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Hyperspectral Image Classification Algorithm Based on Gabor Feature
and Locality-Preserving Dimensionality Reduction
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Abstract Two hyperspectral image classification algorithms based on Gabor features and locality-preserving
dimensionality reduction are proposed. The Gabor transform is studied and implemented to extract features for
hyperspectral image in the principal component analysis-projected domain. To protect locality information of neighbor
features, locality Fisher discriminant analysis or locality-preserving non-negative matrix factorization is employed to
reduce the dimensionality of Gabor-based feature space. The Gaussian mixture model classifier is used for
classification results. Experimental results obtained from two hyperspectral datasets show that the proposed
algorithms not only extract spectral-spatial features effectively, but also preserve local-feature information and multi-
model structure of hyperspectral image. Compared with several existing algorithms, the proposed algorithms can
obtain high classification accuracy and Kappa coefficient, and has strong robustness in Gaussian noise environment.
Key words remote sensing; hyperspectral image classification; Gabor features; locality-preserving dimensionality
reduction; Gaussian mixture model
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Table 1 Classification results of Indian Pines dataset

Classification algorithm Accuracy /% Kappa
LDA-MLE 62.34(£1.38) 0.5588(+0.0140)
SVM (6=0.3) 77.46(£1.7D) 0.7337(+£0.0195)
LFDA-GMM (r=9) 64.17(£2.04) 0.5767(+£0.0218)
D-LFDA-G-Fusion (r=9) 67.85(£1.94) 0.6222(40.0199)
Gabor-LFDA-GMM 87.08(£1.7D) 0.8439(+£0.0210)
LPNMF-GMM (r=27) 73.01(£1.67) 0.6806(=40.0194)
D-LPNMF-G-Fusion (r=15) 74.92(£1.39) 0.7004(40.0149)
Gabor-LPNMF-GMM 91.88(£1.15) 0.9026(+0.0136)
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Fig. 7 Classification maps for Indian Pines dataset. (a) LDA-MLE; (b) LFDA-GMM; (c¢) D-LFDA-G-Fusion;
(d) Gabor-LFDA-GMM; (e) SVM; (f) LPNMF-GMM; (g) D-LPNMF-G-Fusion; (h) Gabor-LPNMF-GMM
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Table 2 Classification results of Salinas Valley dataset

Classification algorithm Accuracy /% Kappa
LDA-MLE 85.86(+1.11) 0.8429(+0.0121)
SVM (6=0.3) 89.30(£1.09) 0.8812(40.0120)
LFDA-GMM (r=11) 86.52(£0.94) 0.8503(+£0.0103)
D-LFDA-G-Fusion (r=7) 88.12(£1.15) 0.8352(40.0131)
Gabor-LFDA-GMM 93.48(+1.42) 0.9271(40.0160)
LPNMF-GMM (r=37) 88.64(+0.92) 0.8738(40.0102)
D-LPNMF-G-Fusion(r=17) 89.14(£1.20) 0.8793(40.0133)
Gabor-LPNMF-GMM 95.66(+0.61) 0.9517(+£0.0068)
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[# 8 Salinas Valley Z(#E 4324 & ., (a) LDA-MLE; (b) LEDA-GMM; (¢) D-LEDA-G-Fusion;
(d) Gabor-LFDA-GMM; (e) SVM; (f) LPNMF-GMM; (g) D-LPNMF-G-Fusion; (h) Gabor-LPNMF-GMM
Fig. 8 Classification maps for Salinas Valley dataset. (a) LDA-MLE; (b) LFDA-GMM; (c¢) D-LFDA-G-Fusion;
(d) Gabor-LFDA-GMM; (e) SVM; (f) LPNMF-GMM; (g) D-LPNMF-G-Fusion; (h) Gabor-LPNMF-GMM
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Fig. 9 Classification results under noise environment. (a) Indian Pines dataset; (b) Salinas Valley dataset
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Table 3 Classification errors under noise environment

6.38 11.48 15.92 20.69 26.68 32.69

Indian Pines Salinas Valley

Algorithm 9.30 14.92 19.51 24.33 30.34 36.36 9.30 14.92 19.51 24.33 30.34 36.36

dB dB dB dB dB dB dB dB dB dB dB dB
LFDA-GMM 0.401 0.404 0.421 0.436 0.441 0.437 0.176 0.168 0.164 0.154 0.142 0.129
D-LFDA-G-Fusion 0.404 0.408 0.422 0.437 0.441 0.436 0.176 0.167 0.158 0.142 0.130 0.120
Gabor-LFDA-GMM 0.294 0.289 0.296 0.292 0.297 0.295 0.094 0.092 0.090 0.089 0.088 0.089
LPNMF-GMM 0.428 0.436 0.440 0.441 0.432 0.412 0.175 0.175 0.172 0.159 0.141 0.127
D-LPNMF-G-Fusion 0.430 0.439 0.441 0.439 0.427 0.405 0.173 0.162 0.152 0.142 0.131 0.123
Gabor-LPNMF-GMM 0.204 0.199 0.206 0.203 0.202 0.206 0.077 0.076 0.077 0.077 0.076 0.077
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