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Abstract . Spatial autocorrelation information is easily lost in the process of traditional texture information
extraction methods of hyperspectral image, leading to low accuracy of vegetation classification. An
improved scheme was put forward aiming at the shortcoming of existent methods to form a new
classification algorithm ( CHISCI) based on spatial autocorrelation information. Firstly, one kind of
spatial autocorrelation information of hyperspectral image was extracted by domain transform filter of
interpolated convolution ( DTFOIC ). Secondly, another kind of spatial autocorrelation information was
obtained by the same filter on dimensionality reduced hyperspectral data. Finally, the two kinds of spatial
information were combined and then classified by SVM which was not sensitive to high-dimensional data,
forming CHISCI classification algorithm of hyperspectral image by spatial autocorrelation information. The
CHISCI classification method was implemented on the hyperspectral data of Indian Pines and Salinas
Valley. The following results were obtained. In the first place, the overall accuracy ( OA) of Indian
Pines was 96. 16% and the Salinas Valley was 98. 67% , which were 12 ~ 16 percentage points higher
than those of SVM and PCA — SVM, and 4 ~ 16 percentage points higher than those of SGB — SVM,
SBL — SVM and SGD —SVM by spatial-spectral information, and 4 ~6 percentage points higher than that
of EPF, and 2 ~ 3 percentage points higher than that of IFRF. Furthermore, the average accuracy (AA)
and Kappa of the CHISCI were also increased substantially, showing very good performance in
hyperspectral classification. In the second place, although the training samples were only 6% of Indian
Pines and 1% of Salinas Valley, the OA of both can reach 96. 16% and 98. 67% , which can remove salt
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and pepper noise in the classification map obviously. When the training samples were reduced to 3% and
0.3% , the OA can be over 90% and 95% , respectively. The effectiveness of CHISCI was fully verified
in the hyperspectral classification. In the last place, the classification of some methods for grapes _
untrained and vinyard_untrained in Salinas Valley were bad. The reason was that the spectral reflectances
of the two vegetables for all bands were very close. However, the classification for the two vegetables of
CHISCI can still reach 98.38% and 99. 17% . It was showed that the CHISCI had excellent performance
on the vegetable classification with close spectra. The experiments showed that the CHISCI algorithm was
better than original SVM with pure spectrum information, the dimensionality reduction-based methods,
the spatial-spectral information-based methods, and the methods based on edge-preserving filtering and
recursive filtering. With the spatial autocorrelation information extracted by the DTFOIC, the performance
of the classification of hyperspectral image with CHISCI algorithm was greatly improved, and the
effectiveness of CHISCI was fully verified in the classification of hyperspectral vegetables, especially of
those with close spectra. The method can be applied to the field of crop growing, diseases and pests
monitoring, accurate classification and identification. It would also have potential significance for

precision agriculture and agricultural modernization.
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Tab.1 Classification statistics of Indian Pines %
H W) PERe SVM PCA-SVM SGB-SVM SBL-SVM SGD-SVM EPF-B-c¢ EPF-G-c¢  IFRF CHISCI
RS 54 79.25 80. 01 75. 44 72.63 76.98 94.79 94. 65 90. 54 93.58
Gk ok 1434 73.94 70.78 71.06 84.37 87.97 92.21 90.25 90. 49 94. 16
LHEE K 834 68. 03 67. 81 69. 80 86. 54 86. 39 83.27 86. 94 87. 49 96. 96
F oK 234 48. 44 41.64 43.71 52.21 70.55 56. 67 58.76 89.43 90.23
B b/ i B 497 90. 38 89. 01 86. 69 92. 80 93.21 95. 60 93.97 92. 87 94. 67
LIV N 747 95. 43 96. 13 95. 14 97.35 96. 63 99. 90 99.91 98. 03 98.22
16 T 1) i 26 59.71 73. 40 78.38 59.54 48.39 62. 11 79. 47 74. 86 94. 66
T2 ek 489 94. 43 95. 98 96. 12 98. 36 95.20 99. 83 99. 94 99. 59 99.55
MeE 20 74.99 56.36 70. 10 42.42 51.31 39. 64 41.75 49.81 59.57
Uik D NIEA 968 68.35 64.74 66.57 82.85 84. 69 85. 07 83. 03 86. 59 91.03
LR E 2468 84.03 85. 16 84. 09 91. 49 93. 06 97.85 97. 40 96. 41 98. 67
IRE NI 614 79. 09 76. 96 77.94 86. 32 88.59 96. 20 96.79 97.78 93.52
iy 212 92. 11 95. 49 97.95 98. 17 97. 44 94. 15 99. 60 99. 10 99. 20
R 1294 97.57 97. 10 97. 04 98. 08 98.52 99.72 99. 61 99. 15 98. 84
- 380 37.91 44.12 46. 07 63.99 69. 88 58. 44 59. 42 85. 86 95.08
A 95 75.75 75.11 82.25 77. 69 83. 00 92. 84 91. 10 85. 44 81. 68
OA/% 80. 38 79. 85 80. 10 88. 48 90. 20 92.28 92. 14 93.71 96. 16
AA/% 76.21 75. 61 77. 40 80. 30 82. 61 84.27 85.79 88.97 92.48
Kappa 77.48 76. 82 77.17 86. 83 88. 80 91. 14 90. 97 92.82 95. 62
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Tab.2 Classification statistics of Salinas Valley %
ot e - PCA — SGB — SBL - SGD - EPF — EPF — FRE CHISCH
SVM SVM SVM SVM B-c¢ G-c
RS2 4k, 2 10 1 2009  97.78 99. 52 99. 46 99. 82 99. 80 99. 59 99. 89 96. 63 100
b3 4 0, 2= 25 2 3726  98.65 97.71 95.29 99. 09 98. 87 100 99. 96 97.72  99.61
PRAF 1976  83.07 86.79 93. 68 89.93 94.33 88.97 93.47 99. 08 100
LB 1 PR Bt 1394  94.97 98. 48 98. 01 98.30 97. 00 99. 86 99.70 83.60  96.41
ST W 1 AR B 2678  98.12 97.59 96.23 97. 67 96. 17 99.52 99. 46 96.03  99.27
bk 3959  99.61 99. 53 99. 42 99. 47 99.55 100 99.92 98.50  99.52
i 3579 99.41 99. 64 99. 64 99.78 99. 62 100 99.97 99.16  99.80
Pt Nk 11271 88.49 88. 87 88. 58 91.12 91.43 94. 88 94. 85 96.56  98.38
EETFR A - 6203 99.02 99.79 99. 88 99. 86 99. 82 99.99 99. 89 99.01 99.97
FIrEENEX 3278  86.72 87.27 90. 86 91.12 92.92 95. 88 92.70 96.82  97.23
Kb 4wk 1068  72.43 84.72 62. 60 84.27 77.37 82.75 79. 48 87.51  97.13
KI5 Swk 1927  96.76 98.28 97. 86 98.15 98. 56 99. 90 99. 46 97.77  98.66
K 6wk 916 95.22 95.99 91. 04 84.97 98. 10 100 99. 86 67.49  95.56
K Twk 1070 91.21 88. 32 92. 11 89. 09 91.29 99. 38 97. 06 95.71  96.39
e 5 5L 1 4 2 R 7268  59.10 54.77 60.78 69. 82 73. 40 60. 80 60. 19 98.96  99.17
75 4 el 1807  89.93 91.59 92. 16 97.11 95.74 91.12 90. 44 95.88  95.14
O0A/% 88. 86 88. 92 89. 44 91. 90 92. 68 92.32 92. 03 96.63  98.67
AA/% 90. 66 91. 80 91. 10 93. 10 94. 00 94. 54 94. 14 94.15  98.23
Kappa 87.55 87. 61 88.20 90. 95 91.83 91. 41 91. 09 96.25  98.52
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