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Abstract

Impulse image denoising is a critical challenge in image processing, with its core difficulties lying in
the sparse distribution characteristics of noise and the non-convex optimization dilemma of traditional
models. To address these issues, this paper proposes a two-stage optimization method for impulse
image denoising model. First, by constructing a surrogate function for the /, penalty through the
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combination of continuous concave functions and absolute value functions, we establish a novel im-
pulse noise denoising model. This model retains the ability to represent sparsity while avoiding the
NP-hard problem by using non-convex continuous function. Furthermore, based on Fenchel transfor-
mation, the original non-convex problem is equivalently reformulated into a bi-variable optimization
model. A new two-stage optimization framework with an outer-inner loop architecture is developed:
the outer loop adjusts the model of the inner loop via closed-form solutions, while the inner loop em-
ploys a dual Alternating Direction Method of Multipliers (ADMM) to efficiently solve the non-smooth
core subproblem. This design generates a sequence of convex optimization problems through an al-
ternating optimization strategy, ensuring that the solution sequence progressively converges to the
optimal solution of the original model. Experimental results demonstrate that, compared to traditional
denoising models, the proposed two-stage method exhibits lower dependency on specific sparse func-
tion constructions and achieves superior performance in noise suppression and detail preservation.
Additionally, the proposed algorithm is easy to realize at the engineering level, providing guarantee
and support for large-scale image processing.
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TV IEMAL TS JE ™ P4 B3 4554 {2 (Smooth Clipped Absolution Deviation, SCAD)#E S DiAH4E &, 12
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Table 1. Sparsity-inducing function g([v|) and corresponding concave dual g"(q)
1. BIREH g (|v)) R EMIE ¢ (g)

e () B g (v) I g (q)
q -
. ——1, Fo<g<
& () = minfa 1) gm: 2 15a
0, Hqg>a.
1+lntq —t-q
<1/t;
& (M) = In(L+ ) I+in(l+a) HO<q<lft;
In(1+a)
+iq>1/t
#q=0;
g3(‘v‘):1_eiaM , #i0<g<a
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d\d . —i+2 1—1, #H0<g<a;
(|V|):1+L||v| g4(q)= o a 1=
0 FHq>a
& (M) = g;(q)z-ﬁ((aﬂ)q)"/“,q>o.

7 ﬂiﬂPt:ln(l+a)/a .
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|
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AEIN: 317517 (Mean Squared Error, MSE) R4 2 R FLEE, WEEAE {5 LU (Peak Signal to Noise Patio, PSNR)

VPGPS H B8 7, 25 A AR AU (Structural Similarity, SSIM) A4 G 2544 56 M DU /R B010% 1) MR I S 2

DOI: 10.12677/aam.2025.145248 203 I3RS


https://doi.org/10.12677/aam.2025.145248

HAK
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Figure 2. Test images with pixel sizes of 512 x 512
E 2. LaEE, GERTEHR 512 %512

(e) pepper

L2 HI T AFSVER BN RAR S L EE R, R A EAETR AR KUY PSNR. SSIM Al MSE. % E 2
ik g A B REALRFE T s TS 10 JOMSZ SEIR T MBS, Herp DAL tbn i R S5 2 1 T e fi
fabr. RIS HLARWT, ARSCHR KR BB £ VA 2 BRSO AR T AR B A B B B R AL S
IERE S TSR Ay A R P R = S TR B el 5 K

Table 2. Comparison experiment of pulse image denoising (SP noise)

% 2. BOREGR ARSI L SII0 (MBI FE)

KGR

XU BT i

TVII

10TV-PADMM 51

TVSCAD #y%

30
50
70

pepper

37.54/0.9831/2.6E-05
34.59/0.9663/3.6E—05
24.82/0.8098/1.1E—04

26.96/0.9823/2.7E-05
26.78/0.9575/3.7E-05
22.66/0.7937/1.1E—04

34.77/0.9827/2.6E-05
34.26/0.9617/3.7E—05
25.13/0.8076/1.1E—04

34.15/0.9814/2.7E-05
33.27/0.9568/3.7E-05
23.74/0.7972/1.1E-04

30
50
70

pirate

32.61/0.9591/4.6E-05
29.28/0.9119/6.7E—05
26.29/0.8293/9.5E-05

20.51/0.9490/4.7E-05
24.61/0.9050/6.8E—05
23.70/0.8222/9.5E-05

30.71/0.9564/4.6E-05
26.47/0.9139/6.8E—05
25.26/0.8290/9.5E-05

27.02/0.9499/4.7E—05
25.29/0.9109/6.8E—05
23.32/0.8275/9.5E-05

30
50
70

lenna

38.53/0.9736/2.3E-05
34.99/0.9470/3.5E-05
31.46/0.9006/5.2E-05

32.11/0.9560/2.4E-05
28.48/0.9333/3.6E-05
22.18/0.8926/5.3E-05

31.41/0.9661/2.3E-05
28.37/0.9442/3.6E—05
24.68/0.9024/5.3E-05

31.88/0.9634/2.4E-05
27.96/0.9393/3.5E-05
24.32/0.8999/5.3E-05

30
50
70

barbara

29.53/0.9452/6.5E—05
26.71/0.8884/9.0E—05
24.82/0.8098/1.1E-04

23.83/0.9267/6.6E—05
21.01/0.8843/9.0E-05
21.24/0.8026/1.1E—04

27.95/0.9374/6.6E—05
24.78/0.8861/9.0E—05
22.63/0.8096/1.1E—04

26.13/0.9311/6.6E—05
24.22/0.8875/9.1E—05
22.38/0.8057/1.1E-04
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30 31.24/0.9471/5.4E-05 23.66/0.9379/5.5E-05 31.27/0.9404/5.4E—05 30.17/0.9405/5.5E-05
walkbridge 50 28.00/0.8828/7.8E—05 23.31/0.8785/7.8E-05 27.10/0.8813/7.8E—05 26.23/0.8781/7.8E—05
70 25.21/0.7695/1.1E-04  20.04/0.7646/1.1E-04 25.58/0.7684/1.1E-04 23.95/0.7678/1.1E—04

TE: EhRri% PSNR/SSIM/MSE HE#1

Kl 3 LAEIG “walkbridge” A1, 7R T S0%HLER 7 i3 44 T MG R AR AT LG, Hob(a) R 46 ]
B, (b)) YR, (o) AR SCHR HE ISR B HE SRR A AU ¢, M AR AR MR S 25 1, (d)~(D 4 AR
TV ¢ MR, £, TV-PADMM 5% & TVSCAD Skt 3.

L X

Figure 3. 50% salt and pepper noise denoising results and details
3. 50%HI LIRS KRG R TS

BEAh, 1 4 B FEIR T AN [R) M i bR B0 2 1) 25 MR B AE XU B AR A HE SR T 3E 1000 VRIEACE B () g
PRACH 2L, DAIGAIE T4 HH SR i Bl

10* 10* 10*

10° 10! 102 10° 10° 10t 102 10° 10° 10! 102 10°
@) g, (b) g, (© g
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Figure 4. Energy function curves of different sparsity-inducing functions under two-stage optimization method
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