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Abstract; At present, the estimation of crop area is mainly based on remote sensing image data and combined with remote sensing pro-
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cessing technology to identify and monitor remote sensing features, the results are impacted by remote sensing data source. In this paper, an
improved AlexNet convolution neural network classification and recognition algorithm model is proposed. For Landsat8 remote sensing image
data, based on the traditional AlexNet model, the reconstructed core of the five convolution layers is modified into two 3 * 3 size and three
2 % 2 sizes, and add dropout layers after the three fully connected layers, reducing the appearance of overfitting. The improvement of the
model before and after the dropout was carried out to analyze the cultivated area of rape crops in Jingmen City, Hubei Province in 2017, and
the results were analyzed from three aspects: test precision, Kappa consistency test and estimated area. The experimental results show that
the model of adding dropout is best. The results show that the estimated area and the actual area error rate are 2. 39% , the Kappa consis-

tency test result is 0. 9625, and the consistency is higher. The applicability of the improved AlexNet model in rapeseed crop remote sensing i-

dentification is verified.
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