of ma-
instream models. It analyzes in detail the practical application effects of lightweight network models in corn disease identifi-
cation and yield prediction, and points out the challenges in their implementation. Based on existing research, targeted so-
lutions are proposed. The purpose is to help researchers quickly and systematically understand the relevant research findings
in this field, promote the wide application of lightweight network models in the agricultural field, and facilitate the further
development of smart agriculture.
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