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Abstract

To address the problem of image restoration under Poisson noise, this paper designs a restoration
algorithm based on mixed gradients and sparse priors. The algorithm model employs the Kullback-
Leibler divergence as the data fidelity term, effectively suppressing Poisson noise. On the regulari-
zation term, overlapping group sparse regularization is used to constrain the first-order gradient
of the image and L1 and LP norms are used to jointly constrain the second-order gradient of the
image; the algorithm model is solved using alternating direction method of multipliers, minimiza-
tion method, and iteratively reweighted least squares algorithm. Experimental comparisons are
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conducted between our restoration algorithm and three algorithms: FOTV, HTVp-0GS, and P-
HONOGSTYV through experiments. The experimental results show that our algorithm outperforms
the above compared algorithms in terms of subjective visual and objective evaluation indicators
such as peak signal-to-noise ratio and structural similarity.
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Figure 1. The clear MRI images used in this experiment
1. ASCSEIEfE R RYEMT MRI Ef&
DOI: 10.12677/aam.2026.159378 119 IV RV &t


https://doi.org/10.12677/aam.2026.159378

Hit, R

N T B AIE R ) SRR A X 5 A RA R S AR LR R I BE AR SCHE A T ) MR 24 48
AL 6 TRER (AL 1B, IC. ID. IE. IF)#HTHAMG E . EBUGEUE LI 1. A Rsmi i i) seisy
FE{E MATLAB R2020b _E#k1T, H H i & N Windows10, Intel(R) Core(TM) i5-6300 HQ CPU @ 2.30GHz,
DA O SEBG PR 58 58 4 AH [F]

4.2. GREVNTENIEIFEM SR E

AT B R AR SCRE AT AT, A SCAT F U8B 5 1k LE (Peak Signal-to-Noise Ratio, PSNR)FH 45 14 #H AL
J& (Structure Similarity, SSIM)-5 % b A5G (AR Y SEyk AT BUE XS L, BRI A SCHE H SRR AT 1) &2 ik
fE. PSNR {HBk R n & R 45 R G UR B ARG, BMEREBkT; SSIM H s i i 57 )5 45 R ENE 5 I

G T EUE R R .
PSNR & X H:
255>
PSNR(Ly)—lobgm(iﬁi;ydB) (22)
SSIM 5 SN :

(Zyx,uy +Cl)(o-xy +c2)
(yj + 0 +cl)(af +0, +c2)
Horb x FoR IR H R BIEE, y FORRMEMEIR:  u v u, 20308 x Ay B RU3ME, &
MEEMR ISR o) Mo RIS x Bl y 7528, IRWOLLRE; o, Rom A x Fly BRI 22, IRBRES R

FRAE: o Mo R HOW, sy BN 0 TGE s MSE RoRiy iz, HREAA

MSE =~ 53 (/) - (0. /)] (4

i=1 j=1

SSIM(x,y) = (23)

KH H A W RoR BRI RS AT 5O 31 4.

FANEFE FOTV [7]. HTVp-OGS [13]. P-HONOGSTYV [14] =M B LR A ST BT EL s, wof bk
PRI AR AL ) S TS B 25 AL B R 25 IR B AR, AT 3E— 20 2 SR AR SCHRE H 1) SR 28 g T
AT VERISZER N L AP PE . BT RS Th AR UL SR RE RSN 50 iz 1 s o A T
RO S 10, e BUEAE 7K - (peak) 20 5 200+ 255, 300 FIAH L T AR INIARAME B o A SCH HY (R By A Y
R SE p « w, EEUE 0.01~0.15 217, HERH y EENO.1.

43. EWERS S

T 0 I A B UE AR SO H SRR T AT A, R EGH A BUR 4 BITE AR peak BN 1 R 45 Rk
1T EMAL XS L, ERREE A T A REREGATT R EEEN . B 2 BR T 1A 1E peak =200 B 1) 5 J5
SEIRNTLE, 3 IR T IB TE peak = 255 B RS Fxtth, [ 3 /R T IC 7E peak = 300 I [ & Ji 45
FXFE

3 M 49057 6 IEEUGAE =Fb peak (200, 255. 300)fE FIBALIEIL, FEA SO L6 52
NEJEJE 1 PSNR I SSIM WA 455, 45250 1B R 45 AR bR AR 12 -

N T AR LE A, BRSO A M REBOVTEAS SE N A THIFE 2 5 HPid T A B P I8I8 4TI R . A
SCHE I A LE BRSO SR BT A B T3 A AR

M 20 3. E 4 TLOER R, ASCHEH R T IR A6 S5 50 0BG B IR Jo & A E AR

DOI: 10.12677/aam.2026.159378 120 I3RS


https://doi.org/10.12677/aam.2026.159378

i, RE

FEYAFAME 75 R AL MR AT DL ROt AT B IR, B R LU T oAt 3 Fons BLaste S5 S it 40y
FUAORBE KRR, BBREE ROV E, ERGE R SR A EEZR R RE, [R50
B AH LA, ASCRE AT LA R Dy sz 10 7= A

M 30 3R AKRE, AR SR ERA B DU SL 50 45 RS R T bk, R HHIT, AE
PN AR BRI 0T EE e (1 2 PP AN FE A

TR BELEASEEd

CHR[7] SCHR[13] SCHR[14]

Figure 2. Comparison of restoration results of various algorithms for IA at peak value of 200
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Figure 3. Comparison of restoration results of various algorithms for IB at peak value of 255
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Figure 4. Comparison of restoration results of various algorithms for IC at peak value of 300

& 4. IC TEIE{E peak =300 AR E X E R R XL E

Table 3. PSNR comparison of restoration results from various algorithms

3. REKERLERA PSNR XfEE

Peak =200 Peak =255 Peak =300
Image [7] [13] [14] Ours [7] [13] [14] Ours [7] [13] [14] Ours
IA 3690 37.13 3739 37.62 37.17 3726 3738 37.89 3731 3735 37.60 37.99
1B 35.09 3558 3543 35.59 35.26 36.08 3585 3610 3590 36.10 36.01 3645
1C 3746 37.60 37.56 37.62 37.62 37.88 3780 3797 3787 3792 37.89 38.01
ID 36.59  36.65 37.63  36.69 36.99 37.03 37.08 3712 37.02 37.18 3721 37.28
IE 3237 3240 32.62 3245 32.60 32.83 32.68 32778 32.73 3288 3286 3291
IF 27.05 2720 27.14 2725 27.18 2733 2735 2739 2726 2734 2758 2755

Table 4. SSIM comparison of restoration results from various algorithms

4. REKERLERA SSIM Stk

Peak =200 Peak =255 Peak =300
Image [7] [13] [14] Ours [7] [13] [14] Ours [7] [13] [14] Ours
IA 0.927 0954 0928 0956 0916 0.954 0924 0958 0.909 0.948 0921 0.959
1B 0.939 0942 0940 0.940 0.919 0.945 0.945 0946 0932 0944 0.941 0.947
1C 0.950 0.960 0.957  0.962 0.952 0.961 0.959 0963 0957 0.961 0.960 0.963
ID 0.941 0951 0948 0.952 0.943 0.951 0.952 0954 0946 0953 0.952 0.954
IE 0917 0921 0925 0923 0917 0928 0925 0929 0920 0930 0.927 0.931
IF 0911 0912 0912 0914 0914 0916 0917 0919 0914 0918 0921 0.920
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Table 5. The average running time of each algorithm

5. EREERTFNEITRE)

Peak =200 Peak =255 Peak = 300

Image  [7] [13]  [14]  Ours [7] [13] [14]  Ours  [7] [13]  [14]  Ours

1A 2384 62.15 38.03 60.85 28.42 64.03 3642 61.69 29.13 7192 36.72  62.74
1B 19.69 42.64 2542 42.03 2037 43.06 2632 42.05 20.14 51.06 25.63 50.28
IC 20.25 53.17 2535 53.83 20.21 55.31 2631 5492 20.13 5579 2659 55.50
1D 20.02 3848 3045 3715 20.29 41.07  30.77 39.17 20.04 5328 30.81 50.80
IE 17.82 41.89 2323  40.70 17.87 4098 2187 4042 1689 3781 2085 37.21
IF 3070 9029 45.02 81.89 3045 78.62 4478 81.64 3024 76.64 44.02 81.44
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