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Abstract

Wheat is an important food crop, which is in great demand in our country, so its cultivation area is
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also increasing. However, as the area under wheat cultivation increases, more and more diseases
have emerged, all of which can negatively affect the growth and yield of wheat. With the improve-
ment of the level of artificial intelligence, wheat disease identification technology has integrated
advanced technologies such as deep learning, computer vision and image processing, which can au-
tomatically identify and classify wheat diseases, and has made remarkable achievements. Com-
bined with deep learning technology, the YOLOv8 model was applied to wheat disease identification,
and a wheat disease identification method based on a convolutional neural network was con-
structed, which realized the rapid and accurate identification and localization of wheat diseases. By
accurately identifying wheat diseases, farmers and agricultural technicians can quickly take tar-
geted control measures to prevent the spread and aggravation of the disease, thereby ensuring the
normal growth and development of wheat and improving yield and quality. Secondly, accurate dis-
ease identification can prevent farmers from blindly using pesticides and fertilizers, reduce unnec-
essary input diseases, reduce agricultural production costs, and finally, reduce pesticide residues
and protect the ecological environment.
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Figure 1. Structure diagram of YOLOvVS8
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B AT IR AR X, D IRAS . HERRERE 7T, YOLOV8 iA ] T 102 FPS, #H Lk YOLOVS [f] 85 FPS
PETET 20%, if A2 SR ) 75 >R
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