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Scene classification of remote sensing images
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Abstract: To solve the low accuracy problem of remote sensing image scene classification due to small
sample sizes, a classification method was proposed based on Multiscale Features Fusion (MSFF).
First, the remote sensing images were scaled to obtain several different scale images of the same re-
mote sensing image. Thereafter, they were inputted into a Deep Convolutional Neural Network (DC-
NN) for convolutional operation, and the different scale features of the convolutional and the fully
connected layers were reduced and coded or average pooled. Finally, the different scale features were
coded and fused, and a multikernel support vector machine was used to classify the scenes. In the two
public remote sensing image data sets UCM Land-Use and NWPU-RESISC45, the highest classifica-
tion accuracy of the experiment are 98. 91% and 99. 33%, respectively. This method can use image
features of different scales and low, middle and high-level semantic representations combined, thus

the fusion feature is more recognizable. Furthermore, the use of a multikernel support vector machine
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improves the generalization of the deep network learning ability, so the classification effect is better.

Key words: remote sensing image; scene classification; deep convolutional al neural network; features

fusion; multi-kernel support vector machine
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Tab. 1 Classification accuracy of different pre-trained convolutional neural networks and four feature encoding methods

UCM Land-Use

NWPU-RESISC45

1 4 N
WERBIT & CaffeNet™ VGG-ME OverFeat.*™ CaffeNet VGG-M OverFeatl
LLC 97.05 97. 66 98. 01 97. 81 98.12 98.53
BOW 97.56 98. 14 98. 45 98. 33 98.51 98. 95
VLAD 97. 81 98. 39 98. 63 98. 41 99. 33 99. 22
IFK 98. 06 98.53 98.91 98. 50 99.02 99. 31
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Tab. 2 Classification accuracy of different remote sensing images by MKSVM and Softmax

UCM Land-Use

NWPU-RESISC45
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Fig.4 Scene classification accuracy on UCM Land-Use data set
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