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Superpixel Guide for Transformer Low-Light Image Denoising Method

SONG Quanzhen, CHEN Zuojun, QIN Pinle, ZENG Jianchao
(School of Computer Science and Technology, North University of China, Taiyuan 030051, Shanxi, China)

[ Abstract] Existing low-light image denoising methods mainly use the feature extraction and denoising mechanisms
of Transformer and Convolutional Neural Networks (CNN). They face two problems: the self attention
mechanism based on local windows fails to fully capture the nonlocal self-similarity in images, and the calculation of
self-attention in the channel dimension does not fully utilize the spatial correlation of images. To address these
issues, this study proposes a superpixel guided strategy for a window partition-based visual Transformer method;
the strategy can adaptively select relevant windows for global interactions. First, a Top-N Cross Attention
mechanism (TNCA) is designed based on window interactions, the top N windows that are most similar to the
target image window are selected dynamically, and the information related to the image windows in the channel
dimension are aggregated, fully considering the nonlocal self-similarity of the image. Second, through superpixel
segmentation guidance, the expressive power of local features within the window is significantly improved while
enhancing the correlation of spatial features in the channel dimension. Finally, a hierarchical Adaptive Interaction
Superpixel Guide Transformer (AISGFormer) is constructed. Experimental results show that AISGFormer
achieves a Peak Signal-to-Noise Ratio (PSNR) of 39. 98 dB and 40. 06 dB on the SIDD and DND real image
datasets, respectively. Compared with other advanced networks, the PSNR improves by 0.02 dB-14. 33 dB and
0.02 dB-7. 63 dB, respectively. AISGFormer interacts with local and global information and details more
effectively, and it adaptively utilizes self-similarity to suppress region similarity noise.

[Key words] low-light image denoising; Transformer; cross-attention; non-local self-similarity; real image noise;
superpixel
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BIFT 0.02 dB~7. 63 dB, EH ' PSNR #1 SSIM #{ kb
F BM3D 43 Gl L & T 5. 55 dB HiI 0. 107, #4H H F
DnCNN 43T T 5. 55 dB F1 0. 107, 4 37 vk
1 HGE 91 T 007 = 6 BAT R OGN B A T
G LI T TORE A Y R R A AL B [R] I OREE TR
4 Jay N 2SR BB
F1 AREFGELESIDD I DND HIEEFHESER
Table 1 Quantitative results-of different methods
on SIDD and DND datasets

. SIDD DND
PSNR/dB  SSIM  PSNR/dB  SSIM
BM3D 25. 65 0. 685 34. 51 0.851
DnCNN 23.66 0.583 34,51 0. 851
CBDNet 30.78 0. 801 38. 06 0. 942
SERLNet 34. 61 0.883 38.95 0.947
DeamNet 39. 47 0.957 39. 63 0.953
CycleISP 39.52 0.957 39. 56 0. 956
MIRNet 39.72 0. 959 39. 88 0. 956
LRT 39. 82 0. 959 39.91 0. 956
Uformer 39. 89 0. 960 39. 96 0. 956
MAXIM 39. 96 0. 960 40. 04 0. 956
Xformer 39.98 0. 960 40.19 0. 957
AISGFormer ~ 39.98 0. 961 40. 06 0.958

Kl 5 J&7R T JLRh 5 %78 SIDD Fil DND #5344
B EMERCRAT . SRR YRR BERERIX
S . RS A B 1 AR R 7 B AR AR PR IR, BT 4R
AISGFormer A DIAT &5 HVK 522 49 sk 75 V5 Gy 1 X3
A Z N R BRI BT N Y 07 TevE A
5 HbRE AR AL 0 A4 L BRI AS BB ik F
R Y Ze Mg R . it , SIDD %¥E 45 | A &5 51 3
W, AR S5 1 0 2 MR CRAT T ot i, ik — 2530
TAE SRS E AU A A TR RS A o
BLER .

TEZR 2 P AT o Sk RS MRS A, A S
BRI AL TR, IF BAE T MAXIM,
ARSI AR 47, 2% 500 T PSNR F8 45
I 0. 02 dB. #H It T CBDNet, Uformer,
Xformer, A SCRE AL 55 B H0UA T 5 K 19 2 880 3R
i (B TR T e 1 4 R 28 TS HOR M 2% 45 44
BT A SO 28 BA AR 0 4R i 3267 8 T AR AL
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Xformer/40.19 dB

AISGFormer/39.98 dB

GroundTruth
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(b)DNDH¥##i4E
B 5 AEFEHNERZE
Fig.5 The denoising effect of different methods

TEHAE ST o PRI AR SORCIE AR5 AR ) BSE 1 S35 T 7%
FIMEER ST, 25 1 AR R LR bR A . fiE
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155 AR I A
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Table 2 Comparison of parameter and computational complexity among different models

Xif LI CBDNet CycleISP MIRNet MPRNet SwinlR Uformer MAXIM Xformer  AISGFormer
Params/10° 4. 37 2.84 20. 10 15.74 11. 50 50. 88 22.20 25.23 34. 35
GFLOPs 40. 28 335. 01 196. 76 1 393. 83 201. 20 89. 46 169. 50 42. 20 89. 42

SIDD #4854 [R] B $2 41 T PNG (sRGB) 1 3 2%
SRR EE e R 3 L R BT X 3 A A KL
PHATUIGRA 25 20 . B A BE S Rl 42
BOORFr—3, LA R EMOCEMT M
RERUHE B AN S OE O REEL AR A SR B I, 3k 2 [
FARIE R AT T W TR L G R R T, B
22 (1) L H SR DL A 80 3 RN 45 M B AE L 1 sRGB 42
M E R ERMG R AL NE R ER, BASIr
PR ER B R Ja 8 AR P i — 5k, 2R

FE TR MR A B0 A DL 7 DX, PRIk ol AR S
51 AT ) T I 2% 2 2] DAARR ' M 7 PRI 21 1 34 1
AW
R3 AEBNETHXT R L& RE B F00
Table 3 The impact of different input light types
on network performance
ok E#L L
PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM
sRGB  39.83 0. 959 39. 96 0. 960 40. 01 0.961
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3.4 HRRZLIE
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W52 . F 6 R, 2 g A 5 2% 2R GBI 4
B, X 45 P BE AR A

205k 0.961 ——PSNR J o8
40.0 1 1 0.94
o 39.5}F 1 0.92
539.0 3 1 0.90 %
% 385} 4 0.88 @
38.0 | 1 0.86
375} 10.84
37.0F 4 0.82
36.5 1 0.80

El 6 YmfFAnas=HIxt M4t aE fys
Fig.6 The impact of encoder decoder layers

on network performance
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KT ORSE Can 16) AR BEMS S 2 BT
SCABEREN T A U I Bl RERI AT 215 A
SO TSR ) RO

il 39.98
/// \\
38 A
g 3662, .
Z 36t "\ 3553
=9 ™y
34t
32t
4 8 16
Size

B7 AEAFAXNMISHER

Fig.7 Analysis results of different window sizes
3043 AAHLETH AL SE T

FEIE AISGFormer H 484N 43 9 A 2, A%
T 7E SIDD %4 4 I X+ SSM, TNCA FI FEB 17
TRl S 58 BLAOR UL K TNCA Biffe 25 T35 3h 1
M2k A TERESHLE L Ff FEB SN 3X3 &
FRUZ R SSM i . SEER 25 Rk 4 o .

R4 BERPHEMIEER

Table 4 The ablation experiment results of each module

F5 SSM TNCA FEB Params/10° FLOPs/10° PSNR/dB SSIM
1 — — N 39. 46 88. 65 39.53 0. 954
2 — N N 33.29 81.21 39.72 0. 956
3 N — N 40. 52 96. 86 39. 68 0. 956
4 N4 N — 33.23 87.52 39.93 0. 960
5 N4 N N 34. 35 89. 42 39.98 0. 961

HH 4 AT, Bl /D AT AR ASE B RR 2 (i 1 19 45 14 g
TR, 55 1SR BT O AR L A TR
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WA T 51 3 52 e M TR 8 A AR RS
Xt PG R AT S AR E AT AR B A R AE . 5 3 4
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