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Abstract

Obtaining a clear image from a given blurred image is the non-blind image deblurring when the
blur kernel is known. The methods based on total variation regularization are effective in various
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image deblurring models. However, the traditional total variation regularization methods have
the staircase effect, which makes the edge details of the restored images not clear enough and af-
fects the restoration effect. Making use of the advantage of the sparsity of high-frequency images
after wavelet transform, this paper designs an image restoration algorithm combining wavelet
transform and fractional-order total variation regularization model, aiming at restoring medical
images with Poisson noise. We used the Alternating Direction Method of Multipliers to solve our
model. The proposed algorithm is compared with RLTV, FOTV and BM3D algorithms. Experimen-
tal results show that the proposed algorithm is superior to the above algorithms in terms of peak
signal-to-noise ratio and structural similarity index.
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1. 5|15

BE B 2 UG AR T R, B R AE I PRAZ W 0GR w0 S R ARV o T 1 28 K 5
REEIR 4GSR 5| A AR M P AR, AR AR S B MBS O R R FE IR AL . M S NSO IR AAE 2 T 808
BT E R R T, XS EUR I BT FH2 W SRS FIRZmE . PRL, o 2t A PR A 25 B ASERl
AN i CL28 JlioA PE A5 A B AT 1) B EATT 50 R, of 5 2 PG B 4R TH A Bh R S R AR it B %
O S, BRI RE T DA A B BU(PSF) SRR AE, Wi PSF LA, A4 M A AR Al 75 1 B rp
JREGRRAEEE 2800, Wi PSF AR AN 2B LB .

FRSN 2 va AN S A ), AT DA SE I S FH SR SR A B SR A S I DU TR A ke BB T R R
ARGV M HBAT Z RS E R AR —, Rudin 28 A [11E K/ MEIERLI, 58 EIEK
WGEAER, iR B R 7 2R B E, 1R2 EEE R Tk R A B ok fe
T3k . Richardson [2]F1 Lucy [3175 F& FHGARA 145 DL~ XA FA R S MG EAT IR, FEH T —Fh 3T X0 5o
SRR R IMEBI EZMEEIERLTV), 2 ERGIN TG &, B B E R R 2] T T Z KR
Ho BT RER GRS, ZEEELTLGENRSE BRGNP I I, SCER[4]H
A7 5y B MR A D LN S 56 SRR I A P 75 TG 2 SR I R, 122 75V A 25 Ik M 7 R B 0 25 1) [
I, YD T A AR Sy I Ak A PR A X 3R A B RS

FI /N e Ja A UG B AT AR (R AE , VF 2 TN GUR /N A 4 5 A8 oy M 4G A kAT R R
J&,  BIAnTESCRR[S]H, R K XU B /N AR 3R | Y B E A RR BRI R I, $2 08 T WIRME IE IE AL 2501
it ik, ESEREARR . U, Zhang S5 N [61K/INEHELLAN I YuEOE A IE AL Tk A7 45
SR, ER ) BRI E,  SRAFE R LRI, F. Luisier 25 A[7] [8] [913 H T AEI%AR I ZEH08 J7 32
AT E RS AN RSO IR, %75 R GRS BRI IS R B LS, IS5 R 3L
HH AE G IR AN N AT e A 2%, B 5 FH TG IR A T R AR AL B A 1 R B 27 RO AE SR T A2
AT B, TR AR UK.

ST XA (TGV) [10] [1118150 k4238 73 (FOTV) [12]2 428 /3 s 5y, Wi PRy, (=
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AL MR BEREAT 1 B S0 RAIE BT 32 H 7 ¥R AE 25 B R Mg 7 R vy S ASORY) D 5207 T A
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WICFIME, TR g T, o2 Rulii%, ol R lhiE. o=(kL) . o = (kL) R4HRE
(%%, k =001, k,=0.03, L /2EEMBhANE. WA PSNR ik, BG5BT, SSIM
EBROR Ui P A2 iR S 5 T 22 e it R Ak SR I

PRl G HEAT ZBIALFE, T 5 RLTV [2] [3]. FOTV [12]. BM3D [17]=FhZ A8 773k
1T 1t

ASCHENLEE T MRIEHR A1) 755K 512 x 512 K/ Nisid F E1% (Image A, Image B, Image C, Image D,
Image E, Image F)3HTHUE S25, FIHEZ KN A 3 x 3 FIbRAEZE N 1 10 & O % DA % 06 (H 7K ~F (peak) 73 4]
A 200+ 255 F1 300 FJTARA M 75 X6k T PG AT I8 Ak o BEANIEAEGT N — AN A VA RA I 75, IE{E )N, 1
BAE R, LRI B A P

Table 1. PSNR values recovered by different algorithms under different levels of Poisson noise

1. FRIZEAMEE TARIEAS/RAY PSNR &

Peak = 200 Peak = 255 Peak = 300

Image Ours RLTV FOTV BM3D Ours RLTV FOTV BM3D Ours RLTV FOTV BM3D

A 3551 3464 3544 3498 3591 3498 3580 3524 36.21 3518 36.17 3542
3551 3440 3543 3483 3596 3471 3589 3505 36.27 34.9 36.24  35.27
36.53 36.05 36.46 3620 36.92 36.41 36.87 3642 3714 36,57 37.12 36.56
36.69 36.26 36.63 3634 37.22 36.61 37.18 36.64 3739 36.80 3736 36.65
3597 3512 3593 3554 3650 3547 3641 3573 3682 3579 36.82 3590
3556 3472 3550 3508 3611 3508 36.03 3526 36.34 3528 36.30 3547

m m O O @

Table 2. SSIM values recovered by different algorithms under different levels of Poisson noise

2. TEREBRIEE TARIEXERM SSIM &

Peak = 200 Peak = 255 Peak = 300

Image Ours RLTV FOTV BM3D Ours RLTV FOTV BM3D Ours RLTV FOTV BMS3D

A 0.9677 0.9662 0.9594 0.9617 0.9697 0.9678 0.9604 0.9684 0.9733 0.9718 0.9722 0.9712
0.9569 0.9538 0.9506 0.9521 0.9619 0.9596 0.9610 0.9577 0.9651 0.9645 0.9649 0.9642
0.9674 0.9624 0.9668 0.9650 0.9693 0.9691 0.9691 0.9687 0.9713 0.9725 0.9720 0.9749
0.9640 0.9604 0.9638 0.9502 0.9663 0.9607 0.9666 0.9627 0.9693 0.9614 0.9695 0.9635
0.9599 0.9530 0.9559 0.9486 0.9625 0.9616 0.9612 0.9622 0.9677 0.9662 0.9665 0.9667
0.9599 0.9522 0.9500 0.9402 0.9629 0.9616 0.9621 0.9618 0.9692 0.9667 0.9660 0.9672

m m O O @

M 1A 2 B R, A SCHIER R IEL R | PSNR 5 SSIM B4, £ PSNR HU{H )5 1
TR AN SO E ek PSNR R E LAt B3t 1.37 B, SSIM fE i th 0.02, 76K % $ifs
U REIL B AL RE -

ARSCIEHR T DY 5K S R UG A4S #r BEAT s, X B ORI &) 1~4 P, DURMS AL AR REAR 41
R EE . $H01E 1 Image A B, FRATTRIBE RS AT LLKSR B8 2 SCBE 24047, RLTV S it
JEE B )RR S T RN AR R BEXTIE] 2 oh Image B IR, AR SCREARLLE ] B AR T AN YT SR e R
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Figure 1. Deblurring comparison map of Image A at peak = 255

& 1. Image A 7EMEFS peak = 255 R AEHINTEL &

FA SR IR PR 5, TR A0 1T RO £t 1] 3 ImageC B8, BM3D HiE 5T R 46 Jid T,
AGATEN, NEERIFRIEGRE L. 64 TAM AL, FOTV BIEER X417, ACHEK
IH{REE T %85 B . 40 4 Image D E%, FOTV HyEMIATHITEREAER AR, A RIL R K
A—FE, 2 RLTV il FOCRE S, M3 e BT, R THAEE . BM3D Hikid i
TRIESEEE S . IR, AR PR 5 b e ST AR BRI g, fEASE e A

THMTRISE R

J & BLE ASCEE

VR B FOTV RLTV BM3D

Figure 2. Deblurring comparison map of Image B at peak = 255

2. Image B 7EMEFS peak = 255 B9 HERHIT EL B

MR

Figure 3. Deblurring comparison map of Image C at peak = 200

[&] 3. Image C 7EMZ 7S peak = 200 BYEAEIXTLE B
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R B FOTV RLTV BM3D

Figure 4. Deblurring comparison map of Image D at peak = 300
4. Image D #EMEFE peak = 300 Ry AEHIRTEL &

5. &g

ASCBC TN 5 0 B AR R 4 A I DR BB R R, T MR it 46 i
DI BB R IRBATIE T RN e moli B G AT R PE AR AL, Sk R AT N AR e, AR5
BB AR L, ATV RO L BRI RAMR A o A S U7 [ afe it B T BEAT R AR, AT
5 H S T PR o SRR BT, BRATIHR (0 5 R AE R L ST A TR R 7 A RR 55 T B A AR K T 7T
RAKE 5 R INEARE GRS, REmisHAE.
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