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Cauchy Distribution NSST-HMT Model and Its Applications in Image Denoising
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Abstract  With the rapid development of science and technology, as the carrier of multimedia
communication, the application of image in life becomes more and more extensive. Due to the
external or in situ imaging system, the image produces a lot of noise during the transmission.
These noises not only affect the visual effects of the image, but even change the content and quality
of the image, which cause great interference in image segmentation, image retrieval, feature
extraction and other subsequent digital image processing operations. The purpose of image
denoising is to filter out the noise from the noise polluted image and get the original “pure”
image, but it also need to ensure that the image of the internal edge and texture structure are not
affected too much. In the past few years, the method of image denoising based on the wavelet
transform has been concerned. However, although the wavelet transform represent the singular
points of images very well, it can not capture the line singularity of the high dimensional signal

and the abundant texture information and direction information in the image effectively. In order
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to overcome the above weakness of wavelet transform, other multi-scale analysis tools, for instance
Shearlet transform, Bandelet transform, Ridgelet transform, Curvelet transform, Contourlet
transform and Directionlet transform, etc. , have been proposed in recent years to provide a better
representation for the high dimensional singular features of images. Further more, it is a hot issue
that how to represent and correlate the image subband coefficients of these multiscale geometric
transform effectively. As an important multi-scale geometric analysis tool in the post-wavelet era,
Shearlet transform has a good directional sensitivity and anisotropy., and it is a near-optimal
sparse representation of multidimensional functions. The Non-Subsampled Shearlet Transform
(NSST) maintains the property of Shearlet transformation and also has a translation invariance,
which plays an important role in image processing with rich texture and detail information. In this
paper, we first analyze the PDD(Probability Density Distribution) of NSST direction subbands,
and obtain the sparse statistical properties of the coefficients and the validity of using the Cauchy
distribution to fit subband coefficients. Secondly, after analyzing the joint probability distribution
of the subband coefficients between the NSST direction subbands, the persistence and transfer
characteristics of the subband coefficients in the direction are obtained, which determines a tree
transfer relation between NSST subband coefficients. On this basis, an NSST domain Hidden
Markov Tree Model based on Cauchy distribution(C-NSST-HMT) is proposed, which can better
reveal the same scale sub-band and different scale sub-band the correlation between the coeffi-
cients. Furthermore, the proposed C-NSST-HMT model is applied to image denoising to achieve
a good denoising effect. Compared with the denoising method based on NSCT-HMT model, after
adding the noise with the variance of 30 and 40, the PSNR of the image after denoising increases
by 1. 995dB and 1. 193 dB on average. Especially for the image with rich texture and detail, the
proposed method can effectively remove the noise, while retaining the edge and texture details

information of the original image.

non-subsample Shearlet transform; hidden Markov tree model; NSST-HMT; Cauchy

distribution; support vector machine; image denoising
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E[J",./:., ‘y,./:., 7€(FVSST’HMT*J ,Sj_/:., ] - X Viikiie

P(Sj,k,; —m ‘ yj/.kd »OcnssT-HvT— ) X

> Ok
" OGO
Step8. FIH ELa; i | 37 »Ocnsstumr . )T 3RS 25 B2
& x i) NSST A 1 Z 4, #F 138 1 335 NSST 345 2 W & 45
4.3 XW5HH
T I T A AR B AT RO AR ST TR
B E S e b NSST iy F R BEZ R,
75 18] BE I 28 4y ) % FH B 2 ¢ dmaxflat7’ 1 ¢ maxflat’,
IG5 R 3 2 & T2 M T 800 3k 2.4 Fn 8,
G B I 10 B053 5 R 16,3264, LB M Matlab
R2009b. )i 1% % B T North Island, Shedao,
Lena,Cameraman PUIig &% . H//NK 512 X 512.
%2 45 T EI%“Cameraman” i@ i EM & :9)I

% 2 C-NSST-HMT 1& 5 5 %

X ok

k=1 k=2

State 1 State 2 State 1 State 2

Pira 0.7139 0. 2861 0. 7507 0.2493
Avis State 1 0.9647 0. 0002 0.9652 0. 0626
o State 2 0.0353 0.9998 0.0348 0.9374
Asos State 1 0. 8934 0.1285 0.9244 0. 2806
State 2 0. 1066 0.8715 0. 0756 0.7194
Y.kl 1. 3631 9. 4599 1. 2006 14. 6028
01,51 2.0447  14.1899 1.8010  21.9043
Yokl 1.5002 4.4932 2.3919 7.2362
02.k,1 2.2503 6.7398 3. 5878 10. 8544
VERE! 0.2160 1.1934 0. 3232 2.0307
03,51 0.3240 1. 7900 0. 4848 3.0461
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SR R4S AT J5 1) AN ) RUBE T 565 — 4> 7l i
RIS, Horh S8 AR AR 2 2 40 WU 43 3 3R RUEE
75 ) Rl

HE— 20, 38 3k 75 G B A [ W 7S AR Y
$oir 1R R R B 5 TR AR B 2 R AR L R T WA A TR 1L
(PSNR)VE 25 M 4O R 09 PE 48 4 5 1 — 20 S A OC
) HMT #ALJE4T 7 XF L, A5 NSCT-HMTH |
BLS-GSM® NL-Means?? . BM3D"28,

e 3 T Xl s A A5t o A ] A B MR A )
WP (R PSNR EHCACNEOL. 3 4 4h T AR 8%
JTE R X e N SE B GE i 45 2R W] LA L . A SR
H A9 2E T C-NSST-HTM 2R ) 25 M 530 3% it e
T L W5 R B PSNR 1535 — & 72 B 19 32 7 - o 2
A 1,995 dBs WE L B IS L& - BR 1 B AR
T NSCT-HMT J5ik4h . 5 HE = J5 3 A1 Lo g A

P

£ 3 FAEKRBEIREFER PSNR XL

o W 7y 2 PSNR/AB

I 75 A% NSCT-HMT BLS-GSM NL-Means BM3D Proposed

15 24. 60 27.73 30. 36 27.30 29. 89 30. 82

20 22.09 27. 36 28. 95 26.92 28. 86 29.67

North Island 30 18. 60 26. 46 27.04 26. 21 27.17 28. 06

40 16. 09 25. 44 25.77 25.27 25.46 26.50

50 14. 15 24. 34 24. 83 23.94 24. 87 25. 36

15 24.61 30. 75 32.58 30. 14 32.31 33.38

20 22.10 30.53 31.56 29.75 31.45 32.43

Shedao 30 18. 60 29.91 30. 14 28. 94 30. 11 31.10

40 16. 08 29.16 29. 38 28. 82 29.49 29. 60

50 14. 15 28.32 28. 46 27.96 28.19 28.53

15 24. 60 29.77 33.67 28. 80 32.59 33.95

20 22.13 29. 54 32.40 28.53 31.49 32.72

Lena 30 18.58 29.09 30. 60 28. 04 29.76 31.10

40 16. 09 28.43 29. 33 27.29 28.92 29.50

50 14.13 27.63 28. 34 26.57 27.98 28. 46

15 24.61 28. 24 33. 36 29.13 33.32 34.58

20 22.11 27.99 31. 44 28.92 31. 14 32.96

Cameraman 30 18. 59 27. 86 29.93 28.70 29. 25 31.14

40 16. 07 26. 98 28.97 27.94 28.98 29.18

50 14. 14 26. 31 27.73 27.33 28. 06 28.13

R4 TRABBXIEFENESITHRER L

(${j S)

1% NSCT-HMT BLS-GSM NI.-Means BM3D Proposed
North Island 403. 15 8. 37 4.95 10. 08 15. 30
Shedao 411.07 9.12 5.07 11. 35 16. 71
Lena 381. 86 8.03 4.61 10. 13 15. 06
Cameraman 402. 55 8. 45 4.76 11. 26 16. 31

8 45 th 1 AT AE R 7S 7 22 T 30 T
M 7 OO T A A TR ARE T g 2 I 45 R 1] 9 & North

Island G R 38 XIOBOR 2 775 19 45 5 i W5 R
MR R TUE X T RARZQEFER 54
T SR SR A B AR S AR R MR IR AN L RE
A R F BRI i HL AL 1B R R 22 3 G M S0
AR RFAE AT B T ARG A PR B

BEAh, 365 45 T A SCHT i I XL Sk
SERAH KT 1 KM LU PEGE T2 5L o WPT
N — 3T SO o A I ST SR D0 A 3 L/ A
B 25 e J5 1, DST Sy — Bk F 25 i Shearlet 42

®5 FREZFEEMERH PSNR T

K2 W gy 2% PSNR/dB
s 8 75 [&] (% WPTL2] DSTL30] NSTLEL EST-HMTL32) Proposed
20 22.09 30. 55 30.71 30. 87 31.25
30 18. 60 29.12 28.69 29.01 — 29.12
Boat
40 16. 09 — 27. 44 27.63 27.73
50 14.15 25.91 26. 45 — - 26. 41
20 22.10 31.78 — 30. 03 29.51 31.99
30 18. 60 29. 82 — 27.84 27.42 29.78
Barbara
40 16. 08 — — 26.33 26.01 28.16
50 14. 15 26.11 — — 26. 38




11 4 FAIHE . 3T Cauchy 47 9 F SR RE Shearlet HIMT BT % 3 1% 22 Wt i J1 2505
(5
o Wty — __ PSNR/B ,
I 75 R % WPTL29) DSTL30] NSTE31 EST-HMTE32] Proposed
20 22.13 — 32.51 32.75 31.82 32.72
Lena 30 18. 58 — 30. 59 30. 84 29.74 31.10
40 16. 09 — 29.15 29.41 28.52 29.50
50 14.13 — 28.11 — — 28. 46
20 22.11 30. 75 30. 27 — — 31.08
Goldhill 30 18.59 28. 77 28. 60 — — 29.76
40 16. 07 — 27.43 — — 28.13
50 14. 14 26. 82 26. 61 — — 27.07
20 22.11 — 32. 44 32.17 — 32.78
30 18.59 — 30. 48 30. 59 — 30.76
Pepper
40 16. 07 — 29.11 29. 31 — 29.50
50 14. 14 — 28. 06 — — 28.52

North Island

G ER
NL-Means

NSCT-HMT

z
¢
N
2
)

Proposed

T Tr) 25 W 5 i 1 25 MR PR (5 0 L
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BLS-GSM

Proposed

Bl 9 North Island H Ja 3 IX 3800 K 2 4% 1) 2 e [ 45 % 1

o 1) B [y 1 o NST Sy — Fft 3 F 55 H0OR 7] 43 15
Shearlet A8 1 2= M7 ¥, NST-HM TP J& — Fp 3
T Shearlet 722 i , I 1| F g 397 1R 5 A6 250 ) 722 46
RECGHAT BRI R 20 05 k. NG5 /v LA
Hh s BRI R AN A B0 A A ST v 1 25 M SO 8K
HoAt VU Fh 7 2 X9 — e R RS

5 H#RiF

AR e X AE T RAE Shearlet A5 4 5 1] T4 &
B AL 2R 8 B A A AT R SE L AR AR Tl 9 NSST &
BOEA Al AR o3 A R L R R = S i
G5 KB X F NSST F 47 & %, Cauchy 4 i
GMM HA B4 1 [ 38 B AL A R0CR s o T —
HoAE R NSST 4 [ 9 R A & X NSST 424 &
BOHATEC A GEiT 50 BT - 3543 NSST F A A R 4r 1)
Frel e MR R 4598, NI il T NSST 17 &
R A F R R 7. IR H ARy NSCT 2 %l iy
LR R HE— R  —F R Cauchy 43 i R
PG NSST Faff Z A NSST Bt B /R A 5 Aif 455 7Y
(C-NSST-HTM) , 3 25 th T B8 i Y11 25 70 2 504 1
D5 % B BE E A %) ) NSST 2 501 45 1 - 10E
JHEA VB AL 55+ CNSST-HTM 2
TR E R R MR B A NSCT-HMT &
Mg 75 ok LA G 1 R MR AR L X 30 dB R R Ty 22 1

R %, M S A9 PSNR n] SE Y38 1. 995 dB, 78
F MR Rl o] A RO B R BRI LTS R XN &R
R B HE MR ) i 4k v FH 2S5 T LA
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Multiscale geometric analysis provides a sparse repre-
sentation for images. After the wavelet transform effectively
represent the singular points of images, the multiscale
geometric transforms, such as the Contourlet transform and
Shearlet transform etc. , have been proposed to provide a better
representation for the high dimensional singular features of
images, which can better capture the multidirectional edges
and textures of the image. The Shearlet transform has a good
directional sensitivity and anisotropy, and it is a near-optimal
sparse representation of multidimensional functions. The
Non-Subsampled Shearlet Transform (NSST) maintains the
property of Shearlet transformation and also has a translation
invariance, which plays an important role in image processing
with rich texture and detail information.

How to efficiently express and correlate the subband
coefficients of the multiscale transforms has become a hot and
The Hidden Markov Tree model ( HMT)

difficult issue.
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the coefficients in the NSST direction subband and the joint
probability distribution of the coefficients between the NSST
direction subbands; further, we proposed an NSST domain
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achieved a good performance in terms of both subjective and
objective evaluations.
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