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Abstract

To solve the inherent shortcoming of adaptive algorithms on illuminance in non-uniform illumi-
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nation environments, the limited receptive field and the inability to establish long-distance global
dependence caused by the inherent convolution operation of the CNN-based image enhancement
models, this paper proposes a U-shaped network RT-UNet that integrates both CA-Transformer
modules and global attention fusion modules. Specifically, a CA-Transformer module based on the
axial multi-head self-attention mechanism is designed as the basic module for feature extraction
and reconstruction. This module takes into account the advantages of CNN and Transformer
structures while greatly reducing the computational complexity. To establish the information in-
teraction and fusion between feature maps of different scales and different resolutions, a global
attention fusion module is constructed to replace the previous residual connection, Such a module
makes the network pay attention to the region of more interest and facilitates it to learn more
useful and refined features. Finally, experimental results show that the proposed algorithm has
strong competitiveness compared with some mainstream image enhancement algorithms in re-
cent years in terms of subjective and objective evaluation indexes.
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Figure 1. Low illumination images with uneven lighting and their normal light images
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Figure 2. The network model of RT-UNet
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Figure 3. The structure of the CA-Transformer module
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Figure 4. Expansion of the internal structure of the CA-Transformer
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Figure 5. The structure of the global attention fusion module (GAF Block)
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Fext B R 2Rk, Horh LT 5600 i EME A BRI ISR SE R 50 K UG i) B e 4E o H5HE 45 b (1) G i
it Je FE D7500 AHALFIAEA PAO Pro FAHLAATRA BN, XN T A S0 A [F) 15 4% Rk kg E s g m)
ZREME, (ERAFIORCR RS . KB R RS E WA, EREANAEE, W DR E A %
TSR T 3 5 rh A3 i . R R/ 960 x 720, X — 4> HEER BE RSO ARAIF RIS B4R 5, LRE
AR €8 SN U RA RSS2
42. XBIMEESHITE

ARSI K FJE T Python 3.8 1) PyTorch R FEAHZE ML HELL, 4 i85 4 Pycharm, SZIG3AEEA: NVIDIA
RTX 3090Ti GPU, 24GB Nff. CUDA & 11.1 R4, 12471 Ubuntu 16.04 V& . N{REF—EME, Fra
NEG AR R T 256 x 256 15 R M~F . FEMIZSIIZRrR, HETAL IR AT 1A RE B2 R R SE AR 2858 N
RT-UNet 28 I1Z5. K BEAUES BN [ (SGD) FIEX W 25 i3E 1T 1%k, batch size ¥ # 4 10, patch size
BB N 16, WIHHESIH Ir $EE N 0.0005, FUE TE weight decay 4 107, JLilIZ% 200 N, SRS
momentum & 4 0.9,

4.3. MELSRBER R 54T

AW EL T RetinexNet, KinD, MIRNet [19], UFormer [20], Enlightengan [21], R2RNet [18],
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Restormer [22], LLFormer [23]EA & HWMNet [241/E s iant EEAEAY . Forfr, BT LA SR FIIE =4F 11
CNN ZEAE AR R G I 5 0 2%, 3X HLIR %L T UFormer, Restormer 25 —AN3E-F Transformer (AR
PR 348 5 SR SR A et e 1 i AR SRV I ME R SR AR . % 1L TR BILEE LOL #dii4E I, RT-UNet 7545 #4041
AL T AR A5 e LU AN B I VEA FE AR EAEAS T AR . ST LOL Bl EM KBS E AR, mkkT
Transformer AR # T B B ER ST R0 25, R AE 0B A5 M X — PERESR bR |, ABRLHI#
T HWMNet LIIEH AL, (HEEHAARFREE ERARRE. #E—BRE, XFEY Transformer 4544 (1)
Restormer Al LLFormer, A< 75 VA 7E I IS 56 5 b AR SEIL 1 S, 43 7l B LLFormer = it 1 0.13,0.024 dB.

Table 1. Comparison results of different network structures on the LOL dataset
#* 1. TREIMEKLEMTE LOL HiEsE LRSIt ER

X 4% 25 1) PSNR? SSIM1
RetinexNet (2018) 16.77 0.425
KinD (2019) 19.65 0.771
MIRNEet (2020) 23.16 0.816
EnlightenGAN (2020) 17.48 0.578
UFormer (2021) 18.85 0.749
R2RNet (2021) 18.71 0.723
HWMNet (2022) 24.24 0.849
Restormer (2022) 22.56 0.827
LLFormer (2023) 23.65 0.833
RT-UNet (ours) 23.78 0.857

Table 2. Comparison results of different network structures on the LSRW dataset

2. TRIMELEMTE LSRW BIESE FRIXTELEER

PR £ 254 PSNR? SSIM?
RetinexNet (2018) 15.49 0.347
KinD (2019) 16.47 0.492
MIRNet (2020) 18.30 0.612
UFormer (2020) 18.62 0.573
EnlightenGAN (2020) 16.31 0.470
R2RNet (2021) 18.08 0.550
HWMNet (2022) 19.17 0.612
Restormer (2022) 19.33 0.614
LLFormer (2023) 19.59 0.628
RT-UNet (ours) 19.83 0.635
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FHELT LOL ¥4, LSRW il &iite 17 R E LB A5t FINOLIR IR, BGEER R, *H
B Z A VERESR TR M MR . B IR 4R V0 I T K 52 44 1 & AN s — Se o o0k MR =
Wist, XEEG S i ot, MRS SRR EAATE 2 AL TR SRR EREE T, A5 R B MG I 5T 55
Hok T 2Pk, ATELEE 1A 2 A B eT DAIE B FiR S5 8. 7E LSRW B AN 8 AT 0 18
SE R ARACL FE I R WAL A Mt LU A5 PR AR AR K I 5 T 76 LOL Hd £ EA3 B4 3.

35T LSRW Sl &2 KM E A B, ARSI 78 2 IR 5] 2 05, 75 R IUE: BE 45 br L5k
TR HWMNet (1) 32 288k, B2 2 BSese g o LUK I, 78 LSRW #5454 I, RT-UNet Joit 245941
AL JEE A WA A5 W LU FR s A/ AE 58 — 44 B2 B T — e FR 4Tt .

4.4. HRESELE

N T AE ARSI Hr R A AR AT R, AR FUAE LOL s SE X AR K TE 40 il k4T 1 i ks
%o [FIFEF%F RT-UNet /18407 B 48 Xl Transformer BBk [ 4 5 50 FVR 4 161 2 bR B 45 18 571 300 g AL
OIATREAT T AR S BV IE

RT-UNet 7£ 4 N4 Hi A7 Bl i e & CA-Transformer #E Al GRS B i Mo [EAL R 8E . (AR tef
st 75 AT — S R PR L AR SO N PR B8 N U 28 3 X 4% FTURRAIE 34 i L3 HH 2 B R K BRI A R o
22 3 SLIR AR B T 7S NS A B HE S CA-Transformer A5l [0 £ 45 4 8 0 M RE AT AR K STk - [RIRE M,
4 WSEER A5 RIRAIE T 7R G U Y 25 S D 2% ARG 2535 43 43 71 51 N CA-Transformer BERIFIRCR, AL
T LASE N R 28 IR 2, % T SRR () 4R H ORI b SRR B )R E A BE T R 1R K IR THE T

Table 3. Experimental comparison results on the number of stacked CA Transformer
modules at input and output positions on the LOL dataset
3. 7 LOL #iR&E X N H AL E CA-Transformer R IEB B E AL XTEL

&

CA-Transformer Block

B W i PSNR SSIM
1 19.09 0.768
2 19.27 0.783
3 19.56 0.802
4 19.52 0.798

Table 4. Comparison of experimental results on the stacking number of CA Trans-
former modules in encoder decoder on the LOL dataset

4. 7£ LOL BB S L X 4miLas iR RD RS F A9 CA-Transformer R EB M S AL

StEgs
Sy =
[1,1,2 1] 20.65 0.802
[2,2,4,2] 21.18 0.819
[2,2,2 2] 20.85 0.807
[4,4,8,4] 21.21 0.815
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3 I 0 b AN [ HE B B0 CA-Transformer 55 [ RT-UNet 78 LOL ¥t 4 _E i & WE A 45 bR ol LA R,
IR IR 2 AL HE TR 2 i N i 1 6 B 1) B e = A28 Xl Transformer 58k, Ti7E U B L2 N ET, & 21
A Xl Transformer #HIEBEE /308 2, 2, 4, 2. T UEW] CA-Transformer #HAN4 /i = iRt &
BEHOO 28 BAR ) DTk 5 7, 20 AT 7 =2 RS ge . B 5 MAEIE R LAE 1, ARWFI TR R
ANKSEHRORT f5e 28 I 245 (1 18 i Sk R AT — S PR R T

Table 5. Evaluation of each module on the LOL dataset

5. 7E LOL ¥Rk £ R 1RRAGTTAE

ey PSNR SSIM

w/o GAF and CA-Transformer 18.87 0.759
w/o GAF 21.67 0.824

w/o CA-Transformer 20.43 0.809
RT-UNet (ours) 23.78 0.857

BRJG EEREIR/NAS [ PR VR A5 40 % R 5088 405 510 I 2R 00 A AR P e PR s i) R Vi R Sie B, e 6 P,
XA EAE AT IS, IREIRRAECT I REA, =0.55, 4, =0.05 I LA AL AR ORI £k
Table 6. Objective evaluation indicators under different loss function coefficients on

the LOL dataset
%< 6. £ LOL #iR&E E AL R BAB T HEWITMNIER

T R H R B PSNR SSIM
A,=055, 4 =0.05 23.78 0.857
2,=065, 4, =0.08 2355 0.841
A,=045, J =0.02 23.43 0.829

4.5. EMBRRRBHT

AT E U R B RT-UNet &1 X6 FE G r 36 0 RUR , AN 78 B T RetinexNet, R2RNet, Uformer,
Restormer A1 LLFormer &5 J |~ 28 $iL 8 T AT JLAE B B A3 T Transformer AR R BF 145 18 s YA 3t Ll
A3 EE X LOL AT LSRW % 45 _E Bk tH i P44 55 10 BRUG BEA T 38 5 RUR R o

(a) Mt (b) RetinexNet (c) R2RNet (d) UFormer

)
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(e) Restormer (f) LLFormer (9) RT-UNet (h) BH

Figure 6. Visualization results of different network structures on the LOL dataset
6. LOL #iEE E R R MBS AT LR

H1&1 6 W LUAEL, % T LOL #d fE BIXPISKG I B 51 B, RT-UNet FULARBIRAHEL, Toik
RN, CIERIRFFE ARSI NI LA —E Riess, 2B T AT S E AL R R . T
R T WP ESN RS LR UIE 1, RT-UNet 34585 1 BHEAMUAENL S BB e it, 1 H.
FELR YRS R AR A 7 T RIS B B &, IR T HAE 25 A2 O IR AR T iR Kz AL g
AISE I o

s
A

(c) R2RNet (d) UFormer

a1 ot
"‘H- 5 s : A,
’ b ¥
. TR i
A A L

(e) Restormer (f) LLFormer (9) RT-UNet (h) F1H

Figure 7. Visualization results of different network structures on the LSRW dataset
& 7. LSRW BIR&E LA RMEEMI AT L E R
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5. R4

O AIG HEFE PG R A R B IR A AN, SRERIRE R S EUN BB A TR A 5 i, A
e 7 —FiRlA CA-Transformer BRI 4 JayvE & I Al A AL U 24 4% RT-UNet, ‘el i kg0 et
T IR0 28 B S8 AR T T AR B R A 1 S A R . RT-UNet AIAZ OB AE TR E-E S U YR80 R 45 2
2RI (RIS B9 R FH Transformer [ v = UMLHRIG T BG4 RS B, IX7ERRF L I8 5)
PIEME S N EE . 78 LOL Al LSRW S5 3l 4 (1 5L 38 50 UE 2 B, RT-UNet 782 UL PFA Fi8 br A 32 0 801
EESEBLE T WM, IR T HAEE SO EREE T MR IG SR AT 55 P 1A

RRTT S, RT-UNet FE28Y (15 H 9 I HE B G s A At 7 —FoBn AR v 7 58, R R 7E AR 5)
JEHRHAEEN, ORI AR AR 71 THE ARSI, R Transformer S5 7R R B2 K
SRS RE SN AT R, RS RT-UNet 7R Bdl 48 BRI 6, (AU — SR R 2 4k KRR MH
FUT DL B TR A (32 A MR, IR T 2 R B A E AT IR AN, DAIE BB 2 (1 S PR B
Mst. RN, gD S8R, g B 4R B AR D BRI TS B A oKk, DA 2 S
PG 8 i 1) B 75 2K
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[E 2 5 AR5 4100 H (62373251) % B .
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