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Abstract; A spatial consistency measurement method based on the Weighted Spatial-Spectral Distance
(WSSD) is proposed and applied to the K Nearest Neighbor(KNN) classifier, and a new hyperspectral
image classification algorithm is obtained. On the basis of the physical characters of hyperspectral im-
ages, the proposed algorithm combines both spatial window and spectral factor to obtain the spatial in-
formation and spectral information , and uses the spatial nearest points to reconstruct the center point
and to reveal the local spatial structure. With effectively reducing the redundant information in the im-
age,this algorithm increases the consistency of the same kinds pixels and the difference of the different
kinds pixels and obtains extract discriminating features, so it implements the consistency measurement
between the data points. The experiments were performed on the Indian Pines and PaviaU hyperspec-

tral data sets. Experiment results show that the WSSD-KNN algorithm has better classification accu-
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racy than other algorithms when it is applied to the classification of hyperspectral image, and the over-

all classification accuracies reach 91.72% and 96. 56% , respectively. With the spectral information,

spatial information and extract discriminating features, the proposed algorithm effectively improves

ground object classification accuracy of hyperspectral data and has better recognition ability in less

train samples.

Key words: hyperspectral image; image classification; spatial neighbor; weighted spatial-spectral dis-

tance; K Nearest Neighbor(KNN)
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Tab. 1 Classification accuracy of different types of features in Indian Pines data set by different algorithms
# el WgkkEA  MAEEA  KNN  SAM  SVM  SCD-KNN IPD-KNN WSSD-KNN
1 Alfalfa 10 36 69. 44 66. 67 94, 44 77.78 88. 89 97. 22
2 Corn-notill 143 1285 50.04  50.82 77.74 65. 60 76. 89 86.61
3 Corn-min 83 747 54.35 55.69  68.54 63. 05 81.79 86. 35
4 Corn 24 213 42.72  40.85  56.81 47,42 86. 38 73.71
5 Grass/Psature 48 435 82. 30 85.75 92.18 92. 87 95. 86 86. 90
6 Grass/ Tress 73 657 88. 74 88. 89 96. 35 98. 48 98.17 98.02
7  Grass/psature-mowed 10 18 88. 89 94. 44 77.78 94. 44 100 100
8 Hay-windrowed 48 430 89.30  88.60 96.51 98. 37 99. 77 100
9 Oats 10 10 70.00  80.00 100 100 100 100
10 Soybeans-notill 97 875 66.51  67.20  74.29 80. 57 89. 14 93.49
11 Soybeans-min 246 2209 68. 54 71.03  82.71 80. 08 88. 64 93. 80
12 Soybeans-clean 59 534 38.95 40.82  72.28 51.12 73.97 77.90
13 Wheat 21 184 89.67 88.04  95.65 98.91 99, 46 98.91
14 Woods 127 1138 91.83 92.53  95.52 89. 10 97.72 99. 38
15 Bldg-Grass-Tree-Drives 39 347 41.50  44.38  55.62 38.62 75.22 88.76
16 Stone-steel towers 10 83 87.95 90. 36 91. 57 87.95 100 98. 80
SRR EECOA 67.86 69.14 81.88  77.10 88.10 91.72
- 35K B (AAD 70.05  71.63  83.00 79.02 90. 74 92. 49
kappa Z £ 0.6331 0.6476 0.7929  0.7379 0. 8642 0. 9055
s T E] () 21.60  51.06  85.23 164. 63 200. 36 57.51
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Al 6
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#5278 Indian Pines (IR 4E [ 104> K45 R R

Fig. 6 Classification accuracy of different algorithms in Indian Pines data set
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Tab. 2 Classification accuracy of different types of features in PaviaU data set by different algorithms
# eSSl kA MFEA  KNN SAD  SVM  SCD-KNN  IPD-KNN  WSSD-KNN
1 Asphalt 398 6233 85. 62 75.76 94. 64 92.73 96. 33 92. 40
2 Meadows 1119 17530 94.73 95. 09 98. 21 97.45 98. 24 99. 46
3 Gravel 126 1973 64.93 58.95 76.69 82.11 87.23 93. 87
4 Trees 184 2880 78.33 81.91 92,33 82.22 90. 69 91.18
5 Sheets 81 1264 99.13 99.76 99. 45 99.92 100 99.53
6 Soil 302 4727 59.97 52.08 84.62 62. 64 83. 31 94. 84
7 Bitumen 80 1250 76.96 76.72 77.92 91. 36 94. 16 96. 16
8 Bricks 221 3461 78.68 78.76 88. 21 90. 78 93. 30 96. 16
9 Shadows 57 890 100 92. 36 100 99. 66 100 98. 99
SRS BE COAD 84.92  82.43  93.17 90. 15 94. 65 96.56
- R RE CAAD 82.04  79.04  90.23 88.76 93. 69 95. 84
kappa Z % 0.796 8 0.763 0 0.908 8 0. 866 9 0.928 5 0.954 2
BATETE () 128.84 290.61 141.04 1 228. 84 1767.35 338.78

(a)KNN

(b)SAM

I 8

(c)SVM

(d)SCD-KNN (e)IPD-KNN (DWSSD-KNN

S ETE Pavia U U4 By sr 245 R 1A

Fig. 8 Classification results of different algorithms in PaviaU data set
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