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Table 1 Comparison of high frequency subband classifi-

cation accuracy before and after fusion
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Table 2 Analysis of classification accuracy of 10 types of

samples with high and low frequency components
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X EE oA Bl B4 e ATl 5 R AR B 2 26 TE
AL TR S R R B S8
0 4 3t 400 AN BE T8 202 o BT A AR A DR O3 2
TE R AR T IR . RS 2 B 1 R

IR T ER AR T SR AR /N D AR 4 45 2 1 = AT R AR
FE A7 B,k R 3 s/ 1 [ JL ol 1) 6% 0 25 ) 2
2 B AR T A B o VR BN AR 0 T
WY 2k ) IE B R R 78.6 %, & 1 Al HIBRAE @il & 2



718 %K

¥R 5 W A

o5 34 5

®3 TEEEMSEEBEIL
Table 3 Comparison of classification accuracy

of different algorithms
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Remote Sensing Image Scene Classification based on Frequency
Band Feature Fusion and GL-CNN

Cui Xianliang, Chen Lifu, Xing Xuemin, Yuan Zhihui
(School of Electrical and Information Engineering , Changsha University of Science and Technology,
Changsha, 410114, China)

Abstract: The classification of high—resolution satellite remote sensing image scene information is of great signif-
icance for image analysis and interpretation. The traditional high-resolution satellite remote sensing image scene
classification method mainly relies on the artificially extracted middle and low—-level features and can not make
good use of image—rich scenes. In response to this problem, a classification method based on band feature fusion
and GL-CNN (Guided Learning Convolutional Neural Network) is proposed. Firstly, the high-low frequency
sub—band of the image is extracted by NSWT (Non-Subsampled Wavelet Transform), and then the high—fre-
quency sub—band is fused to obtain the fused high—frequency sub—band, and then the angular energy distribution
curve is combined. The stationary interval analysis realizes the fusion of the fusion high—frequency sub—band and
the low—{frequency sub—band, and finally guides the convolutional neural network to automatically extract the
high-level features contained in the high—low frequency sub—band of the image to realize the scene classification.
Experiments on UCM _LandUse 21 data show that the classification accuracy of this method reaches 94.52% ,
which is significantly improved compared with previous algorithms.

Key words: Non-subsampled wavelet transform; Band feature fusion; Guided learning; Sample fusion; Scene

classification



