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Abstract: In order to solve the proglem of crop object intelligent detection in the process of unmanned farmland patrol
inspection, this paper proposes a ne;

and Faster RCNN network. The

of the proposed network, and

rk model that can support few-shot learning by combining Cycle-GAN network

network is used for data enhancement. The paper mainly explains the structure
¢'planting areas of corn, peanuts and beans under different weather conditions. The best
and worst detection rates ent crops under different weather conditions are 96.53% and 96.25%. Practice has proved
that a combination of the two“can provide better and faster crop identification and detection, and the new few-shot crop
object detection model has better robustness.
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Fig.2 Structure of CCG Faster RCNN network
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Tab.l Some parameters of Faster RCNN network
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Fig.4 Typical images generated by CCG network
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Fig.5 Detection rates for corn, peanuts and beans
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Fig.6 Detection rates of corn under different weather
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Tab.2 Comparison of test results on sunny and cloudy

days respectively
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