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Fig. 1 Flowchart of Improved Combination Filtering Method
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F1 EWMASEEFEHNERLIRILE (PSNR/MSE/MSSIM)
Tab.1 De-noising Result Comparison of Various Composite Filters (PSNR/MSE/MSSIM)
M 75 35 Yy
PP
=R 0.01/0.000 5 0.02/0.001 0.05/0.001 0.1/0.01
SCHk[15] 05 1 31.03/51.33/0. 74 29.83/67.56/0.70 28.75/86.72/0.56 28.18/98. 85/0. 45
SCHRC19 17 vk 31.12/50.25/0.76 30.38/59.58/0. 72 29.37/75.15/0. 63 28.72/87.28/0.53
SCER[14] e 31.13/50.13/0.78 30.38/59.42/0. 74 29.38/75.07/0. 64 28.72/87.25/0.55
k[ 13] 0 B 31. 86/42.32/0. 80 31.17/49.69/0. 76 30.17/62.49/0. 69 29.45/73.89/0. 60
SCHk[16] 07 1 32.92/33.17/0.83 32.15/39.67/0. 80 31.01/51.53/0.71 30. 46/58.47/0. 62
SR A TR 33.08/32.01/0. 85 32.36/37.77/0. 81 31.27/48.53/0.73 30.67/55. 68/0. 63
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Tab. 2 Average Result of Various Composite Filters
2145 U8 T SCHL15 ] SCHRL19 105 8% SCHRL14 105 8% SCHRC13 005 % XHk[16] 5% Z)2AAIEE B
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MSE 76.12 68.07 67.97 57.10 50. 79 43.50
MSSIM 0.61 0.66 0.68 0.71 0.74 0.76
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x3 EBEWMASEEFEHNERLIRILE (PSNR/MSE/MSSIM)
Tab. 3 De-noising Result Comparison of Various Composite Filters (PSNR/MSE/MSSIM)

R, Mg 7 5 e i
0.01/0. 0005 0.02/0. 001 0.05/0. 001 0.1/0.01
k(15175 1 31.47/46.31/0. 65 30.12/63.21/0.53 28.91/83.54/0. 36 28.32/95.76/0. 25
SCHRC19 17 vk 31.95/41.52/0. 69 31.17/49.62/0. 64 30. 36/59. 89/0. 54 29.73/69.25/0. 44
SCRkL 14105 ¥ 31.97/41.30/0. 70 31.19/ 49.39/0. 66 30.37/59.71/0.57 29.74/69.12/0. 46
SCHRL13]77 8 33.59/28.44/0. 80 32.72/34.76/0.73 31.20/49. 38/0. 59 30.08/63.79/0. 47
k(1677 1 34.57/22.70/0. 82 33.85/26.80/0. 74 33.52/28.93/0. 60 33.99/25.91/0. 49
SRAA IRk 34.59/22.58/0. 84 33.99/25.97/0.77 33.70/27.75/0. 62 34.18/24.81/0.51
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Fig. 5 Effects of the Improved Algorithm to Remove Mixed Noise
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Tab. 4 De-noising Result Comparison of Various Composite Filters (PSNR/MSE/MSSIM)

B JiR7S PR e =
0.01/0.000 5 0.02/0. 001 0.05/0. 001 0.1/0.01
k15177 8 31.40/47.09/0. 67 29.98/65.22/0.57 28.96/82.65/0. 41 28.18/98.77/0. 28
k(1977 1 32.88/33.49/0. 69 31.96/41.34/0. 61 30.90/52.91/0. 52 29.54/72.32/0. 44
SCHRC14] 078 32.90/33.30/0. 71 32.18/39.31/0.63 31.96/41.43/0.53 30. 81/53.86/0. 44
SCHRL 13005 ¥ 32.91/33.24/0.79 32.21/39.14/0.73 32.17/39.49/0. 60 30. 82/53. 80/0. 48
SCk[ 16075 % 33.95/26.14/0. 82 32.59/35.82/0.75 32.18/39.41/0. 62 31.72/43.73/0.51
=R A IR 34.23/24.59/0. 83 32.94/33.16/0. 76 32.28/38.46/0. 64 31.96/41.43/0.52
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Tab.5 De-noising Result Comparison of Various Composite Filters
FRrEa. Mg 7 5 e i
0.01/0.000 5 0.02/0. 001 0.05/0. 001 0.1/0.01
SCHRC15 ]k 31.32/47.89/0. 62 30.05/64.26/0. 48 28.89/83.89/0. 31 28.09/100. 87/0. 20
SCHRL19]77 B 32.35/37.81/0. 64 31.56/45.41/0.57 30. 71/55.14/0. 49 29.51/68.68/0. 38
SCk[ 14075 3 32.38/37.54/0. 65 31.58/45.12/0. 58 30.74/54.75/0. 51 29.76/68.20/0. 40
SCHRC13]07 % 33.27/30.63/0.73 32.39/37.49/0. 66 30.94/52.32/0. 52 29.79/72.86/0. 46
SRR 16175 ¥ 34.05/25.58/0. 75 32.61/35.59/0. 67 31.46/46. 38/0. 52 31.30/48.22/0. 47
SRAAIRME 34.28/24.25/0.78 33.07/32.07/0. 69 32.01/40.97/0. 54 31.58/45.24/0. 49

I DL b 3 AN B G R 1 2 SR AR
AR AR SC = 2 A A IR T 1 TC R A DA 25 M Y
PR 58 R i 2 E & 1 PSNR. MSE, MSSIM
FEPRVEAN AR AL TR 48 07 ik BR AL AF 1 25 R i@
AR R L 0 S Bk R G RS L T T R
G hb 3

3 & iF

Bt X B AR P A AE (TR A IR A X AR e Y

PHIZ DRI T L BEAT B 98 AR SCHE T — Bl B 1
HAURYTT ¥ HTT RS HHTE W4 S U5
5 AR F A AR 9 4058 R 55 25 e 1) 0 T
Xt e EARA I AP E . AR BRI RS 2 e &
I 1) P 0 G S U 7 47 5 18 00 3 R BRI, X
AT LA 25 B e 307 M A 2 0 AR G R B R AR 0 1
201 A B A SR 2% M AR R AT S8 BRI A
PR L RR BRSNS R
WA G S BRI R P GO R B, 2R
PR T R — R L A B R R T I



5 42 B4 3 4 R TS — R Y 2 BRE

P8R M 7 2 G IR v 353

T S KR B2 PR 47 52 R A A 6 [ i B 3K
M 2 B TR 8 v W UL A1 g A0 R K b
FLIFFE R TR G A L T R
B WL TR & WP IR 5 B R A T S P
TR,

2 % x #

[1] Wang Lucai,» Wang Yaonan. Mao Liuping. Regis-
tration of InSAR Image Based on Integrating Corre-
lation Registration and Max-spectrum Image regis-
tration [J]. Acta Geodaetica et Cartographica Sini-
ca, 2005, 34(2): 108-112(FE/A, FHM. BA
. E TN AR A A R B IR InSAR T 2R
PP ELT]. Mg, 2005, 34(2): 108-112)

[2] Xu Caijun, Wang Hua, Wang Jianglin. Directional-
ly Dependent Adaptive SIGMA Median Filter [J].
Geomatics and In formation Science of Wuhan Uni-
versity , 2005, 30(10).873-876 (I A4 %, T4, T
VLAR. ST [ A S R SIGMA v 98 i 5
L] RBCRZ M - fF BB, 2005, 30(10):
873-876)

[3] Lai Xudong, Wan Youchuan. A Filer Algorithm for
LIDAR Intension Image [J]. Geomatics and Infor-
mation Science of Wuhan University, 2005, 30
(2): 158-160CUIB AR, JT 41l — Bl X ot o ik
9 R B IS B RO R D] DUR 24 - {7
BRLER, 2005, 30(2): 158-160)

[4] Xiang Liling, Liu Zhi, Qi Ji, et al. Method of Vid-
eo Image De-noising Based on Mixed Filter [J].
Journal of Jilin University (Information Science
Edition) , 2013, 31(3); 266-271(I J145, X%, 5
L, R EMMIRA U OTIEL]]. AR
s BRFERRD . 2013, 31(3): 266-271)

[5] Gao Jian, Zhang Bin, Zhang Feiyan, et al. Surface
Min/Max Flow Method for Remote Sensing Image
Denoising [J]. Geomatics and Information Science
of Wuhan University, 2012, 37(1): 31-34 (5= %,
TR, K, AE. R REEGE AR Min/max Ui 25
FE s [J]. R KEFR - F R FW,
2012, 37(1): 31-34)

[6] Donoho D L, Johnstone I M. Ideal Spatial Adapta-
tion by Wavelet Shrinkage [ J]. Biometrika, 1994,
81(3): 425-455

[7] Donoho D L. De-noising by Soft-thresholding [J].
IEEE Transactions on Information Theory, 1995,
41(3): 613-627

[8] Donoho D L, Johnstone I M. Threshold Selection
for Wavelet Shrinkage of Noisy Data [C]. Annual
International Conference of the IEEE, Baltimore,

MD, 1994

[9] Shao Haimei, Mei Tiancan, Qin Qianging. Spread

Spectrum Watermark Based on Wavelet Transform
for Digital Image [J]. Geomatics and Information
Science of Wuhan University, 2003, 28(5): 626-
629 CHBIEE M MER M. AT, R T /DB EHRKY
BOKENSE B (1], R KR ¥ =M - 7R =R,
2003, 28(5): 626-629)

Wan Honglin, Jiao Licheng, Wang Guiting. et al.
A Region-of-interest Level Method for Change De-
tection in SAR Imagery [J]. Acta Geodaetica et
Cartographica Sinica, 2012, 41(2): 239-245(J7 41
M AR, B, S fEROGRN X ZE W L
HEAT SAR AR ALK W 1 vk R s )], W4 &
R, 2012, 41(2): 239-245)

Wang Hongmei, Li Yanjun., Zhang K. An Image
De-noising Method Based on Stationary Wavelet
[J]. Infrared Technology, 2006, 28(7): 404-407
(Eaty. 256, %A BT PR/NEERIER
LWIrE[T]. UM AR, 2006, 28(7): 404-407)
Yuan Xiugui, Wang Jun, Huang Xiujian,et al. An
Improved Algorithm of Image De-noise and En-
hancement Using Wavelet Transform [J]. Jowrnal
of Central South University (Science and Technol-
0gy)» 2005, 36(2): 298-301 (& & #t, £ F, ¥ &
ML AR R TN Y — R Y R 2 R Bk
(). hr KM CE AR, 2005, 36(2):
298-301 )

Yuan Wencheng, Yang Dexing, Chen Chao. A Syn-
thetic Filtering Method for Restoration of Images
Contaminated by Mixed Noise[ J]. Microprocessors,
2007(4): T8-80CHEICM, WX, Wl HRIEA
WS Y — Rh 2 A DR B BR Ok LT ] RO BEAL.
2007(4): 78-80)

Hu Xiaodong, Peng Xin, Yao Lan. Study of Wave-
let Domain Gaussian Mixture Model with Median
Filtering Mixed Image Denoising[J]. Acta Photoni-
ca Sinica, 2007, 36(12): 2 381-2 385(HIIE A, ¥
#Z. W DB TR S AR A S IR SRR S
BIfG L M5 L)) e 724, 2007, 36 (12):
2 381-2 385)

Wu Youfu. A Adaptive De-noising Method Used to
Image with Mixed Noises[ J]. Information Tech-
nology, 2007(8): 76-7T7T({L L E. —FiIR &M
150 S g R k0], B HEAR . 2007(8): 76-
7

Hou Jianhua, Tian Jinwen, Liu Jian. An Improved
Joint Scheme for Image Denoising[ ] ]. Acta Photon-
ica Sinica, 2005, 34(11); 150-153 (f& @4, W4
3C, M. — R R SR A NN T 0] e
274 . 2005, 34(11): 150-153)

[17] Chang S G, Yu B, Vetterli M. Adaptive Wavelet



354 O SRR LT 2017 4 3 J§

Thresholding for Image Denoising and Compression Method for Estimating PSNR of MPEG-2 Coded
[J]. IEEE Trans Image Processing , 2000, 9(9): Video by Using DCT Coefficients and Picture Ener-
1 532-1 546 gyl J]. Circuits and Systems for Video Technolo-
[18] Wang Xianghai, Zhang Hongwei, Li Fang. A PDE- gy, IEEE Transactions on, 2008, 18(6) . 817-826
based Hybrid Model for De-noising Remote Sensing [21] Salman A G, Kanigoro B. Application Hiding Mes-
Image with Gaussian and Salt-pepper Noise []J]. sages in JPEG Images with the Method of Bit-plane
Acta Geodaetica et Cartographica Sinica, 2010, 39 Complexity Segmentation on Android-based Mobile
(3): 283-288(EAHIF, Tkt Ny, 2=k, EBREEE Devices[ J]. Procedia Engineering , 2012, 50; 314-
Wi 5 M ) PDE R & LM Ao (], M4 324
24k, 2010, 39(3): 283-288) [22] Ma Xudong, Yan Li, Cao Wei, et al. A New Image
[19] Wan Qian, Xue Ming. Mixed Adaptive Image De- Quality Assessment Model Based on the Gradient
noising Algorithm Based on Noise Isolation and Information[ J]. Geomatics and Information Sci-
Wavelet Thresholding[J]. Electronic Sci & Tech , ence of Wuhan University, 2014, 39(12): 1 412-
2011, 24(5): 94-96(J7 T, REML. JEFWR7H I3 B AN 1 ATSCE AR FA, W4, &5, — Fiog 9 FH 6
AN BIE B S N AR R A [T W R FEMEG M EETI]]. RN KREFER - F
2011, 24(5): 94-96) BRERR, 2014, 39(12); 1 412-1 418)

[20] Ichigaya A, Nishida Y, Nakasu E. Nonreference

A New Combination Filtering Method to Remove Mixed
Noise of Remote Sensing Images

ZHU Jianjun' ZHOU Jinghong' ZHOU Cui' FAN Donghao'
1 School of Geosciences and Info-Physics, Central South University, Changsha 410083, China

Abstract: Two layers of composite filter is a common way to remove mixed Gaussian and impulse noise
in the image. Such methods do not consider the interaction between the two different layers and the
shortcoming on the choice of filter threshold, thus the residual mixed noise is unavoidable, and filte-
ring process is going to smooth the edge details of the image, leads to image observation fuzzy. So this
paper proposes a method of de-noising that has three layers combination filter. Adaptive Wiener filte-
ring is added to the third layer based on the wavelet BayesShrink threshold de-noising and the adaptive
median filtering de-noising, this take the advantage of Wiener filtering in processing the noise when
the signal is high SNR(signal noise ratio). In order to reserve the edge details of image in the de-noi-
sing process, this paper also uses edge detection operator, therefore the details are retained and the
de-noising result is more sharpening. Experimental results show that the proposing method of triple
layer composite filter is better than two layers of filter in de-noising the mixed Gaussian and impulse
noise of remote sensing image.

Key words: de-noising of remote sensing image; combination filtering; BayesShrink threshold; adap-

tive median filtering; Wiener filtering; Gaussian noise; impulse noise
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