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Abstract: Images captured in low-light scenes are susceptible to multiple degradations such as darkness, noise, and
blur, resulting in poor visibility and visual perception. Multi-degraded low-light image enhancement poses challenges to ex-
isting image enhancement methods as follows: on the one hand, low-light image enhancement or deblurring methods cannot
handle all three types of degradation, and the effect of the combination strategy is limited by the increased computational
cost and error accumulation. On the other hand, the existing multi-degraded low-light image enhancement method adopts
the strategy of enhancing brightness first and then removing blur, and this sequential processing manner increases the risk of
losing feature cues and is not conducive to detail recovery. To cope with the above challenges, this paper proposes the pro-
gressive edge-aware interactive enhancement network (PEIE-Net), which reduces the loss of feature details by designing a
step-by-step enhancement process. Specifically, our network consists of an image enhancement branch and an edge informa-
tion prediction branch. In each enhancement stage of the image enhancement branch, a self-attention modulation prediction
module is designed to extract the global information, which is used for adaptive modulation in the channel modulation mod-
ule and multi-scale restoration module. In the edge information prediction branch, the spatial-frequency domain feature

transformation module is developed to extract the edge perceptual information. The edge perceptual information is used to
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predict the edges of high-quality images while also fused with the image enhancement features, simulating the interaction
between different perceptions within the human visual system. In addition, we propose scene brightness estimation loss to
coordinate the multiple progressive enhancement stages. Experiments on synthetic and real datasets demonstrate the effec-

tiveness and sophistication of our method for enhancing low-light, noisy, and blur-degraded images, and can be used for

low-light image enhancement and super-resolution tasks.
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ey S S RIE B I DHE 20t | x 1 B S 15
)P HR 300 % BRI ARFAE
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18 SIS R 1 A s 55 LOL-Blur * MEA I 5, Horp
YIZRAEAL T 10 200 4~ ST, U125 I R B i) RN
K256 x 256. Y Zrid FE A Adam IR ALESIE AL, IR &
£,=0.9,5,=0.99,2% ) A 107 HE Uk KNy 4, Il 23k
FRRECH 5 x 10°, 1R 8 BR8I35 IR 24 > 1 1R
B8 5 15 SR ) — MR B0 U . AR SO R S 56 3 A
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Blur 5 Real-LOL-Blur b #4703, DLSGGIEAS SC 7 46 1Y
AR . Fh LOL-Blur 90 S5 42 75 1 800 A4~ g % ]
18, B GO i A AR 5T i G, DL S T 174l
) i S R

(R AR SCR FH I {17 12 e (Peak Signal to Noise Ra-
tio, PSNR) . %% #4 #8 1L & (Structural SIMilarity index,
SSIM) 1% > J#% A1 K145 AR {LL FE (Learned Perceptual Im-
age Patch Similarity, LPIPS ) {E & & SIEM F6 45 . LA,
Real-LOL-Blur B4 5 615 1 354 5K 9% 18] B 9214k 19 A
BT G, PRI AR SCR A SR S 5T 5 3T 4 (Natural
Image Quality Evaluator, NIQE) \ H/Jt 5 % K& & 25 4] i
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1 PEA (Blind/Referenceless Image Spatial QUality Evalu-
ator, BRISQUE ) FEHTHE Frs ( Perceptual Index, PT) VE N
PR R .

SCHR L8 ] eI 1 (58 FH BLA 5k 5P Ak B I 45
ARAS = G AR AL, DR I AR SO R LY S 5 T SR
W & T T8R4 LOL-Blur BT I ZRBLA 7k A 5L
PE . ASO H R 7 AT, G EIRIG oi Ty vk« B T Lt
A9 I I8 2 314 58 (Fourier-based Low-Light Image Enhance-
ment network, FourLLLIE) 41 SR8 [ 3E B B9 Transformer
(Iumination Adaptive Transformer, IAT) 33 \LLformer[gj;
RO 7 1k - 2% A Z 50 1 (Multi-Input Multi-Output,
MIMO) ™ éﬁ[ 10l SharpFormerm] FFTformer-** 5 Viiy 2 it B
B UNZRIE G UGG 5 7 76 5 SR 2  BR5 IZR LL-
Former 5 MIMO B¢ -& 1)1l 2k LLFormer 5 FFTformer; UL J
I ST K] 4 14 58 757 ¥ LEDNet'® . VQCNIR'™!. 1 h

5 W T BT X LT IELE LOL-Blur 55 Real-LOL-Blur _F /Y
FETE AT HT A A, AR AT AR S8, o
fRFIAFPERE, FRILACEE 2 ATERE .

1% 1 A] A1, FIZR)S 9 B0 7574 7E LOL-Blur TAH
BT WG 3 5 v LIS 541 SSIM R B . [R], Bk
AINMZE )7 A B THETE PSNR , (H2: AT ERA(I SSIM Al
LPIPST5FRAUFE I . 7F Real-LOL-Blur |-, MIMO , FFTformer
ST R SR 25 L BRISQUE [ 3 S PR 0 T4
AU, [R5k ARt X DA B 0 08 2 (R 34
UL T 3R LS UG IRINE . 256K, SharpFormer
WA PITEHERS 55— HMERER R bR (RS0 SIA 515,11 M,
VQCNIR 543 )5 % PEIE-Net 7 LOL-Blur 55 Real-LOL-
Blur £l 4R 9 F PEA SR A (R A SO 7.78 M
SRR /N VQCNIR 1) 47.85 M50, Fe 0 17
SOOI A R

%1 LOL-Blur 5 Real-LOL-Blur ¥ #5& _F 535Xt L

LOL-Blur JIi&4E Real-LOL-Blur 4
Ik R ZH0UM
PSNR 1 SSIM 1 LPIPS | NIQE | BRISQUE | Pl
PN 10.735 0.309 0.498 6.554 38.428 5.975 —
FourLLIE 19.808 0.699 0.439 5.484 35.815 5.749 0.18
IAT 21.404 0.728 0.424 5.711 26.105 5.462 0.09
LLFormer 24.549 0.798 0.354 6.107 39.803 5.998 24.55
MIMO 22618 0.827 0.269 5.871 43.069 5.539 6.81
SharpFormer 23.997 0.871 0.233 4.865 37.330 4.645 515.11
FFTformer 24.381 0.867 0.238 5.173 41.129 4.991 16.56
LLFormer+MIMO 24671 0.834 0.314 5.483 37.338 5.297 31.36
MIMO+LLFormer 24986 0.840 0.302 5.424 35.863 5.159 31.36
LLFormer+FFTformer 24.998 0.854 0.224 6.501 48.924 5.567 41.11
FFTformer+ LLFormer 25.376 0.861 0.224 6.153 50.104 5.638 41.11
LEDNet 25.740 0.850 0.224 5.337 46.022 4.881 7.41
VQCNIR 27.793 0.875 0.172 4.599 36.916 3.806 47.85
PEIE-Net(2 307 8%) 26.766 0.879 0.184 4.458 33.376 4.067 7.78

K6 s 1 X by s 5 A SO B X ok 3 LOL-
Blur 2045 48 b B 3 s 25 28 . v LAXLER 31, FourLLIE
55 TAT (g 5 45 3 0 205 A BT SR A7 76 , MIMO
5 LLFormer ZH & 88 ), 2 TEDNet [ 385 25 o1 )
e B E DA FE IR . AE LLFormer 55 FFTformer 2 & 45
AUk 1 IG5 25 SR rh | B R Ze AR A I 5 BE AR . AR
J7 1 B S R 25 R 5 B 5 A WL AR SO A R
DG, B 2 IR

K7 b 7 16 b7 s 5 AR 307 %6k B Real-
LOL-Blur Y 5 5237 5% R A 3G 5m 25 5% . AT DL ]
TAT (AL FREE SR BE 1 3 B2 4 5% , MIMO 55 SharpFormer
TERR S B G| A T 52 A —E B h 52 , FFTformer [
25 JR AR S H R BB AR AR . 7E LLFormer
1 FFTformer (4 2 5 FA1 DA & LEDNet i 1 19 4% 58 45 2R

rp ZE MRS B R AR R AE . VQCNIR J ik 25 v,
RN SR AFTE R R A S A B . AR SO TR BB 8K
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(1) 38 38 18 il #i ke

FEFE 2 Hh, S (1) 4 A0 T8 R AR DA P 265 v 2
B4, S8 LOL-Blur 5 8 A PSNR F8F5 KR FFELL K Real-
LOL-Blur 424E BRISQUE ZE 3 A i 2 FAAIE , 5236 (2) 552
55 (3) 43 BRI T A SCI T8 PR i AT SR 0 LA R i
TO0) SR AR AL R s B . Bk UL, LB (6)
HIAL T TR W {1115 Real-LOL-Blur 8 55 £ NIQE 5 P1 %
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(2) 2 RUEE A s
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x2 BEEABERGERMEIEER
LOL-Blur i 4 Real-LOL-BI
S WL R - - -
PSNR 1 SSIM 1 LPIPS | NIQE | BRISQUE | PI
J2H(1) AT 3 R ) A 26.060 0.870 0.196 4.714 37.607 4.259
SEER(2) L6 W 26.397 0.877 0.185 4.661 33.915 4.254
SEER(3) LBz (6) 1 B 26.545 0.874 0.187 4.565 33.898 4.124
Vi 26.766 0.879 0.184 4.458 33.376 4.067
x3 SRESREHEMIEER
o LOL-Blur U4 Real-LOL-BI
S W - - =
PSNR 1 SSIM 1 LPIPS | NIQE | BRISQUE | PI |
S2H(1) ENGIGEAN =Rt 8 24.819 0.830 0.258 5.529 43.635 5.048
SZIH(2) FBRALG T 25.955 0.869 0.194 4.823 37.649 4.442
A 26.766 0.879 0.184 4.458 33.376 4.067
x4 BEENAHTNEREMELER
LOL-Blur Ji{4E Real-LOL-BI
Tan WL R - - =
PSNR 1 SSIM 1 LPIPS | NIQE | BRISQUE | PI |
SEHG(1) ANl 42 )Ry 3 A ) o, 26.229 0.872 0.189 4.611 34.990 4.238
SEH(2) ANl 4 RS &, 26.553 0.871 0.192 4.630 33.853 4.237
SL(3) AN 4 )Ry A P ] o, 5 4 R R &, 25.643 0.870 0.202 4.574 33.773 4311
ARICH 26.766 0.879 0.184 4.458 33.376 4.067
x5 VEBAZTENFEMIEER
LOL-Blur {4 Real-LOL-BI
S WA i : « =
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S25(1) AN A RN E2E B 25.955 0.865 0.198 5.019 40.384 4.550
SJ5(2) AN FH 25 AU AE A e 26.121 0.869 0.194 4.780 33.737 4.020
AT 26.766 0.879 0.184 4.458 33.376 4.067

BT AR SCHR A 0 X 5 R A T R T 2%
FRATE— 25 Xk 19 285 1) P [ RE AR 2E AT RT A4 20 B 4
K8 Bz, K1 8 (a) b A Z IR LG CIEE, K1 8(b)
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P 8 (e) S 1R1 8 (f) Ay PG i 7 S 4511 i B B ) i 1
FRAE , PR b o RO DX . m A3, 75 fif
ZA MR 5 B Be (i 2O 9 B U7 30T JEig e
(0 T ISR 52 B, AR AR A S IS AT S B
Wk ARt RS, Ul I P (5 o LAt O ik AT

Xl 2t A 58 BT RE A SR e R B 1) B K
R [FYIR Shy PRI A 1 i A 70 1% 200 4% 15 0B A D i 7 i A
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i EEEE S Y5 EREUEES RSN AR AT TN ) 171 2% £ . hAER
PE19 2 AU A AL A e i) i T Ak
F6 MARPIHMITNL
B LOL-Blur I35 Real-LOL-Blur
S TH MR
PSNR 1 SSIM 1 LPIPS | NIQE | BRISQUE | pIl
S5(1) AMER YR se AR L, 26.321 0.876 0.191 4.488 34.553 4.116
FH(2) AME ARG L, 26.182 0.871 0.189 4.701 35.936 4.309
AT 26.766 0.879 0.184 4458 33.376 4.067
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PSNR 5% —e—PSNR ZHEM
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26.6 1 1.0
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ORFEBIER A TEE SN2 VI SR S 505 B R
4.0 55 R R R AT N R 2 ST
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(. SEHGLZERANE T BT, 76 PSNR (SSIM  LPIPS 4547 Al
TS AR TR SRRl . TR A
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Oy HERAE 558 4 RELLISUR RYBG5R 45 5L, HoAT 0 A 4%
AT B RO X 38k . W LA AR R RS
SRR T RZBOTERREA ST 58 B I IG5 5
0 SRTAEAN S 7 i, A SOy 2ok S0 i gt iy R B o
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Bﬁ I_J%Eﬁiﬁﬁ W s 5 B S 0 60, o 2 JRR
AEJ, AT TS CHE 5 S o AL 55

5 it

BEXS Z2 1B AL RS G B0 i, AR SCER i ik i 25
SRS LGSR R 2% o UG 3 0 S5 T 2 B oy S AL

F7 BREGEESBSRRESILL

N RELLISUR il i £ (x4)
PSNR 1 SSIM T LPIPS |
i A G+ R 8.292 0.143 0.836
IAT 15.870 0.679 0.763
LLFormer 19.471 0.752 0.632
HAT 18.103 0.741 0.625
SMFANet 19.743 0.758 0.550
SRFormer 18.252 0.746 0.595
Restormer 20.919 0.755 0.503
LUCN 19.824 0.652 0.708
DiD 21.036 0.726 0.371
CollaBA 20.423 0.734 0.371
LoLiSRFlow 21.580 0.742 —
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SRPIN o3 S Hp BT A AU R AR AR R AR A 25 S [10] CHO S 7J,JIS W, HONG J P, et al. Rethinking coarse-to-
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