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Remote Sensing Targets Detection Based on Adaptive Weighting Feature Dictionaries and Joint Sparse

WANG Wei CHEN Jun-wu WANG Xin

(Hunan Provincial Key Laboratory of Intelligent Processing of Big Data on Transportation,School of Computer and

Communication Engineering, Changsha University of Science & Technology,Changsha 410114 ,China)

Abstract With the improvement of resolution, more and more useful information is contained in remote sensing ima-
ges, which makes the processing of remote sensing data become more complex,and it is easy to cause the curse of di-
mensionality and the poor recognition effect. In view of this situation,a remote sensing targets detection approach(G]J-
SRC) based on adaptive weighting feature dictionaries and joint sparse was proposed. Firstly, the Gabor transform is
used to extract the features from the training images and the testing images. Then,the contribution weights of each ei-
genvalue in sparse representation are calculated,and the feature dictionary is constructed by the adaptive method, which
makes the dictionary more discriminative. Finally, the common features of each category and the private features of a
single image are extracted to form a joint dictionary,and the sparse representation of the test image is used for target
recognition. In order to avoid the curse of dimensionality caused by the Gabor transform.the PCA method is used to re-
duce the dimension of the feature dictionary in order to reduce the computational cost. Experiments show that this
method has better detection effect compared with the existing SRC method and remote sensing target detection method.
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Fig. 1 Framework diagram of this algorithm
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Fig. 6 Target detection rate of three methods

HTIE 6 BT LUA L 76 AR R 4R R0T L A SO 1 23 2R 5
BT HABPIR 7 i . 76 iR S48 09 2Rl L B 1R A A
Y B KRB, TRAT R PCA B 4 AR Xt KR a8 17 [ 4
5 PRI BEAT X LA M. A2 S I 10 3R AR S I 2Rk
A A R HE B0 3 Fh B 0 Al 10 U S8 6 JF BT 24 {8, S 86 &85
RmFE 1,

F R NGk - SOpVARE UK=Y D Rl ES

Table 1  Detection rate of three algorithms with different dimensions
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Table 2 Detection time of three algorithm with different

training samples
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