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Fig.1 Model structure diagram
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Table 1 Evaluation of experiment result
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Extraction Method for Winter Wheat Planting Area based on
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Abstract: Winter wheat is the main food crop in Shandong area. It is of great significance to obtain accurate in-
formation of winter wheat planting structure for the study of food security. By expanding the RefinNet model,
an Ex-RefineNet(Extend-RefineNet) suitable for extracting the information of winter wheat planting structure
was formed. Ex—RefineNet consists of two submodels, the Ex—RefineNet-Edge submodel used to extract the
edge pixels of the winter wheat growing area, Ex—RefineNet—-Innner submodel is used to extract the inner pixels
of winter wheat growing area. Finally, using Bayesian model the extraction results of the sub—-model are merged
to form the final extraction results. A total of 16 GF-2 images were used for comparative experiments in Jinan
City and Tai'an City, Shandong Province, and 2/3 of each image was used as training data and other data were
used as test data. In terms of average accuracy, total search rate, and Kapp—coefficient, results of the Ex—Re-
fineNet model were 0.93, 0.92, and 0.91, respectively, while results of the RefineNet model were 0.86, 0.84,
and 0.83, respectively. The extraction effect of the Ex—RefineNet model is significantly higher than that of the
RefineNet model. Results showed that the Ex—RefineNet is advantageous to extract the structure of winter
wheat.

Key words: Image Segmentation; GF-2;RefineNet Model; Bayesian Model; Winter wheat



