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Abstract : With the development of remote sensing imaging technology , a large number of remote sensing scene images are
generated by earth observation instruments such as radar or satellite. However,the classification of remote sensing scene
images is still an open problem when the labels of training samples are insufficient. To solve this problem, a semi-
supervised discrimination dictionary pair learning based on neighborhood information embedding is proposed for remote
sensing scene image classification. The labeled and unlabeled samples are used to train the comprehensive dictionary and
the analytical dictionary pair,and the robust dictionary pair is obtained by minimizing the reconstruction error term based
on the sparse €, | norm. A sparse constraint is imposed on the structured analysis dictionary to ensure the sparsity of the
encoding. At the same time, the local boundary term is established based on the neighborhood structure information of
sparse coding,so that the distance between similar neighbor sparse codes is small, and the distance between different
neighbor sparse codes is large, which improves the discrimination of sparse coding. Experiments on semi-supervised
remole sensing scene image classification in RSSCN7 and UC Merced datasets show that the method proposed in this
paper has certain advantages in classification accuracy.
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Fig. 1 Examples of remote sensing
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Table 1 Comparison of classification accuracy on the RSSCN7 dataset %
Z,
FRE VRS
10% 15% 20% 25%
LapSVM 57.76£2.45 67.76£2.12 72.88+2.43 76.23+£2.38
SS-TCA 58.91+1.89 68.05+1.94 75.29+1.92 78.97+2.48
KFME 66.07+1.89 72.37£1.92 77.71+1.84 80.56+1.63
VGG-VD-16 SFFE 69.76+1.84 73.04£1.97 80.54+1.94 83.28+1.96
JEFW 73.85+2.02 78.35+2.08 82.75+1.77 84.04+1.99
DCNMF 74.77+2.01 80.05+1.80 84.01+1.99 84.72+1.68
SDDPL-NIE 76.76+1.52 81.02+1.78 85.45+1.60 86.22+1.75
LapSVM 57.35+£2.48 66.68+2.33 71.40£2.74 75.72£2.50
SS-TCA 58.06+2.87 66.89+2.44 74.81+2.83 77.74+2.29
KFME 66.02+2.09 72.90£2.33 76.80+1.85 80.15+2.38
CaffeNet SFFE 69.99+1.68 73.12£2.00 79.36+1.59 82.57+1.69
JEFW 73.05+1.83 76.89+1.65 82.21+1.67 83.16+1.79
DCNMF 74.07+1.92 78.16+1.88 83.04+1.70 84.40+1.65
SDDPL-NIE 75.95+1.58 80.20+1.60 84.96++1.59 85.86+1.55

%2 UC Merced #iR& PN X ERRILE

Table 2 Comparison of classification accuracy on the UC Merced dataset %
Z,
FHE ik
10% 10% 10% 10%
LapSVM 62.48+2.68 68.37+2.41 73.19£2.50 80.70£2.39
SS-TCA 65.69+2.08 72.24+2.19 77.41+2.06 82.07+2.12
KFME 70.07+2.00 75.74+2.12 80.26+1.96 83.80+2.00
VGG-VD-16 SFFE 74.82+1.98 79.06+1.96 86.54+1.86 86.01+1.87
JEFW 78.85+1.89 82.35£1.89 87.75+1.74 90.04+1.86
DCNMF 83.43+1.66 85.76+1.64 88.26+1.52 91.54+1.41
SDDPL-NIE 85.28+1.37 89.02+1.65 90.47+1.47 92.04+1.40
LapSVM 62.80+2.52 68.34+2.07 73.78+2.15 79.82+2.23
SS-TCA 65.93+1.83 73.01+2.09 77.20+2.24 82.72+1.81
KFME 70.37+1.81 76.41+1.92 79.47+1.98 84.17+2.05
CaffeNet SFFE 75.18+1.67 79.20+1.75 86.19+1.85 85.63+1.82
JEFW 78.43+1.84 82.21+2.02 86.75+2.01 90.21+1.85
DCNMF 82.63+1.69 85.08+1.93 88.06+1.80 91.33+1.72
SDDPL-NIE 85.94+1.60 88.70+1.82 90.71+1.92 91.62+1.70
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