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Fig. 1 Machine vision system
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Fig. 2 Detection image of moldy seeds
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Fig. 3 Image measuring device for ear of corn
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Fig. 4 Result image of wheat disease
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Fig. 5 3-d image detection equipment
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Fig. 7 Fitting results on color original image
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Fig. 8 Navigation route detection in paddy field
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Fig. 9 Navigation route detection in dry land
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Fig. 10 Prototype of visual navigation system
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Research of machine vision technology in agricultural application:
Today and the future

CHEN Bingqi, WU Zhaoheng, LI Hongye, WANG Jin

College of Engineering, China Agricultural University, Beijing 100083, China

Abstract Machine vision technology has been widely applied to various fields of agricultural production. In this paper we summarize the
outstanding research results at home and abroad and elaborate the main forms of machine vision application in agriculture at this stage. We
list the research results of machine vision in crop selection and quality inspection, plant growth information monitoring, field vision
navigation, and other application directions. By analyzing its innovative image processing algorithms and the composition of machine vision
systems, we show that the current application of machine vision in agriculture is still having problems such as poor reliability, high cost,
and low level of intelligence. We analyze its subjective and objective reasons and put forward corresponding suggestions. Combining the
current research and application of machine vision in various fields, we look forward to the future development direction of machine vision
in agricultural applications. We believe that machine vision systems based on embedded processing modules and multi- technology
integration will become the main development trend in the future. The deep learning model represented by convolution neural network will
also become the core technology of future image recognition, which can greatly help solve the existing problems of machine vision in
agricultural applications.

Keywords machine vision; agriculture; nondestructive testing; navigation
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