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Scene classification of remote sensing image based on transfer
learning

LIU Youyao, CHEN Qi" , LI Shuman
(School of Electronics and Engineering, Xi'an University of Posts and Telecommunications , Xi'an,Shaanxi 710121,
China)

Abstract: In remote sensing image scene classification, a classification algorithm based on convolutional
neural network (CNN) has the dependence on training data,and the classification effect is poor in the
absence of training data,and a classification algorithm based on transfer learning is proposed. Firstly, the
existing pre-training model of multiple CNN is selected,and the model is fine-tuned by using the advan-
tages of transfer learning to extract the different high-level features of the image,then,the fusion of the
image’s many high-level features makes the feature information more abundant,and finally, the merged
high-level features are input into the remote sensing image classifier based on logical regression,and the
classification results of remote sensing images are obtained. Experiments are carried out in remote sens-
ing data sets of UCMerced_lLandUse, and the existing algorithms are compared and analyzed, and the
proposed algorithms are significantly improved in three evaluation indicators. By analyzing the experi-
mental results,it is shown that the algorithm can achieve 92. 01% classification accuracy and 91. 61%
Kappa coefficient under only 10% of the training data.
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Fig. 1 Framework of the proposed algorithm
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Tab.1 The classification accuracy of the CNN

models on the ImageNet dataset

Network model Number of layers Top-1/% Top-5/%

Inception 159 78.8 94. 4
VGG16 23 71.5 90.1
Xception 126 79.0 94.5
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Tab.2 Comparison of evaluation index

values of different algorithms

Algorithm Accuracy Kappa
Inception 0.6869 0.7033

VGG16 0.7537 0.7711
Xception 0.7257 0.7461

An improved Inception-V3

classification model™'™ 0.8486 0.8411
The algorithm of this paper 0.9201 0.916 1
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