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Research Progress on Image Recognition Technology of Crop Pests
and Diseases Based on Deep Learning

JIA Shaopeng GAO Hongju HANG Xiao
(College of Information and Electrical Engineering, China Agricultural University, Beijing 100083, China)

Abstract: Throughout the history of agricultural development, crop pests and diseases have always been
one of the main obstacles hindering the development of agricultural economy. The crop disease
identification system based on digital image processing technology had the characteristics of fast, accurate
and real-time, which can help the farmers to take effective prevention measures in time. As an important
technical means in the field of image recognition, deep learning has broad application prospects. The
research progress of crop pest and disease image recognition technology in deep learning field in China
and abroad was reviewed. The significance and necessity of deep learning technology research were
clarified. The training samples of deep learning technology in image recognition research were large and
the model structure was complex. Complex image recognition accuracy was low. It was proposed that
improving the recognition accuracy of complex images would be the development direction of future
research.
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Tab.1 Comparison of advantages and disadvantages
of two types of image processing technology
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