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Hyperspectral Image Classification with Combination of Sparse
Characteristic and Neighborhood Similarity Metrics
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Abstract: The traditional sparse representation classification methods only exploit the sparse property
while they ignore the neighborhood similarity information in hyperspectral image. To address this
problem, a novel sparsity-neighborhood metric classification method was proposed in this paper. Firstly,
the proposed algorithm utilizes sparse representation to reveal the sparse properties of data, the following
sparse similarity can be calculated in each class of samples. Then. according to neighborhood
information, the method constructs the sparsity-neighborhood similarity relationship in each class of
samples. Finally, the land cover types can be obtained with the federated sparsity-neighborhood
similarity. The proposed algorithm possesses sparse property and neighborhood information, which can
enhance the discrimination among different land cover classes to improve the classification performance.
The experiments were performed on the Indian Pines and PaviaU hyperspectral data sets. Experimental
results demonstrate that the proposed algorithm has better classification accuracy than other algorithms,
the overall classification accuracies reach 81.69% and 86.59% , respectively. The proposed algorithm can
obtain more homogeneous regions and improve classification accuracy and Kappa coefficient.
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Fig.1 The schematic diagram of SNMC algorithm
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Fig.2 Indian Pines hyperspectral image
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Fig.4 The influence of different parameters S and w on the classification accuracy
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Table 1 Overall accuracy of different algorithms in different proportion of training samples

Percent of training samples/ %

Algorithm
2 4 6 8 10
NN 65.66(1.10) 70.51(0.66) 72.4100.52) 74.58(0.54) 75.16(0.66)
SAM 65.74(0.95) 70.50(€0.75) 73.23(0.37) 74.48(0.40) 76.24(0.78)
OMP 65.18(1.00) 69.81(0.80) 72.5500.27) 74.00(0.53) 74.87(0.31)
SRC 64.79(1.72) 70.86(0.56) 73.52(0.69) 74.68(0.63) 76.70€0.77)
RF 68.70(0.87) 73.65(0.39) 76.46(0.27) 77.70(0.60) 79.42(0.24)
SNC 56.68(0.71D) 58.75(0.80) 64.40(1.21) 66.59(1.04) 68.72(0.67)
NSC 66.31(1.24) 70.92(0.73) 73.34(0.76) 75.13(0.63) 76.24(0.47)
FRC 59.58(1.69) 71.91(1.19) 74.57(0.60) 76.46(0.60) 77.10€0.57)
SNMC 72.12(1.19) 78.01(0.89) 79.29(0.78) 80.76(0.45) 81.69(0.49)

1 SIEE R R B I GAEAE H MRS £, & Fh B 0 40 2Ok B S 0 KO BN B R SAM Bk
10 2% & T % 28 8 1655 B NSC 350 % e AR A B L i DL AR B 8UR 8 2% . SRC L. SNC Hil OMP % =47
ST AR TR R B R R A BB A IR T BB TS A5 VNG RE AR 2 B) (4 A DG MR AR B2, R 2% I A R
T AR IR B, By RROR A RE S0 R e 124 10 2 64743 28 L 3 2 — 2R 90 (1) DR SR A 43 28 288 5 A 4%
TG ) B e, LA 28k SR T B % R RN O vk FRC B0k Wl 25 08 T i 2 om S b A R i sk 2215
B O 2RO L A LR R I AR SO A SNMC B i 40 2800 B B4 T H ek, B THAR U %
BTG IT I B SR 3UAE S B MR T AR O 5 B © A AR ICAR T I AR B DGR RE BE L IR I i T R AR
TCHEHE S 10 PT B A R o T A RS

Ry it — 25 Ay BT 45 A oy DT IEAE T — A MW 2 ) A o RO L S5 b B 10 06 MU R AR AR LAy Sy i
IRFEARPEATINIR. #E Indian Pines $CHE 48 v A3 A 1 4 28000 14 20 2005 BB L 800 20K B COA) F- 1 00 2888 &
(AA) I Kappa REaN1#E 2 s,

%2 Indian Pines BBE T S XMWY ERREETHS L E

Table 2 Classification accuracy of different types of features in IndianPines data set by different algorithms

Class Class name Train  Test NN SAM OMP SRC RF SNC NSC FRC SNMC
1 Alfalfa ) 49 72.67 74.18 33.21 76.88 76.00 100 81.24  79.58 92.86
2 Corn-notill 143 1291  62.08 64.53 68.53 66.02 75.37 57.29 64.17 64.74 70.95
3 Corn-min 83 751 63.62 64.80 61.21 64.66 73.49 76.58 63.95 66.11 70.01
4 Corn 23 211 53.28 48.39 58.98 53.87 63.93 52.17 54.09 57.75 58.76
5 Grass/Pasture 50 447 89.82  90.26 87.82 91.34 90.39 93.17 89.28 90.60  92.22
6 Grass/Trees 75 672 87.94 86.75 86.66 88.51 92.83 80.68 86.35 87.13 91.71
7 Grass/Pasture-mowed 5 21 69.17 75.66 47.87 73.21 83.33 36.36 76.53 77.50  81.82
8 Hay-windrowed 49 440 95.61 96.14 91.03 96.25 95.95 84.15 96.93 95.65 97.97
9 Oats 5 15 48.92  53.42  41.19 45.19 80.00 100 44,59  43.03 52.38
10 Soybeans-notill 97 871 63.47 67.38 67.19 68.85 70.51 66.61 67.64 69.09 @ 79.67
11 Soybeans-min 247 2221 73.41 75.35 71.59 75.00 75.21 57.10 75.63 75.50 76.92
12 Soybean-clean 61 553 67.23 72.65 72.92 69.92 66.85 58.14 70.11 73.69 86.47
13 Wheat 21 191 87.65 90.15 93.00 91.22 91.11 85.08 91.50 89.92  95.00
14 Woods 129 1165 92.98 92.05 90.95 93.11 93.83 85.11 92.84 93.12 93.46
15 Building-Grass- 38 342 57.76 62.42 65.98 61.65 68.83 68.27 59.30 62.98 72.70

Trees-Drives
16 Stone-steel Towers 10 85 98.48 96.93 92.40 98.74 94.44 94.59 95.51 97.91 97.53
OA 74.67 76.24 74.87 76.70 79.45 68.52 76.24 77.10 81.69
AA 74.01 75.69 70.66 75.90 80.75 74.70 76.91 77.84 83.34
Kappa 0.711 0.729 0.713 0.734 0.735 0.631 0.732 0.740 0.743
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Fig.5 Classification results of different algorithms on Indian Pines data set
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Fig.6 The influence of different parameters S and w on the classification accuracy
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Table 3 Overall accuracy of different algorithms in different proportion of training samples

Percent of training samples/ %

Algorithm
2 4 6 8 10
NN 79.84(0.33) 82.05(0.39) 82.47(0.23) 83.27(0.08) 83.54(0.29)
SAM 80.12(0.38) 81.77(0.20) 82.33(0.19) 83.01¢0.14) 83.48(0.29)
OMP 77.53(0.42) 79.76(0.42) 80.82(0.16) 81.26(0.20) 81.74(0.26)
SRC 79.80(0.96) 81.86(0.24) 83.12(0.26) 83.28(0.26) 83.67(0.23)
RF 80.89(0.26) 82.97(0.33) 84.30€0.37) 85.43(0.33) 85.91(0.45)
SNC 80.40(0.67) 82.44(0.38) 84.14(0.29) 85.20€0.17) 85.63(0.15)
NSC 79.68(0.51) 81.70€0.11) 82.45(0.25) 83.14(0.29 83.70(0.20)
FRC 80.97(0.67) 82.46(0.46) 83.25(0.35) 83.76(0.12) 84.22(0.27)
SNMC 83.92(0.51) 85.11(0.29) 85.82(0.21) 86.39(0.23) 86.59(0.09)

R4 PaviaUBBEENR LMY ERREETHSLRE

Table 4 Classification accuracy of different types of features in PaviaU data set by different algorithms

Class Class name Train  Test NN SAM OMP SRC RF SNC NSC FRC SNMC
1 Asphalt 663 5968  91.17 92.16 81.64 91.88 83.79 85.28 92.25 90.93 91.10

2 Corn-notill 1865 16784 87.49 87.33 88.92 87.27 89.27 85.93 87.50 86.94  89.87

3 Corn-min 210 1889  64.57 63.91 60.71 66.80 69.56 82.84 62.81 67.54 69.79

4 Corn 306 2758  94.36  94.66 91.89 94.96 92.33 95.38 96.04 95.66  96.78

S Grass/Pasture 135 1210 99.00 99.21 99.17 99.74 99.67 97.24 99.59 99.51 99.42

6 Grass/Trees 503 4526  71.40 70.92 68.81 71.74 77.95 87.35 72.34 76.07 77.75

7 Grass/Pasturemowed 133 1197  68.19 68.39 67.02 69.90 82.26 96.75 69.91 71.27  76.27

8 Hay-windrowed 368 3314 65.46 65.35 64.18 64.70 72.99 69.29 65.90 65.73 70.53

9 Oats 95 852 99.55 99.76 89.40 99.61 96.70 100 99.63  99.69 99.76
OA 83.54 83.48 81.74 83.67 85.58 85.54 83.70 84.22  86.59
AA 82.35 82.41 79.08 82.96 84.95 88.89 83.85 83.58 85.70
Kappa 0.779 0.778 0.757 0.780 0.806 0.80Z2 0.783 0.786  0.820

(f) RF (85.58%

) (g) SNC (85.50%)

"7

(h) NSC (83.70%)

(i) FRC (84.22%)

S H A PaviaU I E LW AR ERA

Fig.7 Classification results of different algorithms on PaviaU data set
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