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Abstract

In recent years, the application of deep convolutional neural networks in image denoising has
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attracted more and more research interest. However, for complex tasks, such as real noisy images,
ordinary networks cannot recover fine details. A dual denoising network guided by attention mech-
anism is proposed to restore clean images. Specifically, the network consists of four modules: Di-
lated Feature Extraction Block (DFEB), Dynamic convolution structure diagram, attention module
and reconstruction module. Feature extraction blocks with sparse mechanism extract global and local
features through two subnetworks. Enhancement blocks collect and fuse global and local features to
provide supplementary information to the latter’s network. The compressed block refines the ex-
tracted information and compresses the network. Finally, the reconstructed block is used to recon-
struct the denoised image. The network has the following advantages: 1) the dual network structure
has a sparse mechanism, which can extract different features and enhance the generalization ability
of the noise reducer. 2) Fusion of global and local features can extract significant features to recover
the details of complex noise images. A large number of experimental results show that the network
has a good noise reduction effect.
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Figure 1. Residual structure diagram
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Figure 3. Dynamic convolution structure diagram

3. BFSHREE

DOI: 10.12677/csa.2025.152043 162 HEHLUREE 5 R


https://doi.org/10.12677/csa.2025.152043

F#/

ARG BN BRI NER IS, sIEERAREREH BRI, MRRIEENTrEE )
HMEREZNIAT BRI, RAEATEINLR LA TE B RO E OL T B TR R B bk, e 3R TR i
MR AEASCH, WA SIS, RN IEM S A e e S S R A 2= R 1, I TT RENS S 4
Mo DX MR AT IS 5 o SIABIESBBULRER R € XA I B CR, 0T &P IPE XK, ShEEH
A DA B R AR AL M ROR s TR T 1A s SO X dsk, T DAOR B B LA 4070, 3E Sl RT3

3.2.2. ¥ IK4FAEIREUR

W 4, JiREIER B 16 2, §— 28 MBI N 3 IERZ conv, —MitEILARE
2 BN, —/MNBUGKREUE Relu. 5 1 ERIEE 16 ENIEH B, MEHZKGEEHTY %, 5 2R\
JEE RIS BRI R 2 k2] 8, 55 9 2 FI5E 15 Z MR 7 4K Ul M E) 2.

AN T B B B MU SR AN R 2% 2 A5 R, (AR 2235 A R 2% 205 B TS &, K8
1255 3 R g &1 NE 4 ZMN, B 4 2L 5% 6 ZNMILESENE T 2H
BN, BT ERETH S 9 ER G AN 10 ERA, K 10 EREH S 12 Bimibs A
TENEE 13 ZMfN, #5813 ZM%H 558 15 Z i 45 41E N5 16 BN .

IR, RN Z SRR (S B, B2 I O REE IRECE 2 (MR (5 S, T FLIERE
W2 PR AN R N 4 2 (45 BT S5 &, AT B 65 B 4 st 2 s 7

[
| ‘ Con Com Cln Com Con’ Con Conv Conv Cn‘rn. Con Con: Cilm Com: Com [
Com i -2 + + + + + + + + + + + i Con l
| - BN BN BN BN BN BN BN BN BN BN BN BN BN BN +
BN —» + —® + + = — = b = e b — & — ok ot — BN [
| -+ RelU RelU RelLU RelLU RelU RelU RelU RelU ReLU RelU RelU RelU ReLU RLU |
| RelLU + & + S a3 ReLU

Figure 4. Dilated feature extraction block
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EUEE NGRS . ST AR AR, FRATK XL R /3o 1,348,450 4> 50*50 [ IG5k
XFMRE, AEFELLT 5 M EEEE Nl 4E: BSD68 [11]. Setl2 [12]. CBSD68 [11]-
Kodak24 [13].
4.2. MRERE >
4.2.1. 7% BB &K
F 1~3 4 & ZARTAE BSD68 5 Set12 BN IIREE R4 R, SR BRI A kR .

Table 1. Average PSNR of different methods on BSD68, noise intensity 15, 25, 50
%< 1. BSD68 L AN[E] /574 PSNR, MREGEE 15, 25, 50

7 ik BM3D [14] WNNM [15] EPLL[16] MLP[17] CSF[18] TNRD[19] DnCNN [3] IRCNN [3]

c=15 31.07 31.37 31.21 \ 31.24 31.42 31.73 31.63
=25 28.57 28.83 28.68 28.96 28.74 29.23 29.23 29.19
c=50 25.62 25.87 25.67 26.03 \ 26.23 26.23 26.19

FFDNet [20] ECNDNet [21] ADNet [6] RED30 [22] MemNet [23] SANet [24] PSN-U [25] DudeNet [26] ~ ZC

31.62 3171 31.74 \ \ 31.68 31.6 31.78 31.85
29.19 29.22 29.25 \ \ 29.13 29.17 29.29 29.39
26.33 26.23 26.36 26.35 26.35 26.1 26.3 26.31 26.45

Table 2. Average PSNR of different methods on Set12, noise intensity 15
2. Set12 EAREFARIF) PSNR, IRFAEIREE 15

K& BRI BT W R B WL WS DR ®ER M BA A P
BM3D [14] 31.91 3493 3269 31.14 31.85 31.07 31.37 3426 331 3213 3192 321 3237
WNNM [15] 3217 3513 3299 31.82 3271 31.39 31.62 3427 33.6 3227 3211 3217 32.7
EPLL [16] 3185 3417 3264 3113 321 31.19 3142 3392 3138 3193 32 3193 3214
CSF [18] 3195 3439 32.85 3155 3233 31.33 31.37 34.06 3192 3201 32.08 3198 32.32
TNRD [19] 3219 3453 33.04 31.75 3256 3146 31.63 3424 3213 3214 3223 3211 325
DnCNN [3] 3261 3497 333 322 33.09 317 3183 34.62 32.64 3242 3245 3247 32.86
IRCNN [3] 3255 3489 3331 3202 3282 317 31.84 3453 3243 3234 324 324 3277
FFDNet [20] 3243 3507 3325 31.99 3266 31.57 31.81 34,62 3254 3238 3241 3246 32.77
ECNDNet [21] 3256 3497 3325 3217 3311 31.7 31.82 3252 3241 3237 3239 3239 3281
SANEet [24] 32.38 35.03 33.18 3214 332 31.71 31.89 3454 3261 3236 3238 3241 32.82
PSN-U [25] 32.04 3503 33.21 3194 3293 31.61 31.62 3456 3249 3241 3237 3243 3272
DudeNet [26] 32,71 35.13 33.38 3229 3328 31.78 3193 34.66 32.73 3246 3246 3249 3294

AL 32.90 3546 3359 3241 3345 3198 32.05 3486 3295 3261 3254 3271 33.13
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Table 3. Average PSNR of different methods on Set12, noise intensity 25
= 3. Set12 L AREF5 AR PSNR, MEAEIRE 25

K& BRI BT W R MR WL WS N WER M BN WA THE
BM3D [14] 2945 3285 30.16 2856 29.25 2842 2893 32.07 30.71 299 2961 29.71 29.97
WNNM [15] 29.64 3322 30.42 29.03 29.84 28.69 29.15 3224 3124 30.03 29.76 29.82 30.26

EPLL [16] 29.26 32.17 30.17 2851 29.39 28.61 28.95 31.73 28.61 29.74 29.66 29.53 29.69
MLP [17] 29.61 3256 30.3 2882 29.61 28.82 29.25 3225 2954 29.97 29.88 29.73 30.03
CSF [18] 2948 3239 30.32 288 29.62 28.72 289 3179 29.03 29.76 29.71 29.53 29.84
TNRD [19] 29.72 3253 30.57 29.02 29.85 28.88 29.18 32 2941 2991 29.87 29.71 30.06
DnCNN [3] 30.18 33.06 30.87 29.41 30.28 29.13 29.43 32.44 30 30.21 301 30.12 3045
IRCNN [3] 30.08 33.06 30.88 29.27 30.09 29.12 2947 3243 29.92 30.17 30.04 30.08 30.38
FFDNet [20] 30.1 33.28 30.93 29.32 30.08 29.04 29.44 3257 30.01 30.25 30.11 30.2 3044
ECNDNet [21]  30.11 33.08 30.85 29.43 30.3 29.07 29.38 32.38 29.84 30.14 30.03 30.03 30.39
SANet [24] 30.04 33.05 30.83 29.31 30.27 29.08 29.34 32.35 30 30.12 30 30.05 30.37
PSN-U [25] 29.79 3323 309 293 30.17 29.06 29.25 3245 29.94 30.25 30.05 30.12 30.37
DudeNet [26] 30.23 33.24 30.98 29.53 30.44 29.14 2948 3252 30.15 30.24 30.08 30.15 30.52
AL 30.49 33.65 31.23 29.75 30.65 29.34 2958 32.85 3045 3045 30.18 30.44 30.76

Table 4. Average PSNR of different methods on Set12, noise intensity 50
= 4. Set12 L AREF5AERITF PSNR, MEAIRAE 50

K% BRI By WM R B Wl R IR EER U= W NI D N ST
BM3D [14] 26.13 29.69 26.68 2504 2582 25.1 25.9 29.05 2722 2678 2681 2646 26.72
WNNM [15] 26.45 30.33 2695 2544 2632 2542 2614 2925 27.79 2697 2694 26.64 27.05
EPLL [16] 26.1 29.12 26.8 2512 2594 2531 2595 2868 24.83 26.74 26.79 26.3 26.47
MLP [17] 2637 29.64 26.68 2543 26.26 2556 26.12 29.32 2524 27.03 27.06 26.67 26.78
TNRD [18] 26.62 29.48 27.1 2542 2631 2559 26.16 2893 25.7 26.94  26.98 26.5 26.81
DnCNN [3] 27.03 30 27.32 25.7 26.78 25.87 2648 2939  26.22 27.2 27.24 269 27.18
IRCNN [3] 26.88 29.96 2733 2557 2661 2589 2655 294 2624 2717 2717 2688 2714
ECNDNet [21] 27.07 30.12 27.3 2572 26.82 2579 2632 2929 2626 2716 2711 2684 27.15
SANet [24] 26.92 29.93 2727 2552 2664 2571 2618 29.22 26.37 27.2 27.11 26.8 27.09
PSN-U [25] 27.21 3021 2753 2563 2693 2589 26.62 2954 2656 2727 2723 27.04 273
DudeNet [26] 27.22 3027 2751 2588 2693 2588 265 2945 2649 2726 2719 2697 27.3

AL 27.478330.96258 27.81695 26.23063 27.06686 26.05607 26.63791 29.89964 27.28303 27.49805 27.29384 27.38047 27.63369
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Figure 5. Comparison of model before and after de-noising at noise level 15
5. MR 15 /K TRBUKIZATEXIEE

4.2.3. MFEEGER
5 1% 6 & ZMAYTE CBSD68 5 Kodak /N IIASE_EMNRAI 25 R, SO BRI A b H .

Table 5. The average PSNR of different methods in CBSD68, the noise intensity is 15, 25, 35, 50, 75
# 5. CBSD68 L[ /534HFE4 PSNR, IEFEEE 15, 25, 35, 50, 75

Jii: c=15 6=25 6=35 =50 6=75
CBM3D [14] 3352 30.71 28.89 27.38 25.74
FFDNet [20] 338 31.18 29.57 27.96 26.24
DnCNN [3] 33.98 31.31 29.65 28.01 \

IRCNN [3] 33.86 31.16 29.5 27.86 \
DudeNet [26] 34.01 31.34 29.71 28.09 26.4
JiiE— 34.13 31.48 29.84 28.24 26.56

Table 6. The average PSNR of different methods in Kodak24, the noise intensity is 15, 25, 35, 50, 75
# 6. Kodak24 ERE75489F PSNR, MEAESEE 15, 25, 35, 50, 75

Jii: 6=15 6=25 6=35 =50 c=75
CBM3D [14] 34.28 31.68 29.9 28.46 26.82
FFDNet [20] 34.55 3211 30.56 28.99 27.25
DnCNN [3] 34.73 32.23 30.64 29.02 \

IRCNN [3] 34.56 32.03 30.43 28.81 \
DudeNet [26] 34.81 32.26 30.69 29.1 27.39
Jid— 34.97 32,5 30.92 29.36 27.68
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Figure 6. Comparison of model before and after de-noising at noise
level 15
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