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Fig.1 -1 Visualization of different deep features
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Fig.1 -2 Visualization of different deep features
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Fig.2 Illustration of dense feature hashing algorithm
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Fig.3 Classification accuracy of different nodes number
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Tab.1 Comparison of traditional feature descriptors (% )

Jrik ucMm WHU NWPU
BOW 63.80 63.96 40.11
BOW +SPM!8] 67.72 66.29 44.78
BOW + PCA 65.29 66.06 43.12
VLAD!?] 80.20 84.29 64.43
DRFV 2! 88. 54 91.12 81.06
ATy 98.21 99.20 96. 49
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Tab.2 Comparison of transfer learning algorithm (% )

R ES UC Merced WHU NWPU
AlexNet 89.80 93.16 77.81
VGG192!) 92.00 95.03 85.84
GoogleNet 22 92.50 93.18 88.16
ResNet — 502 95.50 95.56 93.68
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RS 98.21 99.02 96. 49
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Tab.3 Feature coding of different CNN models (%)

TRECHRHE B Bilinear BOVW VLAD FV B TT AT IAE E
AlexNet 89.80 80.40 89.50 90.30 92.50 88.18
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Fig.4 Scatter diagram of various coding features
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Fig.6 Probability analysis of misjudgment image
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Tab.4 Training and Testing in different data sets

Y ZrkEA M FEAR NG/ %o s} 8] /s
UCM 98.21 87.27

UCM NWPU 58.12 837.69
WHU 77.00 26.29

UCM 71.30 55.56

WHU NWPU 58.23 735.37
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UCM 88.62 54.43
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WHU 91.86 25.03
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Remote sensing image classification based on DenseNet feature hashing

LI Guoxiangl’2 , XIA Guo’en”, BAI Liming3 , MA Wenbin'”
(1. Department of Academic Affairs Guangxi University of Finance and Economics, Nanning 530003, China; 2. Guangxi
Engineering Research Center of Big Daia Analysis of Finance and Taxation, Nanning 530003, China; 3. School of

Business Administration, Guangxi University of Finance and Economics, Nanning 530003, China)

Abstract: To achieve accurate remote sensing scene classification, this study proposed a classification algorithm
based on DenseNet feature hashing. First, dimension reduction was conducted for high — level semantic features
output by a DenseNet through a fully connected layer. Then, normalized feature vectors were generated as the input
of the classification layer using an activation function, and an end — to — end classification network was formed.
Using the trained network as a feature extractor, the features of the activation layer of test data were mapped into
binary hash codes. Finally, the remote sensing scene classification was conducted using support vector machine.
The new algorithm was validated on public data sets UC Merced, WHU, and NWPU - RESISC45, and its
classification effect was compared with that of multiple algorithms at three levels, namely the conventional local
feature descriptor, transfer learning, and depth feature coding. The experimental results are as follows. The new
algorithm had significantly higher classification accuracy than conventional algorithms based on mid — and low —
level semantic features. Compared with the algorithm based on transfer learning, the proposed algorithm has fine —
scale DenseNet feature mapping and accumulates elements used to determine core categories of images and, thus, is
more suitable for the feature distribution of remote sensing images. Compared with the depth feature coding
algorithm, the new algorithm has a simple feature structure, high classification accuracy, and strong transferability
and extensibility and, thus, can meet the classification requirements of different remote sensing scenarios.

Keywords: transfer learning; feature coding; DenseNet; hash code
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