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Image denoising via Swin Transformer V2 and feature fusion U-Net

Li Mingkang, Liu Wei", Chen Weidong
School of Computer Science , South China Normal University, Guangzhou 510631, China

Abstract: Objective Image denoising represents a fundamental challenge in the field of image processing, with the pri-
mary goal of recovering clear images from their noise-degraded counterparts. Throughout the image acquisition and forma-
tion processes, multiple factors such as suboptimal lighting conditions, temperature fluctuations, and imaging system cor-
rections can considerably contribute to the presence of noise in the final images. The impact of image noise extends beyond
mere visual perception degradation; specifically, it substantially affects the accuracy of advanced image processing tasks,
including image segmentation and object recognition. Traditional denoising approaches, which require manual tuning of
numerous parameters, are complex and time consuming. While convolutional neural network (CNN) -based denoising

methods have demonstrated promising results, pure Transformer neural networks have shown great effectiveness in image
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denoising. Moreover, CNN-based denoising methods are inherently constrained by their convolution kernel sizes, which
limits their capability to utilize global image information. Conversely, Transformer-based methods effectively leverage
global image information, but they demand exponentially increasing computational resources for enhanced detail restora-
tion. In addition, the original Swin Transformer lacks good adaptability to high-resolution image inputs. In response to
these challenges, we have developed a U-Net image denoising method based on Swin Transformer V2, which successfully
integrates Transformer features with conventional convolutional features. Thus, it achieves remarkable denoising perfor-
mance and visual quality across standard image denoising datasets. Method We present a novel image denoising network
method based on Swin Transformer V2. The network consists of downsampling and upsampling stages. During downsam-
pling, images undergo feature extraction in progressive feature spaces. Each encoder layer contains a different number of
DB-Transformer and Transformer blocks. In each DB-Transformer block, parallel Transformer and local convolution
branches independently extract Transformer and local convolution feature maps, respectively, and these features interact
before being passed to the next block. During upsampling, the network reconstructs images from extracted features. The
upsampling decoders contain only Transformer blocks, with each decoder preceded by a feature fusion module that receives
features from downsampling and upsampling stages. The feature fusion module incorporates a global average pooling compo-
nent and a multilayer perceptron, which, through a softmax function, generate dynamic weights that enable the network to
adaptively select more informative features from different feature maps. Long-skip connections are employed before the
final output, as noisy and clean images share considerable information, and these connections prevent gradient vanishing.
To enhance the adaptability and denoising performance of Swin Transformer V2 blocks within our network, we strategically
position layer normalization before self-attention computation. This way accelerates network convergence and optimizes it
for small-scale model training. Furthermore, instead of utilizing masked shifted window-based multi-head self-attention,
we implement mirror padding for incomplete window sections, which enhances the contribution of edge pixels to training.
This approach ensures their equal importance in image denoising tasks. We train on a combined dataset of Berkeley seg-
mentation dataset 500(BSD500) , diverse 2K resolution high quality images (DIV2K), Flickr2K, and Waterloo exploration
database (WaterlooED) , with random patch selection from each image. Our experiments utilize the Charbonnier loss func-
tion and progressive training mechanism, and they are conducted on a single NVIDIA GeForce RTX 4070Ti Super GPU.
Result To validate the effectiveness of the model, we conducted comprehensive testing using four widely recognized datas-
ets in the image denoising domain: color Berkeley segmentation dataset (CBSD68) , Kodak24, McMaster, and color
Urban100. With peak signal-to-noise ratio (PSNR) as the primary evaluation metric, our denoising experiments achieved
impressive average PSNR values of 28. 59 dB, 29. 87 dB, 30. 27 dB, and 29. 88 dB across these datasets with a noise level
of 50. Compared with traditional algorithms, our approach demonstrates significantly enhanced denoising effects and visual
perception, with PSNR metrics surpassing those of CNN-based denoising methods. Notably, while achieving comparable
performance to Transformer-based methods, our denoising algorithm requires only 26. 12% of the floating-point operations.
We also conducted extensive ablation studies to verify the effectiveness of our proposed method. In particular, various
aspects including the number of convolution blocks, feature fusion modules, and Transformer block improvements were
examined. The experimental results convincingly demonstrate that our approach effectively balances training efficiency
with image denoising performance. Conclusion We have successfully developed and implemented a U-Net deep learning
network model based on Swin Transformer V2 for image denoising, which definitively establishes the viability of Swin
Transformer V2 in the image denoising domain. Our network architecture effectively combines the strengths of local convo-
lution and Transformer. Thus, it not only efficiently extracts valuable information from both structural feature maps but also
achieves superior training efficiency. The experimental results comprehensively demonstrate that our proposed network
architecture offers significant advantages in detail restoration and operational efficiency.

Key words: deep learning; image denoising; Swin Transformer; U-Net; feature fusion
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CNN A9 DnCNN (Zhang %5 ,2017) . FFDNet (Zhang 55 ,

2018a) .BRDNet(Tian 2 ,2020) \DRUNet(Zhang &
2022) ; UL M % F Transformer %) SwinlR (Liang 5% ,
2021) o LA IS5 344 F 04 {75 1 1L (peak signal-to-
noise ratio, PSNR)VE N & w46 bR, 7340, b T T 45
A28 I RO A SGE M T B BM3D LASR 4
TR B ¥ 1 IF 4 18 55 i (floating point operations,
FLOPs) 815 , RIH2 BEAR 7] 4 i A 29056 105 B 0 2%
Hh LSRG T IO 287 — ORI [ 4% 3 T S IAT 1 BT A7
TERIB T BB B 0 FLOPs 35 bril & B
T Z RTINS ]

TERARSSH 23 5l BB W) IR s 1 A TERE )
B H R/ 48 F1 16, Ff HT AdamW 1 A YT Z5:AY41E
B8 . WIIRF 2] R E o 0. 000 3, 18 FH 43 B Boig i
A /N 2RI SR . FLOPs IR rp i 4 A K/ N
e RV DL E SRS A ff A B NVIDIA
GeForce RTX 4070Ti Super 7£ Python 3. 11 Fl PyTorch
2. OfESR B AT
2.2 EBRIIRMAXTLE

F LXF LG T 45 )7 A AE CBSD68  Kodak24 \ McMas-
ter FF & Urban100 I 2 £ v K [F] M2 79 3 o =
15,25, 50 A M2 . S5 R BoR  FER 7K o =
25 Fl o = 50 Pl A SCO5 sk B RS 1 B i 1Y
PSNR 5 , BIE7E MR KK o = 15 1) — LE R 42
D R AR R A, P A8 45 R 2 IR K F- . 322
Geit 745 )58 FLOPs DL K AR S5 vh #2515
IREIS S, TEANSZ B HABRE PR ST 50, AR
IR HR I 5 FLOPs SIEAIOC . 1200 HESE s R 1

F1 ARAFEESYIFRE LHEIRE RS (PSNR)

Table 1 Comparison of denoising results of different methods on various datasets (PSNR)

/dB
CBSD68 Kodak24 McMaster Urban100
Tk

oc=15 0=25 0=50 o0=15 o0=25 0=50 o0=15 o0=25 o0=50 o0=15 o0=25 o0=50
LR 2483  20.53 15.00 2475 2044 14.87  25.13  20.90 1538 2495  20.69 15.18
BM3D 3352 30.71 27.38 3428  32.15 2846 3406 31.66  28.51 3393 3136 2793
DnCNN 3390 31.24 2795 34.60 32.14  28.95 3345 3152 28.62 3298  30.81 27.59
FFDNet 33.87  31.21 2796 3463  32.13 2898  34.66  32.35 29.18 33.83 3140  28.05
BRDNet 34.10  31.43 28.16  34.88 3241 2922 35.08 3275 2952 3442 3199  28.56
DRUNet 3430  31.69  28.51 35.31 32.80  29.86 3540 33.14  30.08 34.81 32.60  29.61
SwinlR 3442 31.78 2856 3534 3289 2979  35.61 33.20 3022 3513 3290  29.82
AL 3437  31.83  28.61 3541 3295 29.89 3557 3336 30.29 3498 3293 2990

T L R R 25 8 B A2 2R
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MR, W&, BIEK
Swin Transformer V2 FI45ERR A& B9 U-Net Bl £ R 77 7%

ARSOTIEAER R RSO ATIE T B 73R LA
ETE Oy

[ 4 FEL S s T P AL LM EE AL T 1 430 ok
M 5 CBSD68 1 Urban100. X T4 i P 5 447 ikt
TR RE BB SR LR R AN . FEME R o = 25
Fi, DnCNN , FFDNet . DRUNet J5 72 it 45 5 15 52 30 13
BRI A GO . T SwinIR A O A5 3] T
VGRS, 5 R B R . A T R O R R
o = 50 Mgt g SwinlR 7E AR Bk T
AT . BARA ST BRI R = a4y (H 2
AR5 1 T T BT 04 20T R R A 2%

®2 AEFHEMFLOPs fiE4T3R5 AR XL
Table 2 Comparison of FLOPs and experiment runtime

for different methods

T E LR R /s FLOPs/YX
BM3D 1922.45 -
DnCNN 24.09 110.038412
FFDNet 24.08 20.21942
BRDNet 33.26 -
DRUNet 39.68 359.02212
SwinIR 888.35 1 880.3401Z
A 89.71 491.176 42

=" FIR IO S B 4

(d) DnCNN/28.60 dB (e) FFDNet /29.29 dB (f) BRDNet/29.63 dB

¥ 2 e 3 .

(i) A3/30.48 dB
4 NIRRT M RS ARy 25 B Y S R A R

Fig. 4 Denoising results of different methods at noise level 25

(2) DRUNet/29.93 dB (h) SwinIR/30.22 dB

((a)original image ; (b)noised image 20. 70 dB;
(¢)BM3D/27. 00 dB; (d)DnCNN/28. 60 dB; (e) FFDNet/
29.29 dB; (f)BRDNet/29. 63 dB; (g) DRUNet/29. 93 dB;

(h)SwinIR/30. 22 dB; (i) ours/30. 48 dB)

(a) JaaES:  (b) MEEIE/15.32 dB (c) BM3D/27.16 dB

(2) DRUNet/27.64 B (h) SwinIR/31.80 dB

(i) A32/32.39 dB
5 IR iR AE MRS SR N 50 B ) 2 gt SR

Fig. 5 Denoising results of different methods at noise level 50

((a)original image ; (b)noised image 15. 32 dB;
(¢)BM3D/27. 16 dB; (d)DnCNN/27. 63 dB; (e ) FFDNet/
27.24 dB; (f)BRDNel/27. 53 dB; (g) DRUNel/27. 64 dB;

(h)SwinIR/31. 80 dB; (i)ours/32. 39 dB)

2.3 HEAKIEAITIE

X R JT ik B BT Z2 0 Rl S . ARy
S A AR X INUE Y I 4%, O BLAEMR PR SR o =
50 () CBSD68 M AR Filf AT, FEXT 4R Z M0 fl
S I, A S 0 B Y R AN AU R
ZHL
2.3.1 DB-Transformer B &= 1 Al S 56

T LU TR RAE B B Gt 25 2 PR AS [R] 1Y
DB-Transformer 152 55 & 0 2 M 25 I A 52 e . 458
12256 3 210905545 DB-Transformer BLHUEE 2R
M{N,, Ny Nyfo Hirr,{0,0, 0F 278X — TS 56 41 24
T-2BR T AT DB-Transformer Bl SEEGARUNZ 3
Jiizs o SRE Y], TR )Z Ji i g il B B 2 1) DB-
Transformer B XS 45 R A F] . 784G TP A 3
— R T, 4k 221 N DB-Transformer £ H N 25 25
FWRCRAT R AR . TESEE {16, 12, 8}k
B {8, 6,4} Z 1 — 1% DB-Transformer 2t , {H PSNR
&5 R AR AL P (structural similarity index , SSIM ) 4%
JUT45F, FLOPs 8 bR W ZESE— 2035 . PRI, o 1
SRR EMRSOR ARSI IS, 6, 4} S fetE
W,
2.3.2  FEAEREE RS

ARSI O T SRR B AN [ () AP
B RBEXT AR B FEI I S R il A TR O
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%3 DB-Transformer # R = Fh 318
Table 3 Ablation study on numbers of

DB-Transformer blocks

TH R E PSNR/dB SSIM FLOPs/AZ IR
{16, 12, 8} 28.20 0.753 170.99
{12, 10, 6} 28.21 0.772 148.71
(8,6, 4) 28.21 0.769 124.85
{4,6.8) 28.17 0.748 124.64
{4,4,2) 28.12 0.752 118.43
2,1, 1} 28.08 0.741 115.19
{0,0. 0} 28.06 0.730 110.45

By BHEG I A A 2 L IR N . SEER S
MR AFR . SR TR A SO A S BB AE 5
W2 IR BT HAL B, X RIE T 3 A S Rk
FIRCEE A T A5 Rl AL B i A R 9 R i £ B RE
T, VETRT B P4 AR AN AT BT T S 4 Y
FMRRCR

R4 FERMEHRAXE

Table 4 Ablation study on feature fusion

SIH I PSNR/dB SSIM
Rl A 28.21 0.769
PHEG 28.16 0.761
R 25 1545 28.05 0.740

2.3.3 P-Swin Transformer #1714 Gl 52 56

AN 4 Swin Transformer V2 34t 7 — & ok
HE ST UE X S O X R MR 0 B T RICR , A S
PRI — LA 8 S BRI TR S A T 2SR
SLEASIRMMEK S s . K6 TANF R IH— AL
BRI RIS B RS T

&5 P-Swin Transformer &5 5t S0 16

Table 5 Ablation study on P-Swin Transformer module

H—fbfr & BARIE T PSNR/dB SSIM
ERE=wiLil N 2821 0.769
HEE )G N 28.06 0.738
IS REH-WANili] - 28.13 0.757

R - ROR AR

—e— pre-norm
~— post-norm

6 11 16 21 26 31 36 4l
PZRER < 107

Ko AlEZIA—A A E i it 7 UL

Fig. 6  Comparison of training processes with different

22
1

normalization positions

3 &

A3 H — > Swin Transformer V2 FI4SAE -G
() U-Net TR 227 2] I 26 T 25 BR UG e S Ll T g
Tl A AR JBCHY R AE Xof PR 25 MR AT 55 A0 SR A7 E A
FH ., %45 P Transformer 25 AH4E &, 1% 1T T Trans-
former H#fIE 1 &) 5 45 BRAREAIE (8 353 SCAIL L, DA 79 o
SEF I AFAE rh 27 o X R B R S T RRE AR B
B =2 A, 18 %} Swin Transformer V2 block fiftH T i
PRI A A RIS S T Ay P | J MR T 4

BT 10 25 1 X 28 AH H5T HLA 32 0 A9 2 T° CNN
AT IS T A R MRAOR o A TS 1Y
FTF Transformer [ SwinlR , 4% SC 77 1 78 5B 53 2 W )
R E T 83T SwinlR 19 25 MR, 3 BA SO
25 U BT e 1s B8 B e IR T SwinlR T o IR
B JRGRY 25 8RR AL e RORAT TR R B BGE |, 1
R ZE AL N 25 A G ANy 07 TR B T 34 ik Jit
Jrte . BRI AT RN SE I 45 AR A SR H Y ETR
LR AEAE R SRR B[R] AR BN
] ST = R 3 A3 M A FH R 25 )RR TR BRI ) 2 4 Je
LTI 18]
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