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Hyperspectral Image Classification with Combination of Weighted Mean
Filter and Manifold Reconstruction Preserving Embedding

HUANG Hong, ZHENG Xin-lei, LUO Fu-lin
(Key Laboratory of Optoelectronic Technique System of the Ministry of Education, Chongqing University ,
Chongqing 400044, China)

Abstract: Hyperspectral Image (HSD contains a large number of spectral bands that easily results in the
curse of dimensionality. The traditional classification methods just apply the spectral information while
they ignore the spatial information. To address this problem, a dimensionality reduction algorithm
combining Weighted Mean Filter (WMF) and Manifold Reconstruction Preserving Embedding (MRPE)
was proposed in this paper. According to the spatial consistency property of HSI, firstly, the method
applies WMF to all pixels which can reduce the spectral difference of data points from the same class.
Then, the weights of the spatial neighbor points are enhanced in manifold reconstruction. This method
effectively extracts the discriminant features and achieves the dimensionality reduction. Experimental
results on PaviaU and Urban data sets show that the proposed method has better classification accuracy
than other algorithms. When 5% and 1% of training samples were randomly selected from the two data
sets, the overall accuracies based on MRPE can reach 98. 76% and 80. 21%. The proposed method
enhances the low-dimensional manifold representation with the spatial information and improves the
performance of HSI classification.
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Table 1 The classification results with different methods on PaviaU data set (overall accuracy *+ std (%) (kappa))
Filter  Algorithms 100 150 200 300
Original 76,0741, 24(0.6936) 77.88=+0.75(0.7143) 79.844-0.86(0.7372) 80.75+0.42(0.7471)
PCA 76.05+1.25(0.6934) 77.8320.75(0.7137) 79.79+0.83(0.7366) 80.71+0.41(0.7467)
LDA 79.5341.14(0.7354) 81.28+1.20(0.7563) 82.3941.00(0.7720) 83.78=+0.30(0.7883)
WI\II\?IF LPP 77.60+1.54(0.7153) 80.08=+1.28(0.7415) 81.1741.58(0.7573) 83.50+0.85(0.7825)
NPE 76.17£1.60(0.6956) 78.37+£1.59(0.7208) 79.67+1.61(0.7357) 81.45+0.75(0.7565)
SC-NPE  76.69+1.42(0.7009) 80.124-0.85(0.7422) 82.56+1.34(0.7715) 84.1941.11(0.7910)
MRPE 79.81+1.45(0.7385) 81.80+1.23(0.7632) 83.50+0.55(0.7833) 84.95+1.11(0.8004)
Original ~ 87.394-0.70(0. 8357) 89.50+0.94(0.8624) 91.734-0.28(0.8899) 92.76+0.27(0.9032)
PCA 87.38+0.71(0.8356) 89.484-0.94(0.8621) 91.72+0.28(0.8898) 92.7540.27(0.9030)
LDA 94.3240.59(0.9280) 96.25=+0.60(0.9501) 96.724-0. 32(0.9560) 97.56=+0.32(0. 9669)
WMF LPP 93.45+1.28(0.9138) 94.80+1.13(0.9312) 95.064-0.62(0.9340) 97.06+0. 78(0.9604)
NPE 86.0841.65(0.8197) 88.3241.07(0.8477) 89.69+1.50(0.8638) 92.19+1.00(0.8959)
SC-NPE  86.75+0.88(0.8278) 87.85+1.15(0.8419) 88.67+0.93(0.8511) 90.15+0.73(0.8691)
MRPE 95.61+1.04(0.9358) 97.33+0.67(0.9643) 98.33+0.24(0.9775) 98.71+0. 11(0. 9826)
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Table 2 Classification accuracy of different class data with different methods on PaviaU data set (%)

B (%)

Classes Train Test Original PCA LDA LPP NPE SC-NPE MRPE
Asphalt 332 6299 94.52 94.54  95.94  96.65  94.36 95.21 98. 08
Meadows 932 17717 98. 56 98.56  99.75 99.32  98.36 98. 60 99. 96
Gravel 105 1994 88.42 88.37 91.32 94.73 89.62 91.17 94. 28
Trees 153 2911 87.26 87.26  96.87 91.31  88.25 88.49 98.01
Metal sheets 67 1278 99.61 99.61 99. 84 99. 77 99.53 99.53 99.92
Soil 251 4778 86. 06 86. 04 96. 69 92.32 85.83 91. 38 99.20
Bitumen 67 1263 88. 04 87.81 98.26 96.83  89.31 90. 18 98.18
Bricks 184 3498 92. 82 92.85 93.60  96.57 92.88 95.74 95.97
Shadows 47 900 100 100 100 99. 89 100 100 99. 89
Overall accuracy 94. 40 94.39  97.61  97.00  94.43 95.69 98.76
Average accuracy 92.81 92.78 96. 92 96. 38 93.13 94. 48 98.17

Kappa coefficient 0.9252 0.9251 0.9683 0.9600 0.9257 0.9426 0.9836

2.5 Urban XWERBE D U S5 Y 43 S SO B L R SR T U OB A B 3 SR ARIOCR

SEH R, AN Urban 04 4 04 45 28 iy Hh Bl AL 26 B
100,150,200 F 300 AN AL A K RN FE A 5 L A4 R
MPEAR 2 3 AN TR B VR A AN TR I G R AR 00 R TR 52 1%
Ab #J 3CF  RAAR 43 2 v 1 B R kappa R 2K

2% 3 AT, il 2 S i I R R AR B0 0, 45
A Y AR Ay S5 VE T B R kappa 2R BCEI R AR B

2% 3 KNEBEAE Urban 304 Y02 4h 3B

U RTINS (LB 55 1 AR P R TR

SR T

RPN IIEIES

fiE A B2 SE

HIIE TN X
AR T W SRR

RS2

Table 3 The classification results with different methods on Urban data set (overall accuracy =

P A5 2% b SC 5 4%
WOR B - T MRPE 1 B4 5 72 B B
[ 3 28 A5

MG T B 2

WERR B = hRiEZE (%) (kappa 2 %0))
std (%) (kappa))

4 F , MRPE

Filter = Algorithms 100 150 200 300
Original 67.5741.04(0.5610) 68.4941.62(0.5720) 68.9840.74(0.5777) 70.3540. 36(0.5949)
PCA 67.49+1.06(0.5601) 68.46+1.66(0.5716) 68.92+0.77(0.5770) 70.27+0.36(0.5939)
LDA 65.7940.81(0.5390) 67.1341.16(0.5562) 68.1041.30¢0.5669) 68.130.70(0.5673)
V\l/'\jl\(/[)F LPP 65.890.71(0.5395) 67.38=1.37(0.5587) 68.70£0.91(0.5751) 70.22+0.42(0.5937)
NPE 66.17+£0.46(0.5436) 66.83+1.72(0.5516) 67.69+1.06(0.5616) 69.12+0.63(0.5795)
SC-NPE 66.3341.20(0.5442) 67.8341.90(0.5630) 68.37=41.33(0.5690) 70.1240.71¢0.5911)
MRPE 68.08+-0.51(0.5665) 69.254-0.74(0.5796) 70.684-0.56(0.6003) 72.4640.39(0.6220)
Original 68.8940.65(0.5789) 70.4640.74(0.5971) 72.4040.93(0.6221) 73.1240.18(0.6311)
PCA 68.8940.64(0.5789) 70.43740.74(0.5968) 72.36740.94(0.6216) 73.0540.17(0.6303)
LDA 71.56+1.03(0.6111) 71.86=0.81(0.6161) 72.96740.92(0.6300) 72.98+0.41(0.6301)
WMF LPP 68.5340.51(0.5752) 70.4740.14(0.5985) 73.96740.56(0.6424) 75.1740.81(0.6579)
NPE 68.1140.12(0.5689) 69.61+0.69(0.5865) 71.4940.38(0.6102) 71.92+0.89(0.6160)
SC-NPE  67.13=£1.05(0.5571) 69.4740.85(0.5808) 72.59+0.47(0.6240) 73.00=40. 73(0. 6283)
MRPE 71.92+1.26(0.6151) 72.85+1.15(0.6289) 75.14=+0.22(0.6580) 76.62+0.35(0.6771)

o4 7n MRPE 553k X 55 28 M ) 1) 0 28 PR fiE . A
Urban %405 4 Hr BEHL I I 10 SR A Sy I 2R A 3 4

FIRREA. 3R 4 O AN [R] i W) 1) 73 26 o 1 B B LR A
T bR BT 8 S AH X N 1) 43 2R 4 2R A
R4 Uban BIEEFSAMYERREETHIREEBE )

Table 4 Classification accuracy of different class data with different methods on Urban data set (%)

Classes Train Test Original PCA LDA LPP NPE SC-NPE  MRPE
Road 263 26 021 79.42 79.41 77.25  77.97 77. 80 75. 47 79.09
Roof 93 9 250 63. 35 63.28  75.22  64.42 62.16 60. 36 74.67
Tree 139 13 714 71.07 70.92  71.02 72.44  71.86 68.72 74.71
Grass 418 41 408 84.74 84.72 84.64 86.96 84.01 84.73 86. 38
Shadow 29 2914 34.04 34.04  34.69  40.46  29.99 22.20 46. 05
Overall accuracy 77.55 77.50  78.09  78.63  76.64 75.43 80. 21
Average accuracy 66.53 66.47 68. 57 68. 45 65.16 62. 30 72.18
Kappa coefficient 0.6725 0.6718 0.6813 0.6872 0.6597 0.6405 0.7122
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Fig. 8 Classification results on Urban data set for different methods
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