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Classification of Hyperspectral Images Based on Semi-supervised
Sparse Multi-manifold Embedding
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Abstract; In this paper, a semi-supervised learning method called semi-supervised sparse multi-manifold
embedding (S°MME) was proposed for the classification of hyperspectral image. S® MME exploits both
labeled and unlabeled samples to adaptively find neighbors of each sample from the same manifold by
using an optimization program based on sparse representation, which constructs an appropriate graph to
characterize the manifold structure. Then it tries to extract discriminative features on each manifold in
low dimensional space such that the data points in the same manifold become closer. The overall
classification accuracies of the proposed method can reach 84. 91% and 89. 74% on PaviaU and Salinas
hyperspectral data sets respectively, which significantly improves the classification of land cover
compared with the conventional methods.
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Fig. 1 Classification accuracy with respect to parameter
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Overall classification accuracies (%) and Kappa coefficient obtained for different methods in PaviaU
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(a) False-color composition (b) Ground truth

g R
(d) PCA(OA=74.07%)

(c) Original(OA=74.11%)

(e) LDA(OA=75.27%) (f) LPP(OA=77.64%)
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Fig. 2 The classification results with different methods in PaviaU (/=40,u=3000)
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Table 2 Overall classification accuracies (%) and Kappa coefficient obtained for different methods in Salinas

(=10 (=20 (=40 (=80
Original ~ 80.1041.04(0. 7792) 81.78+1.07(0.7982) 83.772+0.65(0.8199) 84.7240.49(0. 8304)
PCA 80.09=41.04(0.7792) 81.79+1.06(0.7983) 83.327+0.79(0. 8149) 84.7140.50(0. 8302)
LDA 64.79+1.92(0.6115) 83.58+1.300.8177) 87.6740.48(0.8629) 88.92+0. 71(0. 8767)
LPP 81.4740.86(0. 7944) 82.90=£1. 30(0. 8106) 84.50+0. 50(0. 8279) 85.3540.49(0. 8372)
SPP 82.6541.27(0.8075) 83.29+1.23(0. 8148) 84.414-0.98(0.8273) 85.5340.53(0.8392)
DLSP 79.10£0. 84(0.7682) 81.77£1.06(0.7981) 83.7640. 64(0. 7662) 84.7240.500. 8303)
DSNPE 79.8641.06(0.7767) 81.33+1.18(0.7933) 83.344-0.51(0.8152) 84.2240.50(0. 8248)
S*MPE 80.1641.02(0. 7800) 81.92+1.03(0.7997) 83.9240.71(0. 8215) 84.8740.42(0. 8320)
SDA 80.9741.17(0. 7889) 83.58+1.10(0. 8181) 86.360. 71(0. 8485) 88.13£0.50(0. 8680)
S'MME  84.45+1.89(0.8272) 86.08+1.60(0. 8455) 88.43+1.04(0.8710) 90.49+0. 63(0. 8940)
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(a) False-color composition (b) Ground truth  (¢) Original(OA=84.23%) (d) PCA(OA=84.21%) (e) LDA(OA=88.01%)

(2) SPP(OA=85.42%) (h) DLSP(OA=84.21%) (i) DSNPE(OA=83.69%) (j) S"MPE(OA=84.27%) (k) SDA(OA=86.17%) () SSMME(OA=89.74%)

(f) LPP(OA=85.15%)

[ 4 FREE kA Salinas % ¥ % L8y 49 £ 4 £ H(=40.4=3000)

Fig. 4 The classification results with different methods in Salinas ({=40,u=3000)
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Fig.5 The classification results of S’MME with different
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