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Application and prospects of image processing technology in tomato growth monitoring

Li Rui, Tian Ting, Ji Fangfang, Wang Dunliang, He Qiquan, Zhang Qing
(Suzhou Academy of Agricultural Sciences/Jiangsu Taihu Lake Region Institute of Agricultural Sciences,
Suzhou, 215106, China)

Abstract: With the continuous development of agricultural science and technology, the application of image processing
technology in facility tomato production has gradually become the focus of attention. Firstly, this paper introduces the
relevant background of tomato growth monitoring using image processing technology. Secondly, the current research status
of tomato growth monitoring based on image processing technology is reviewed from four aspects such as object detection
and target recognition, growth trajectory tracking, growth status assessment, and disease and pest detection. It is pointed
out that the image processing technology has a great potential for tomato growth monitoring, and expounds the current status
of the application of image processing technology from the aspects of image acquisition and image pre-processing. This paper
proposes that image processing technology has certain challenges in monitoring tomato growth, and the planting
environment, collected data, and applied algorithms all affect the monitoring accuracy. Therefore, in future research, a
remote monitoring and control system based on cloud computing is established, coupled with an intelligent decision-making
system and machine learning algorithms, combined with meteorological and soil data, and integrated with multimodal image
fusion technology, to provide more intelligent decision-making support for the precise management of tomatoes.
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Tab. 1 Image acquisition platforms and equipment methods
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Fig. 1 Intelligent decision-making system composition
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