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Fig.1 The hyperspectral remote sensing image of Salinas
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Fig.2 The hyperspectral remote sensing image of Pavia
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Table 1 Experimental results of Salinas dataset
B2 Jr X UEVEN AA/% OA/%  Kappa R
SVM 97.02 96.87 0.972
o _ ELM 73.29 73.11 0.736
ANHEAT 2

GA-ELM 85.56 85.27 0.855
SVM 95.12 95.87 0.955
PCA ELM 95.65 95.60 0.952
GA-ELM 85.37 85.62 0.863
SVM 94.56 95.50 0.958
ELM 94.22 95.62 0.962

LDA
GA-ELM 86.37 86.13 0.866
SVM 96.56 96.50 0.958
LFDA ELM 96.22 96.62 0.962
GA-ELM 97.38 98.56 0.972

%2 Pavia University 8{iFE LI ER

Table 2 Experimental results of Pavia University dataset

% 4 7 = 307 K AA/% OA/%  Kappa Z3L
SVM 96.17 95.56 0.965
L ELM 53.48 53.92 0.545
ANHEAT R

GA-ELM 86.37 86.67 0.862
SVM 94.37 93.67 0.945
PCA ELM 92.03 91.04 0.922
GA-ELM 95.89 94.13 0.944
SVM 93.33 96.44 0.945
ELM 93.12 95.11 0.947

LDA
GA-ELM 95.92 95.42 0.956
SVM 94.50 96.60 0.930
LFDA ELM 95.56 96.00 0.946
GA-ELM 96.23 97.11 0.964

Fh L 245 5T LA B 4516
(1)GA—ELM B 7 7R HE 175018 6 45 i 5%
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Fig.3 Classification results of different methods in Salinas dataset
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Fig.4 Classification results of different methods in Pavia University dataset
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Research on Feature Recognition Method of Hyperspectral Image
based on LFDA and GA-ELM

Li Baoyun',Fan Yugang"*’, Yang Mingli'
(1.Faculty of Information Engineering & Automation, Kunming University of Science and Technology,
Kunming 650500, China;
2.Engineering Research Center for Mineral Pipeline Transportation, Kunming 650500, China;
3. Yunnan Key Laboratory of Artificial Intelligence, Kunming University of Science and Technology,
Kunming 650500, China)

Abstract: The high—dimensional characteristics of the hyperspectral image and the high correlation between the
bands have led to the problem of large data volume and information redundancy in the study of the feature recog-
nition of hyperspectral images, which reduces the classification and recognition accuracy of hyperspectral imag-
es. Aiming at the above problems, a hyperspectral image classification method based on Local Fisher Discrimi-
nant Analysis (LFDA) combined with Genetic Algorithm (GA) to optimize Extreme Learning Machine
(ELM) is proposed. First, the LFDA is used to reduce the dimensionality of the hyperspectral image data to
eliminate information redundancy and retain the main features in the local neighborhood; then use GA to opti-
mize the ELM, classify the feature samples after the dimensionality reduction, and improve the classification
and recognition of the hyperspectral image Precision. The method proposed in this paper is applied to the re-
search on the feature recognition of hyperspectral images in Salinas and Pavia University. The classification ac-
curacy reaches 98.56 % and 97.11% respectively, which verifies the effectiveness of the method in this paper.

Key words: Hyperspectral image ; Dimensionality reduction; Extreme learning machine ; Classification recogni-

tion



