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Abstract:  Fast and accurate monitoring of complex objects is a hot and difficult point in remote sensing. In order to
realize the fast and accurate monitoring of complex feature classification in agricultural parks, this study took the water-sav-
ing park of Jiangning Campus of Hohai University as an example. Based on the multi-spectral remote sensing image of un-
manned aerial vehicle (UAV) , the support vector machine model (SVM) , random forest model (RF) and artificial neural
network model (ANN) were used to classify the objects in the test area, and the confusion matrix of the validation set was
constructed. According to the overall classification accuracy, Kappa coefficient and other indicators, the optimal feature
classification model of small and medium-sized agricultural parks was selected, and the TensorFlow training deep learning
algorithm was used to further optimize the classification results of the optimal classification model. The results showed that

the overall classification accuracy of SVM classification model was 97.4% , and the Kappa coefficient was 0.96, which was

WS E 8. 2022-10-02 better than those of RF and ANN classification models.
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timization results were obtained. The research results could provide technical support for the classification of small and me-

dium-sized agricultural parks.
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Fig.1 Original and post principal component analysis images of features in the study area
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Table 2 Classification accuracy of different classification models
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Table 3 The overall accuracy and Kappa coefficient of different

classification models
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