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Abstract: To address the limitation that existing learning—based image denoising algorithms struggle to
preserve edges and textures, we propose an adaptive edge—aware denoising model built upon a multi-
directional gradient network that can capture distinct image information separately. First, multi—directional
gradient operators are applied to the clean target image to generate noise—free gradient maps, which then
guide the network in learning gradient representations free from corruption. Second, an adaptive gradient—
fusion module is introduced to fuse gradient cues with the noisy image adaptively, increasing the network’s
attention to edge and texture details. Experimental results demonstrate that the proposed model achieves

competitive PSNR and SSIM values. Moreover, the denoised images consistently exhibit superior visual
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quality , underscoring the model’s potential for practical image-denoising applications.

Key words:deep neural network; image denoising; gradient operator; adaptive fusion
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Table 1 Comparison of average PSNR(dB)/SSIM of
different denoising algorithms on three
standard libraries(s,=15)

B Setl2
L PSNR SSIM PSNR SSIM

BSD68 Urban100

PSNR  SSIM
DnCNN 32.86 0.9031 31.73 0.8907 32.68 0.9255
FFDNet 32,75 0.9027 31.63 0.8902 32.43 0.9273
MemNet 32.84 0.9044 31.70 0.8927 32.84 0.9261
N°Net — — — — — —

MWDCNN  32.87 0.9072 31.87 0.8976 33.15 0.9313
LIGN 33.03 0.9099 31.77 0.8964 33.46 0.9356
DRANet 33.00 0.9056 31.79 0.8921 33.55 0.9328
AP 3319 0.9118 31.93 0.9006 33.86 0.9389
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Table 3 Comparison of average PSNR (dB)/SSIM of
different denoising algorithms on three

standard libraries(s,=50)

B 12 Setl2 BSD68 Urban100
B2 PSNR SSIM PSNR SSIM PSNR SSIM
DnCNN 27.18 0.7829 26.23 0.7189 26.28 0.7874
FFDNet 27.32 0.7903 26.29 0.7245 26.52 0.8057

MemNet 27.38 0.7933 26.35 0.7297 26.64 0.8029
N°Net 27.43 0.7950 26.40 0.7302 26.82 0.8141
MWDCNN  27.36 0.7904 26.40 0.7297 27.12 0.806 3
LIGN 27.61 0.7933 26.53 0.7362 27.68 0.826 1
DRANet 27.62 0.8003 26.47 0.7316 27.90 0.8294
AR 27.76 0.8039 26.56 0.7392 28.09 0.8364
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PSNR(dB)/SSIM 3t bt (o,=25)
Table 2 Comparison of average PSNR(dB)/SSIM of
different denoising algorithms on three

standard libraries(s,=25)

Lig/HES Setl2 BSD68 Urban100

b PSNR SSIM PSNR SSIM PSNR SSIM
DnCNN 30.44 0.8622 29.23 0.8287 29.97 0.8797
FFDNet 3043 0.8634 29.19 0.8289 29.92 0.8886
MemNet 3043 0.8602 29.20 0.8262 30.45 0.8829
N°Net 30.50 0.8651 29.30 0.8329 30.19 0.8910
WMDCNN  30.52 0.8670 29.34 0.8376 30.64 0.8929
LIGN 30.72 0.8711 29.25 0.8334 31.04 0.9013
DRANet  30.69 0.8681 29.36 0.8326 31.18 0.8999
ARXFEY: 30.83 0.8730 29.48 0.8424 31.39 0.906 3
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Table 4 Comparison of single image PSNR(dB) of different denoising algorithms on the Set12 dataset(6,=50)

BT C.man House Peppers  Starfish  Monarch  Airplane  Parrot Lena  Barbara  Boat  Man  Couple
DnCNN 27.03  30.00 27.32 25.70 26.78 25.87 26.48  29.39 26.22 27.20 27.24 26.90
FFDNet 27.05  30.37 27.54 25.75 26.81 25.89 26.57  29.66 26.45 27.33  27.29 27.08
MemNet 27.17  30.52 27.47 25.81 26.98 25.95 26.52  29.68 26.67 27.34  27.30 27.14
N’Net 27.18  30.60 27.63 26.13 27.02 25.94 26.47  29.65 26.92 27.33  27.26 27.03
MWDCNN 27.15  30.56 27.44 25.82 27.00 25.83 26.53  29.64 26.67 27.32 27.22 27.08
LIGN 27.30  30.86 27.67 26.39 27.13 26.03 26.67  29.87 27.34 2749  27.30 27.26
DRANet 27.58  30.89 27.62 25.99 27.13 26.03 26.67  29.59 27.34 27.57  27.34 27.36
Ak 2742  31.09  27.81 26.69 27.22 26.04 26.67 29.96  27.82  27.58 27.37  27.38
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Table 5 Comparison of different denoising network model parameter quantities and running time on

noisy images of size 256 X256, 512X512 and 1 024X1 024 and noise level 50 S
R/ #E DnCNN MemNet FFDNet N*Net DRANet MWDCNN LIGN MDGAENet
Size 256 X 256 0.01 0.88 0.01 0.08 0.06 0.02 0.01
Size 512X 512 0.05 3.61 0.03 0.38 0.22 0.06 0.12
Size 10241024 0.16 14.69 0.11 1.24 3.89 2.10 1.33
Memory cost/M 0.554 0.667 0.490 0.706 1.211 0.525 3.749 3.845
AR SCHE VR M BT 4 M5 (DnCNNY F6 HRMRK
MemNet ™ FFDNet® N*Net*"), 75 4b # 1 024 X Table 6 Ablation study
1024 RoF BRIz 17 I ) 518, 5 78 2 400 it 5% g—>50 0=25 o=15

KRR EMR LM e A R KT, 5 348
f) #5353 v 4 L, DRANet ™ fl MWDCNN! A
RSB0 AR, (R R GE AT I ) 48 o R 0 R 7
RUsF 38K, MWDCNN f4 12 47 I i) 458 A 3053092
18 2.56 s T A SCH LI F LIGN 8 ik i ok
D] I 7 A5 80 2 B0 M AT ) 1 5 LIGN ¥ W
2R o 2R b A SCORVL AR MR AR R
BB AT 2 i 2 (] SE L T R 47 0 -, i 98 7E (R IIE
PRl iU R N = W S5y 1 B S S 39
(35 B IRH AR

3 THRLSL Y

R T B AIE 22 1) A B T 4% R T A T 45 1Y)
AR AR SCHEME 75 A5 ) oo 15,25 .50 1 =y 4 14
PR B AT A S (W AR 6) o o i) 14K
FAR AR B MDGAENet; &0 240 X B £ 07
Iin) A FE IO 246 J5 1) 2 M 1 B 5 22 1) 3 ARR AL R A 2
il P 285 I 1) 2 MR R
3.1 SHARBEMENERH

207 In) A FE I 45 SR T R A8 1Y 30 S RN R
B, B ) MDGAENet #8 lUA RUME 2 o B T 5k
22 7 ) B B T 8% 1) A R0 AR SCHE K Y B i
Z 7 1) B R 4 AR . BT RTOR B —A
22 7 ) B B T 4% i o T B BE AR, B 8 Sl A

MEAG 4R PSNR  SSIM  PSNR  SSIM  PSNR  SSIM
@1 2776 0.8024 30.82 0.8736 33.19 0.9118
Zfl2 2731 07850 30.52 0.8672 32.82 0.9067
Zf3  27.60 0.8000 30.71 0.8694 33.06 0.9099

Mg 7 RS A A B RS o 3 ek X E T L, £ 0 ) A
JE T 2% Hiy o R B Rt R T R M HLE AR
SE R B LR 25 60 RS0 2 A5 B T A 7 M 7S 1Y
Tofs 3£ LA U]y 1 M 75 4 5 ORS00 0 I % 43
GNFLIE M. AN FE IR 2 05 ) B BE 2% )5, I %
REAR L MEPERE TR . MRS £ S50/, PSNR |
SSIM 43 1] F B 0. 37 dB 0. 005 1; 24 I &5 % oy
25 B, LW RE 4300 R % 0.3 dB.0.006 4., H It
AL, R B A B RT LAV AE 5] 5 9 4% 3R O
ZHUGE R TR LR L e
3.2 HERESNENERE

T 3£ il 45 IO 24 BB A Rl A ERUAR rh i E I il 2
M5 H 15 B A2 # MDGAENet 55 47 2% 3] 5 4
DCBURRAE . W3R 6 T, 76 7% BR B 2 Rl 190 2% 11
S b, MRS S5 g% ok 15 B, R 2% BIK 1) PSNR
SSIM 434l F [ 0. 16 dB 0. 0024 ; M 75 45 25 by 50
ff , MDGAENet (1) 2% B 4 g 73 5 & K¢ 0. 13 dB .
0.001 9. £ b, Jo it 76 AR MR 75 i 2 vy MR 7 15 Ol
LB LG N 2 0 BE A AT bR B A B S A
JE b e s A B Rl fE 2 Do 4 4 U 35015 B



3326 - T HKEFF

7 EFHEEEER &R HEEE G SRS EERK
Fig.7 Gradient images of MGradNet outputs

and noise gradient image
- N
4 zn ;ET«EE(:

AR SO I — T T 22 07 i A EE 9 245 ) O
WG A B R MR T A5 Sl e T I E R T A
P WO P R B0 G A5 B B0 R R o 3 vR Ky
W22 5 1) B R IO 2% 2 2] T EE IR, 51 25
W ) 45 O TE O 2 A R0 i AR B e oh B Y
I A JEE il A e R e T 2 1 1 5 IR R A
Rl B D R 28 4R O AU B . SRR AR SO
V5 E PRI 25 W Pk 1 A 3L I ) RS AL S B 22 T
LT RAFI G, nT IR A R R, LR
1 PR A5 B AT 3 AT A9 S0 B L 0 0 R R 4 O AL
TR

[10]

(11]

[12]

wOT Fm) % 55 %
S % 3k :
[1] Chen T, Ma K K, Chen LL H. Tri-state median filter

for image denoising[J]. IEEE Transactions on Image
Processing, 1999, 8(12): 1834-1838.

Zhang X B, Zhang S L. Diffusion scheme using mean
filter and wavelet coefficient magnitude for image de-
noising[J]. AEU-International Journal of Electronics
and Communications, 2016, 70(7): 944-952.

Buades A, Coll B, Morel J] M. A non-local algo-
rithm for image denoising[C] /IEEE Conference on
Computer Vision and Pattern Recognition, Piscat-
away, LISA, 2005: 60-65.

Dabov K, Foi A, Katkovnik V, et al. Image denois-
ing by sparse 3-D transform—-domain collaborative fil-
tering[J]. TEEE Transactions on Image Processing,
2007, 16(8): 2080-2095.

Dabov K, Foi A, Katkovnik V, et al. Color image
denoising via sparse 3D collaborative filtering with
grouping constraint in luminance—chrominance space
[C] /1EEE International Conference on Image Pro-
cessing, Piscataway, LISA, 2007: 313-1-6.

Rudin L I, Osher S, Fatemi E. Nonlinear total varia-
tion based noise removal algorithms[J]. Physica D:
nonlinear Phenomena, 1992, 60(1-4): 259-268.
Weiss Y, Freeman W T. What makes a good model
of natural images[C]//IEEE Conference on Computer
Vision and Pattern Recognition, Piscataway, USA,
2007: 1-8.

TR, W . A B MR K MR T,
e T, 2006, 33(3): 50-53.

Zhang Hong-ying, Peng Qi-cong. Adaptive total
variation image denoising model[J]. Opto—Electronic
Engineering, 2006, 33(3): 50-53.

Elad M, Aharon M. Image denoising via sparse and
redundant representations over learned dictionaries
[J]. IEEE Transactions on Image Processing, 2006,
15(12): 3736-3745.

Mairal J, Elad M, Sapiro G. Sparse representation
for color image restoration[J]. IEEE Transactions on
Image Processing, 2007, 17(1): 53-69.

Xie Q, Zhao Q, Meng D Y, et al. Multispectral im-
ages denoising by intrinsic tensor sparsity regulariza-
tion[C]. IEEE Conference on Computer Vision and
Pattern Recognition, Piscataway, USA, 2016: 1692~
1700.

BBt I TR AR R e 1Y BRI R B



%

10

IHM,F AT LT ENEG OER DGR G EREERELY

3327

[13]

[14]

(16]

[17]

(18]

[19]

[20]

(D] bif: R#ERERER FEL SR LRS
B, 2013.

Zheng Yi-xian. Research on image denoising meth-
ods based on sparse representation theory[D]. Shang-
hai: School of Electronic Information and Electronical
Engineering, Shanghai Jiao Tong University, 2013.
B . BT B R T A o Y R SR T Y
(D] BB N TR T F B orpe, 2014

Yin Zhuang-chen. Research on image denoising
based on sparse representation and dictionary learning
[D]. Wuhan: School of Electronic Information Wuhan
University of Technology, 2014.

Gu S H, Zhang L, Zuo W M, et al. Weighted nucle-
ar norm minimization with application to image denois-
ing[C] /IEEE Conference on Computer Vision and
Pattern Recognition, Piscataway, USA, 2014: 2862-
2869.

Xu J, Zhang L, Zhang D, et al. Multi—channel

weighted nuclear norm minimization for real color im-

age denoising[C]/IEEE International Conference on

Computer Vision, Piscataway, USA, 2017:
1096-104.
Xie T, Li S T, Sun B. Hyperspectral images denois-

ing via nonconvex regularized low-rank and sparse
matrix decomposition[J]. TEEE Transactions on Im-
age Processing, 2019, 29: 44-56.

Jia X X, Feng X C, Wang W W. Adaptive regulariz-
er learning for low rank approximation with applica-
tion to image denoising[C]/IEEE International Con-
ference on Image Processing, Piscataway, USA,
2016: 3096-3100.

EYINFE . T TR B A M R A 1 PR AR 25 M R AT T
(D] Wi P mg 22l R %4 15 BB 5 H R % B,
2015.

Wang Zhen—ping. Research on image denoising algo-
rithms based on low-rank matrix recovery[D]. Cheng-
du: School of Information Science and Technology,
Southwest Jiaotong University, 2015.

XieJ Y, Xu L L, Chen E H. Image denoising and in-
painting with deep neural networks[C]//Advances in
Neural Information Processing Systems. Red Hcok,
NY: Curran Associates, Inc., 2012: 341-349.
Agostinelli F, Anderson M R, lLee H. Adaptive
multi—column deep neural networks with application
to robust image denoising[(f]//Advances in Neural In-

formation Processing Systems, Red Hcok, NY: Cur-

[21]

(23]

ran Associates, Inc., 2013: 1493-1501.

Sivakumar K, Desai U B. Image restoration using a
multilayer perceptron with a multilevel sigmoidal func-
tion[J]. IEEE Transactions on Signal Processing,
1993, 41(5): 2018-2022.

Burger H C, Schuler C J, Harmeling S. Image de-
noising: Can plain neural networks compete with
BM3DIC] /IEEE Conference on Computer Vision
and Pattern Recognition, Piscataway, USA, 2012:
2392-2399.

Zhou Y T, Chellappa R, Vaid A, et al. Image resto-
ration using a neural network[J]. IEEE Transactions
on Acoustics, Speech, and Signal Processing, 1988,
36(7): 1141-1151.

Jain V, Seung H S. Natural image denoising with
convolutional networks[C]// Advances in Neural Infor-
mation Processing Systems. Red Hcok, NY: Curran
Associates, Inc. , 2008, 21.

Chen Y J, Pock T. Trainable nonlinear reaction diffu-
sion: A flexible framework for fast and effective image
restoration[J].
sis and Machine Intelligence, 2016, 39(6):
1272.

Zhang K, Zuo W M, Chen Y J, et al. Beyond a

IEEE Transactions on Pattern Analy-
1256-

gaussian denoiser: Residual learning of deep CNN for
image denoising[J]. IEEE Transactions on Image Pro-
cessing, 2017, 26(7): 3142-3155.

Mao X J, Shen C, Yang Y B. Image restoration us-
ing very deep convolutional encoder-decoder net-
works with symmetric skip connections[C]//Advanc-
es in Neural Information Processing Systems, Piscat-
away, USA, 2016: 379-387.

Tai Y, Yang J, Liu X M, et al. MemNet: A persis-
tent memory network for image restoration[C]/IEEE
International Conference on Computer Vision, Piscat-
away, USA, 2017: 4539-4547.

Zhang K, Zuo W, Zhang L.. FFDNet: Toward a fast
and flexible solution for CNN-based image denoising
[J]. TIEEE Transactions on Image Processing, 2018,
27(9): 4608-4622.

LiuD, Wen B H, Fan Y C, et al. Non-local recur-
rent network for image restoration[C] //Advances in
Neural Information Processing Systems, Red Hcok,
NY: Curran Associates, Inc. , 2018: 1673-1682.
Plstz T, Roth S. Neural nearest neighbors networks

[C]//Advances in Neural Information Processing Sys-



3328 - =

oK FF

(T % k)

% 55 %

[32]

[33]

[34]

[35]

[36]

tems, Red Hcok, NY: Curran Associates,
2018: 1095-1106.

Charbonnier P, Blanc-Feraud L, Aubert G, et al.

Inc. ,

Two deterministic half-quadratic regularization algo-
rithms for computed imaging[C]//Proceedings of 1st
International Conference on Image Processing, Piscat-
away, USA, 1994, 2: 168-172.

Kingma D P, Ba J. Adam: a method for stochastic op-
timization[J]. Computer Science, 2014: 1-15.

Wang Z, Bovik A C, Sheikh H R, et al. Image quali-
ty assessment: from error visibility to structural simi-
larity[J]. IEEE Transactions on Image Processing,
2004, 13(4): 600-612.

Martin D, Fowlkes C, Tal D, et al. A database of
human segmented natural images and its application
to evaluating segmentation algorithms and measuring
ecological statistics[C]//Proceedings Eighth IEEE In-
ternational Conference on Computer Vision, Piscat-
away, USA,2001: 416-423.

Timofte R, Agustsson E, Van Gool L, et al. Ntire
2017 challenge on single image super-resolution:

Methods and results[C] //Proceedings of the IEEE

[41]

Conference on Computer Vision and Pattern Recogni-
tion Workshops, Piscataway, USA, 2017: 114-125.
Zhang K, Zuo W M, Chen Y J, et al. Beyond a
gaussian denoiser: Residual learning of deep CNN for
image denoising[J]. IEEE Transactions on Image Pro-
cessing, 2017, 26(7): 3142-3155.

Roth S, Black M J. Fields of experts[J]. Internation-
al Journal of Computer Vision, 2009, 82: 205-229.
Huang J B, Singh A, Ahuja N. Single image super—
resolution from transformed self*exemplars[(ﬁ}//f’ro*
ceedings of the IEEE Conference on Computer Vision
and Pattern Recognition, Piscataway, USA, 2015:
5197-5206.

Qiao S, Yang J R, Zhang T, et al. Layered input
GradiNet for image denoising[J].
Systems, 2022, 254: No. 109587.
Tian C W, Zheng M H, Zuo W M, et al. Multi—

Knowledge-Based

stage image denoising with the wavelet transform[J].
Pattern Recognition, 2023, 134(1): No. 109050.
WuWC, LiuSJ, XiayY, etal. Dual residual atten-
tion network for image denoising[J]. Pattern Recogni-
tion, 2024, 149: No. 110291.



