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Fig. 1 Calculation process of LBP texture features in hyperspectral data
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Fig. 4 Indian Pines hyperspectral image. (a) False colour image; (b) actual feature map
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Fig. 6 Influence of spatial window on classification accuracy
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Table 1 Classification results of different methods on Indian Pines dataset
(OAEStd) /%
Method
A=1% A=2% A=4% A=6% A=8% A=10%

KNN 55.0841, 44 59,3041, 43 63.5441.03 66,3840, 47 67.6240.67 68.6140. 60
SAM 54.534+2.07 60.01+1.10 63.7640. 84 66.04+0. 66 68.11+0.87 69.03+0. 48
SVM 56.98+2. 16 65.23+1.49 72.294+1.29 76.25+1.41 79.22+0.78 80.714+0.72
EPF 69. 403, 50 76.51+4. 23 87.3742.50 91.31+1.92 93.244+1.49 94.9340. 89
LBP-SVM 78.3742.08 84.76+2.01 91. 480,72 93.1340. 45 94,7640, 32 96. 610. 34
SVMCK 80.46+E1.67 84.94+1.78 91.5640. 45 94,5040, 72 96. 0840, 42 96,9440, 52
LBP-SAM 74,0842, 77 82.3342.01 88.194+1.61 92,0541, 28 94,8241, 15 95.1240. 68
CDSRC 73. 8472, 30 77.63740. 90 79.62+0.75 80.80+0.53 81.22+0.89 82.1840. 41
CCJSR 70,5542, 32 79.67+1. 44 87.16+1.01 91.78+0.52 94.38+0.71 95.65+0. 42
RSFM 86.87+1.78 93.26+1. 11 96.85+0.77  98.12+0.39 98.84+0. 36 99.06+0. 31
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Table 2 Classification results of various ground objects in Indian Pines dataset under different methods

Class K NN SAM SVM EPF  LBP-SVM SVMCK LBP-SAM CDSRC CCJSR RSFM
1 0. 346 0.735 0.683 0.585 0.975 1. 000 0. 090 0.892 1. 000 1. 000
2 0.538 0.547 0.699 0.922 0.966 0. 945 0.929 0.752 0.956 0.995
3 0.510 0.632 0.762 0.933 0.929 0.941 0.920 0.707 0.927 0.979
4 0.375 0.442 0.686 0.873 0.953 0. 830 0.778 0.678 0.898 0.972
5 0. 801 0. 844 0.799 0.963 0.959 0. 984 0.995 0.911 0.972 0.984
6 0. 825 0. 826 0.916 1. 000 0.973 0.991 0.996 0. 941 0.969 0.999
7 0.700 0.750 0.700 0.957 0.821 1. 000 0. 850 0.917 0.793 1. 000
8 0.907 0. 945 0.967 1. 000 1. 000 1. 000 0.973 0.982 0.995 1. 000
9 0.314 0.333 0.483 1. 000 0.938 0.667 1. 000 0.833 0.938 1. 000
10 0.602 0.583 0.719 0. 857 0.974 0.952 0. 856 0.753 0. 964 0.979
11 0.691 0.721 0.771 0.966 0.968 0.973 0.947 0.761 0.959 0.994
12 0.491 0.479 0.808 0.961 0.924 0.998 0.972 0.793 0.917 0. 989
13 0.861 0.775 0.879 0.995 0.977 1. 000 0.957 0.973 0.974 0.984
14 0.906 0.891 0.942 0.997 1. 000 0.969 0.999 0.937 0.991 1. 000
15 0.502 0.498 0.623 0.891 0.949 0.987 0.913 0.725 0. 959 1. 000
16 0.988 0.987 0. 964 1. 000 0.960 1. 000 0.924 0.914 0.963 1. 000

OA 0.682 0.697 0.795 0.948 0.966 0.964 0.951 0. 813 0.959 0.992
AA 0. 647 0. 685 0.775 0.931 0.954 0.957 0.946 0.842 0.948 0.971
K 0. 637 0. 654 0.765 0.941 0.961 0.959 0.943 0. 786 0.953 0.991

M2 LA, KNN LR EEE N A R R T HLAE alfalfa 1 woods 4525 5|
68.20% ,SAM 1Y 73 KRG BE Ry 69. 6920 . SVM i (3 R Sk B 3 R R 7 F RSFM 3 s L T
(7 K45 B 79. 47% . EPF 3 7> K45 R B o BEAE B Mz [ 4E B T B R T i T &R
94.84% , LBP-SVM & 1 4> 25 K5 B b 96. 62 %, T DA i 5 ) RE Ty B R o€ ML R AR B
SVMCK & 11 40 28 K5 B R 96. 42 % , LBP-SAM & K7 AN ETENTRER, NE 7T UFE
[ 43 25 45 BE S 95. 06 % » CDSRC ¥ 11 43 25 K6 B B, AT HA KT e Oy 2 4 ik e A A R
81.28% ,CCISR 143 kG B2 95. 93 %  RSFM MR R 05, o 45 B R 1 B 4 R
R RGN 99. 27 %0, T 4R 7 TR A K 2 50

7 Indian pines $a % B4 Tk M KA1 . (O BB QIR (b) HAEE : (o) KNN (D) SAM % (e) SVM #;
() EPF % ;(g) LBP-SVM 55 (h) SVMCK #:; (i) LBP-SAM ;5 (j) CDSRC #; (k) CCJSR #:; (D RSFM &
Fig. 7 Classification results of each methods on Indian Pines dataset. (a) False colour image; (b) ground truth; (¢) KNN
method; (d) SAM method; (e) SVM method; (f) EPF method; (g) LBP-SVM method; (h) SVMCK method;
(1) LBP-SAM method; (j) CDSRC method; (k) CCJSR method; (1) RSFM method
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Table 3 Classification results of different classification methods on Pavia University dataset
(OAEStd) /%
Method
A=1% A=2% A=4% A=6% A=8Y% A=10%

KNN 77.79+0.71 79.88+0. 48 81.79+0.47 82.52+0.35 83.18+0.19 83.62+0.18
SAM 77.8070. 64 79.8240. 52 81.75+0. 45 82.57+0. 22 83.1140.41 83.60+0. 20
SVM 84.97+0.63 87.97+0. 67 89.47+0. 30 90.39+0. 34 90.90+0. 11 91.12+0. 20
EPF 93.1141.63 95.16+1. 26 96.2440. 81 97.1840.61 97.860. 40 98.0140. 24
LBP-SVM 90.7840.76 94,6140, 42 96.1140. 29 97.0340. 31 97,6540, 27 97.9740.13
SVMCK 92,5443, 34 96.214+0.53 97.862-0. 32 98.34740. 26 98.7540. 07 98.9140. 15
LBP-SAM 91.7441.18 92,6741, 24 94,0420, 81 95.6940.71 96.1140.53 96.3240. 42
CDSRC 81.04+0.89 82.6340.53 83.79+0. 28 84.214+0. 42 84.584+0. 25 85.0340. 23
CCJSR 78.1740. 67 82.95+0.51 87.80+0. 40 90.26+0. 36 92.3340. 21 93.40+0. 27
RSFM 96.5140.59 98.38+0. 49 99.1340. 30 99.4440. 24 99.58+0.18 99.7340. 16
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Table 4  Classification results of various ground objects in Pavia University dataset under different methods

Class K NN SAM SVM EPF LBP-SVM SVMCK LBP-SAM CDSRC CCJSR RSFM
1 0.918 0.917 0.913 0.994 0.966 0.999 0.997 0.891 0.952 1. 000
2 0.872 0.874 0.939 1. 000 0.994 0.987 0.993 0. 884 0.975 0.998
3 0.627 0. 647 0.861 0.774 0.970 0.989 0.941 0.724 0. 835 1. 000
4 0.961 0.946 0.959 0.984 0.941 1. 000 0.970 0.942 0.990 0.999
5 0. 989 0.998 0.997 1. 000 0.920 1. 000 0.999 0.997 0. 947 1. 000
6 0.705 0.710 0. 866 0.951 0.998 0.977 0.906 0.709 0.928 0.999
7 0. 690 0.671 0. 864 1. 000 0.975 0.998 0. 960 0.764 0.879 1. 000
8 0.655 0.654 0.787 0.999 0.988 0.988 0. 949 0.717 0. 806 1. 000
9 0.998 0.996 0.993 0.999 0. 839 0.997 1. 000 1. 000 0. 856 1. 000

OA 0. 835 0. 835 0.912 0. 981 0.979 0.910 0.965 0. 851 0.937 0.998
AA 0.824 0.824 0.909 0.967 0.955 0.993 0.958 0. 847 0.908 0.999
K 0.778 0.778 0.882 0.975 0.971 0.986 0.956 0. 801 0.916 0.998
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Fig. 8 Classification results of each methods on Pavia University dataset. (a) False colour image; (b) ground truth;
(c) KNN method; (d) SAM method; (e) SVM method; (f) EPF method; (g) LBP-SVM method; (h) SVMCK
method; (i) LBP-SAM method; (j) CDSRC method; (k) CCJSR method; (1) RSFM method
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Hyperspectral Image Classification Method Based on Image
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Chongqing 400044, China
Abstract
Objective Hyperspectral remote-sensing images contain abundant information and provide a large amount of data.

For this reason, hyperspectral remote-sensing imaging is widely used in environmental detection, target recognition,

and other fields. This paper focuses on feature extraction and classification methods for hyperspectral images. The
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traditional classification method does not fully utilize the spatial information in hyperspectral datasets and tends to
ignore the effect of background points on the classification. The present paper proposes a classification based on
feature fusion using a hyperspectral image reconstruction method. The fused features fully include the spatial
information of the data image. The method accurately classifies the images in the Indian Pines and Pavia University
datasets. Our basic strategy and findings are anticipated to assist the design of new classification methods of
hyperspectral images.

Methods The proposed method fuses the features extracted by image reconstruction. The method first extracts the
local binary patterns (LBPs) of each pixel to obtain the LBP feature value. Second, it extracts the spatial
neighborhood block of each pixel and removes the redundant background pixels in each block based on the known label
information of the image. The result is a new spatial neighborhood block. Each pixel is weighted by the spectral
distance, and its characteristic value is calculated and reconstructed. The LBP eigenvalue of each pixel and its
reconstructed eigenvalue are superimposed into a reconstructed fused eigenvalue. Finally, the pixels are classified by
a K nearest neighbor ( KNN) classifier, and the type of each test sample point is determined by the Euclidean
distance between the test sample and the training samples. The classification performance of the method is
experimentally evaluated on the two hyperspectral datasets from the Indian Pines and Pavia University.

Results and Discussions  The classification performances of our method and several existing methods are
evaluated by the Kappa coefficient, overall accuracy, and average accuracy. To achieve robust results,
10 experiments are conducted under the same experimental conditions, and the results are averaged to give the final
result. The proposed reconstruction feature fusion method ( RSFM ) outperformed the related classification
algorithms. Among the competing methods, the KNN, spectral angle mapper (SAM), and state vector machine
(SVM) methods use only the spectral information in the image data. SVM with composite kernel and edge-preserving
filtering (EPF) combine the spectral and spatial information, class-dependent sparse representation classifier and
correlation coefficient and joint sparse representation fuse the multifeature information, and LBP-SVM and LBP-SAM
use the LBP features. Relative to the existing algorithms, our method improves the classification accuracies of the
Indian Pines and Pavia University datasets by around 2.12-30.45 percentage points ( Table 2) and 0.82-
16.12 percentage points ( Table 3), respectively. The proposed method not only considers the LBP texture
characteristics of the pixel, but also optimizes the reconstruction of the spatial domain of the data. When using the
spatial domain information, it removes the interfering background points, thus reducing the number of pixels to be
measured. The misclassification probability is reduced, and the classification effect is significantly improved over
those of the other methods.

Conclusions The proposed hyperspectral classification method effectively improves the classification accuracy of
hyperspectral images by extracting the LBP feature of each pixel (thus obtaining the LBP feature value) and
removing the interference of spatial background points, which eliminates the redundant information in the image.
Consequently, the pixel misclassification probabilities are reduced, and the discrimination ability is enhanced.
Experiments on two widely used hyperspectral datasets confirmed the superior performance of the proposed RSFM
method over other relevant classification algorithms. The classification accuracy is improved by approximately
2.12-30.45 percentage points on the Indian Pines dataset and 0.82-16.12 percentage points on the Pavia University
dataset. Therefore, the method is both valid and feasible.

Key words remote sensing; hyperspectral remote sensing; local binary patterns feature; spatial neighborhood
block; feature fusion
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