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Fig. 1 Comparison of impulse response between bilateral
filter and recursive filter
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(a) Indian Pines (R50 G27 B17)
(a) Indian Pines (R50 G27 B17)

(b) i LA 4
(b) Ground truth
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¥ 3 Indian Pines¥{i4E
Fig. 3 Indian Pines data set

(a) University of Pavia (R56 G33 B13) (b) i 3 {2 %4
(a) University of Pavia (R56 G33 B13) (b) Ground truth
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Fig. 4 University of Pavia data set
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Fig. 5 Comparison of the different feature extraction methods
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(a) PCA J7i%: (b)RGF 771

(a) PCA method

(b) RGF method
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Fig. 6 Comparison of different classification methods in University of Pavia feature extraction
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Table 1 Classification accuracy of different methods in Indian

Pines hyperspectral image

s YILhREAEL
YRI5
1% 2% 3% 4% 5%
OA 47.77 6142 6741 T71.62 7422
SVM AA 4945 60.10 65.05 69.07 71.79
Kappa 4129 5646 63.19 67.83 70.77
OA 4720 56.69 6157 67.00 68.72
PCA AA 51.49 59.04 6325 67.69 70.24
Kappa 40.70 5138 56.74 62.66 64.58
OA 64.29 77.32 82.12 8557 88.05
EPF AA 67.89 78.39 83.37 8588 88.84
Kappa 59.79 7428 79.74 83.57 86.39
OA 68.36 81.44 87.36 90.81 93.00
SnEPF AA 68.42 79.01 84.00 8827 95.69
Kappa 64.64 79.08 85.67 89.54 95.21
OA 7199 83.63 88.75 9090 9243
GCK AA 80.30 89.29 9238 93.82 94.71
Kappa 6852 8149 87.21 89.64 91.36
OA 67.10 83.51 89.60 9243 9431
IFRF AA 68.55 79.61 86.34 9032 93.14
Kappa 62.86 8130 88.17 91.37 93.49
OA 62.76  69.85 76.63 88.10 89.62
RGF AA 63.14 7442 78.15 82.88 84.61
Kappa 57.71 6598 7351 8645 88.18
OA 79.66 87.84 9225 9421 95091
RGRF AA 80.53 86.20 90.32 93.38 95.26
Kappa 7695 86.16 91.15 93.37 9531
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(g) RGF (OA = 88.40)

(h) RGRF (OA = 96.21)

K7 R[5 Indian Pines {52445 B
Fig. 7 Indian Pines image classification results obtained by
different methods
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Table 2 Classification accuracy of different methods in Uni-

versity of Pavia hyperspectral image

AL

VAR

02% 04% 0.6% 08% 1%

OA 6315 7031 7488 78.61 8035

SVM AA 6548 7148 7527 7748 78.88
Kappa 5408 6282 6826 7273 7485

OA 6458 7026 7531 7674 78.48

PCA AA 6474 7035 7402 7516 76.58
Kappa 5522 6272 6857 7042 7248
OA 7162 7865 8642 88.54 90.49
EPF AA 7436 8122 8648 88.09 89.80
Kappa 6421 7316 8257 8524 8771
OA 8547 9118 9435 9561 96.70

SnEPF AA 8622 8970 9269 9446 95.55
Kappa 8149 8858 9262 9424 95.65

OA 7851 8328 8721 88.65 90.35

GCK AA 8233 8748 90.05 9124 92.28
Kappa 7229 7846 8338 8521 8738

OA 7473 8437 89.04 9135 92.99

IFRF AA  69.16 8045 8426 8691 89.06
Kappa 67.59 79.89 8569 88.66 90.77

OA 7649 8442 8841 9034 9233

RGF AA 7613 80.56 83.10 8470 8636
Kappa 70.04 79.94 8492 8739 8991

OA 8627 9182 9456 9594 97.61

RGRF AA 8727 9009 93.06 9521 97.10

Kappa 81.97 8932 9253 94.65 96.84
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(a) SVM (OA=73.04) (b) PCA (OA=72.46) (c) EPF (OA =79.09)

(g) RGF (OA = 87.86) (h) RGRF (OA =92.12)
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Fig. 8 Pavia image classification results obtained by different
methods
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Table 3 Comparison of McMemar values for different classifica-

tion methods in Indian Pines image

e YIZRAEA SR

1% 2% 3% 4% 5%

SVM 67.60 55.71 54.04 52.12 50.34
PCA 52.08 51.18 49.88 49.02 47.38
EPF 48.67 39.00 35.23 32.63 31.49
SnEPF 12.44 12.72 12.15 11.52 11.61
GCK 15.12 14.69 14.25 14.11 13.89
IFRF 24.19 17.94 13.33 10.32 9.49
RGF 42.73 33.21 30.74 29.11 25.58

FANJERGRF 5 %5 HAth %78 University of
Pavialf % A [ FEAS Y McMemar {2 2 1 43 M7 25
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Table 4 Comparison of McMemar values for different classifica-

tion methods in University of Pavia image

s YR A R
0.2% 0.4% 0.6% 0.8% 1%
SVM 86.61 84.66 83.34 79.17 76.02
PCA 84.50 82.47 80.24 79.81 76.73
EPF 65.08 57.88 50.77 45.01 40.31
SnEPF 18.91 17.98 13.13 12.74 10.68
GCK 61.96 59.19 4472 45.69 44 .33
IFRF 4793 41.96 35.88 33.71 31.76
RGF 68.12 66.26 55.08 50.08 44.72
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The result graph using the rolling guided recursive filtering of different iterations in University of Pavia image
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Hyperspectral image rolling guidance recursive filtering and classification

CUI Binge, WU Yanan, ZHONG Yong, ZHONG Liwei, LU Yan

College of Computer Science and Engineering, Shandong University of Science and Technology, Qingdao 266590, China

Abstract: Hyperspectral images have relatively large changes in intra-class spectra, and the “same material, different spectra” phenomena
are widespread. Moreover, classification accuracy is low when only the original spectral features are considered, and the “pepper and salt
phenomenon” can be observed in the classification result map. In the attempt to improve the classification result, the spectral and spatial in-
formation of a hyperspectral image needs to be fully utilized to reduce the spectral changes within the class and expand the spectral differ-
ence between classes. Thus, in this study, we propose a spectral-spatial hyperspectral image classification method with rolling guidance re-
cursive filtering.

First, principal component analysis (PCA) is used to reduce the dimension of the hyperspectral image, in which the main components
with large amounts of information are maintained for the input image of the next step. Second, the Gaussian filter is adopted to blur the in-
put image and eliminate the small-scale structure. Third, recursive filtering is performed on the input image to preserve the edge of the im-
age, in which the guidance image is the blurred image, and then the output result is treated as the new guidance image. The process is re-
peated iteratively until the large-scale edge is restored. Finally, the extracted feature bands of the hyperspectral image are used for classifica-
tion by a support vector machine.

Indian Pines and University of Pavia datasets were initially used to verify the effectiveness of the proposed rolling guidance recursive
filtering (RGRF) method. As shown by the homogeneous regions in Figs. 5 and 6, the noise phenomenon is severe when the extracting fea-
ture of PCA is used, whereas the noise is effectively removed when rolling guidance filtering (RGF) and RGRF are utilized. However, at the
strong edges, the boundary is blurred and irregular and the spatial smoothness is excessive for RGF. By contrast, the boundary is clear and
the strong edges are protected for RGRF. Then, the proposed method is compared with related classification methods by using two real hy-
perspectral image datasets. The comparative results in Tables 1 and 2 indicate that RGRF can improve classification accuracy more effect-
ively than the other methods. Subsequently, McMemar test was performed to analyze the statistical significance and verify the comparative
results. As shown in Tables 3 and 4, the correlations of RGRF with the other methods are statistically significant, and the values exceed
p>1.96. The McMemar values in Tables 3 and 4 increase with the decrease in number of samples, which indicates that the advantages of us-
ing RGRF becomes more obvious in the case of fewer samples.

This study presents an improved edge-preserving filtering method named RGRF. Compared with the other filtering methods, RGRF can
maintain the edge structures of land covers and eliminate the texture and noise information within these land covers. RGRF effectively uses
the recursive filtering method instead of the bilateral filtering method (i.e., of the RGF method) in each iteration. In this manner, the continu-
ous spreading of texture and noise information across the strong edges is avoided. Moreover, considering that image quality is significantly
improved after RGRF filtering, the classification accuracy of the hyperspectral image is also greatly enhanced. Classification experiments
were performed on two real hyperspectral datasets. The results indicate that the classification accuracy of RGRF is superior to the other hy-
perspectral image classification methods. Moreover, RGRF can achieve higher classification accuracy when only few training samples are
used.
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