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Abstract

To address the difficulty of solving non-convex models for impulse image denoising, this paper pro-
poses a Difference-of-Convex (DC) algorithm based on the Bregman distance, abbreviated as the
BregmanDC algorithm. Although non-convex models can more accurately characterize image priors,
optimizing them presents significant challenges, including high computational complexity, slow con-
vergence, and a high susceptibility to getting trapped in local minima. To overcome these, we ingen-
iously introduce the Bregman distance into the DC programming framework. This effectively improves
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the well-posedness of the subproblems, transforming them into more tractable convex optimiza-
tion problems. Furthermore, we demonstrate that the classical DCA is merely a special case of our
proposed BregmanDC algorithm. Additionally, to address the non-smooth subproblems encoun-
tered during the solution process, we leverage the properties of convex conjugation to design a
dual-based augmented Lagrangian algorithm, achieving fast and stable resolutions. Numerical ex-
periments validate the effectiveness of the proposed algorithm. The results demonstrate that, un-
der varying intensities of salt-and-pepper noise, the BregmanDC algorithm consistently outper-
forms the baseline algorithms.
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Figure 1. Test images
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PSNR/SSIM/AEA R %

EAFRBIE RN, ESANEAEGREREN R, DCA fl pDCA Sk, AT BregmanDC
SAE PSNR AT SSIM X Wi I F br 3 i T2 e S, IR H MBIk RO g B, ARSI /D T 2R e 5

o RRWIASR M I FVEACLRERT RN 2 BRI, ARG B2 T R L R RS Ao L - et
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Table 1. Performance comparison of image denoising algorithms with g, regularization

1 BRIA g, WERERERIIL

B Mgh 75 5 i BregmanDC %3 DCA pDCA
20 35.93/0.9651/181 34.62/0.9457/248 34.87/0.9489/201
Lake 50 30.22/0.9016/254 29.46/0.8811/320 29.73/0.8846/273
80 24.73/0.8019/372 24.06/0.7182/423 24.47/0.7284/390
20 39.16/0.9754/182 37.97/0.9653/196 27.84/0.8038/384
Lenna 50 33.47/0.9271/251 32.74/0.9149/271 33.01/0.9183/268
80 28.11/0.8175/365 27.52/0.7963/385 42.34/0.9889/201
20 42.43/0.9890/200 42.27/0.9888/203 42.34/0.9889/201
Pepper 50 36.47/0.9647/280 36.23/0.9668/302 36.28/0.9642/285
80 29.70/0.8867/406 29.18/0.8869/471 29.48/0.8833/420
Table 2. Performance comparison of image denoising algorithms with g, regularization
2. BMIRIA g, BEIREBRERIIEE
cha PR 7 8 BregmanDC i DCA pDCA
20 32.85/0.9140/213 31.57/0.8925/210 32.16/0.8981/195
Lake 50 28.21/0.8363/312 27.30/0.8083/298 27.82/0.8182/284
80 22.89/0.6517/482 22.24/0.6222/445 22.79/0.6369/424
20 35.94/0.9410/215 34.58/0.9254/213 35.01/0.9275/199
Lenna 50 31.43/0.8837/306 30.61/0.8651/295 30.97/0.8709/285
80 26.49/0.7535/470 25.83/0.7337/443 26.21/0.7377/421
20 41.13/0.9850/231 40.58/0.9835/229 40.85/0.9841/229
Pepper 50 35.28/0.9542/343 34.47/0.9468/328 34.85/0.9483/326
80 27.97/0.8524/532 27.15/0.8362/485 27.71/0.8420/483
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Table 3. Performance comparison of image denoising algorithms with g, regularization

% 3. WIRUUA g, WEIGKIRLEERITEL

KR W 7 5 B BregmanDC $7i% DCA pDCA
20 36.01/0.9651/201 34.18/0.9370/202 34.59/0.9413/190
Lake 50 30.23/0.9023/294 29.08/0.8654/290 29.40/0.8715/275
80 24.73/0.7507/447 23.67/0.6886/426 24.02/0.7018/409
20 39.12/0.9742/201 37.34/0.9575/201 37.73/0.9602/196
Lenna 50 33.40/0.9275/289 32.28/0.9039/283 32.56/0.9073/274
80 28.06/0.8147/432 27.14/0.7774/419 27.41/0.7848/408
20 42.33/0.9883/216 42.05/0.9879/216 42.10/0.9879/216
Pepper 50 36.46/0.9641/317 35.97/0.9608/314 36.05/0.9608/312
80 29.65/0.8865/493 28.81/0.8684/468 29.02/0.8699/462

e 3 £

(b) BregmanDC #.% A

(d) pDCA

(a) BeFE P A
Figure 2. Denoising results of different algorithms
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Figure 3. Convergence curves of different algorithms under various regularization functions
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