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Low-light image enhancement based on
dual-frequency domain feature aggregation
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!College of Information and Control Engineering, Xi’an University of Architecture and Technology, Xi'an, Shaanxi
710055, China;
?Xi'an Key Laboratory of Building Manufacturing Intelligent & Automation Technology, Xi'an, Shaanxi 710055, China

Abstract: Aiming at the problems of poor low-light image quality, noise, and blurred texture, a low-light
enhancement network (DF-DFANet) based on dual-frequency domain feature aggregation is proposed. Firstly, a
spectral illumination estimation module (FDIEM) is constructed to realize cross-domain feature extraction, which
can adjust the frequency domain feature map to suppress noise signals through conjugate symmetric constraints
and improve the multi-scale fusion efficiency by layer-by-layer fusion to expand the range of the feature map.
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Secondly, the multispectral dual attention module (MSAM) is designed to focus on the local frequency

characteristics of the image, and pay attention to the detailed information of the image through the wavelet domain

space and channel attention mechanism. Finally, the dual-domain feature aggregation module (DDFAM) is

proposed to fuse the feature information of the Fourier domain and the wavelet domain, and use the activation

function to calculate the adaptive adjustment weight to achieve pixel-level image enhancement and combine the

Fourier domain global information to improve the fusion effect. The experimental results show that the PSNR of the
proposed network on the LOL dataset reaches 24.3714 and the SSIM reaches 0.8937. Compared with the
comparison network, the proposed network enhancement effect is more natural.

Keywords: deep learning; image enhancement; fourier transform; wavelet transform; dual-domain convergence;

attention mechanism
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Fig. 3 Structure of multiple spectral attention module
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SR TET 63.99% . 48.56%, SSIM 48R4 4% T
T 58.90%. 77.53%; JITHE M L8 AHES T4 SR AE 1Y
M %% R2RNet, UHDFour #H ., PSNR #5543 4%
THT 20.60%. 5.53%, SSIM FEHR7>HIIRTF T 9.52% .
2.48%. SLHASREHIE T FrdE M 4% DF-DFANet YA %L
PR, O I RE R RS0 R 0 R B fE, PSNR Oy
24.3714, SSIM Jy 0.8937, LPIPS & 0.1525, FHHJK
PEI KA AR IR G L, i P 5 o o
REEGATELEFE, 5ELERA AR
Himo
A 1 LOL A AR E 35 K4 R

Table 1 LOL real-world dataset results

Method PSNR?T SSIMT LPIPS]
RetinexNet™ 16.7740 0.4250 0.4739
Zero-DCE®" 14.8607 0.5624 0.3352
DSLR® 14.9822 0.5964 0.3757
KinD*” 17.6476 0.7715 0.1750
EnGAN®” 17.4829 0.6515 0.3223
GLAD™ 19.7182 0.6820 0.3994
RUAS®! 16.4047 0.5034 0.2078
R2RNet!" 20.2070 0.8160
UHDFour” 23.0926 0.8720
URetinexNet” 21.3282 0.8348 -
Ours 24.3714 0.8937 0.1525

3.4 MIT-Adobe FiveK #iE&E LW 5547
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/ b3 404!
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4 RetinexNet™ . Zero-DCE"”, DSLR", KinD",
EnGAN'" | RUAS"’, URetinexNet'”, R2RNet"" Fil
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TER AR EEIGSR )T T, Zero-DCE. RUAS Fo 345 [ {4 B
JEAEAIEAR, W 6(c). 6(g) B, 5 (2) fTH AR
SRR, MELASUNERNZE, T Ml
SR, H R AE SR IGH 2 I 45 45 R 1 T T3 1T B
T BRI L E LUKS 5 B S RGN [ X2 FE K,
JIT 5 D0 5 AR AT R DX ST A 8RB & I 2 AR
ARG AL R RFAE ] DA SO, GO BB 2 A8k . 7R
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BT HEERAR, BiEIMEERAL, WE 6(d). 6(c). 6(h)
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WP AOR, I T B X 266 B Ao A, 1 35 7 2 2] M e 2578
DX A3 {5 R R AR SN T, A o R S A
E M . 7 RMR YK 7T, RetinexNet,
EnGAN [ 3 53 25 S A7 76 5 W1 0 i) 20 4 2R A,
Kl 6(b). 6(f) FIias, 5% (2) 47 LA DX SR B I 7K F-
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Fig. 6 Comparison of enhancement results of mit-adobe fivek dataset
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Fig. 7 Comparison of expenmental effects of modular attention structure

%2 MIT-Adobe FiveK #t3E £ mliX 4 £
Table 2 MIT-Adobe FiveK dataset results

Method PSNR?T SSIMT LPIPS|
Exposure®™” 18.7412 0.8159 0.1674
CycleGAN®! 19.3823 0.7852 0.1636
RetinexNet™ 12.5146 0.6708 0.2535
DSLR® 20.2435 0.8289 0.1526
KinD®! 16.2032 0.7841 0.1498
EnGAN®” 17.9050 0.8361 0.1425
Zero-DCE®" 15.9312 0.7668 0.1647
Zero-DCE++™ 14.6111 0.4055 0.2309
RUASP! 15.9953 0.7863 0.1397
Ours 22,7214 0.8726 0.1153
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Fig. 8 Comparison of PSNR results for module attention structure
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Table 3 Comparison results of module attention structure testing

Method PSNRT SSIMT LPIPS]
Baseline 22.7052 0.8147 0.2078

With serial of CA & SA 23.6042 0.8283 0.1837
With parallel of CA & SA 24.3714 0.8937 0.1525

3.5.2 PISEBIRIER L

SR I T 19X 24 45 A o {1 R 2 PR {5088 5 1 7 2
P£, 7F LOL fIRIE AR AR T A A b A T S 4
Baseline 15 & — 4> 3 0 U-Net (2%, 55— Mhnifi
GRUZHESLEN, FERLA TR B G F AL
FDIEM 2/ 2 T A3 ot B Ak H A5 e iy 4o L -l 4352

MSAM 7R 1 A 22 3% WU & 77 B H 23 i 45 AR Y
/NI 5 32, DDFAM FR7R AUSURHIE R AR He . 52
AR 4 P o R AT AL, TR M A T Y
Baseline % 2% & A %0 52 B IR B2 IR 1 o, (HOZ2 L
PSNR Fl SSIM 124 20.8620, 0.8515; XJ Lt Baseline.
Model-1 F1 Ours (5255 (4% , FDIEM #E80A %42 7+
WLEXTRRAE I BEERE ST, B 2R G TR R W R IE (S
B, R REREZ BRG] i 3 & i &
14 1RiE U (Z E ;. %TIE Baseline. Model-2 F1 Ours [¥52
IS AT AT, MSAM A6 B8 T+ G i B B hr
PR ; XTIt Baseline. Model-3 #ll Ours 3256 2H, 3
AR UG R A B BE S | AT PREIOVHE R A TA R A3 i
AR THFAEG ARG ROR, s R R
AR TFHRTEG TR 52, B4 DF-DFANet
() PSNR FI SSIM 43 JilliA %] T 243714, 0.8937, %1
BEHORH BLAE F 53 5 R A P FR bR R I TE 41
MR T J 5R 1 .

4 RGHHON SRR R

Table 4 Experimental results of network module ablation

Model FDIEM MSAM DDFAM  PSNR SSIM
Baseline x x x 20.8620  0.8515
Model-1 x \ N 21.3582  0.8653
Model-2 J x J 22.0401  0.8878
Model-3 J V x 21.9068  0.8919

Ours J V \ 243714  0.8937

Xof JUT 4 Do 245 5 AR A T R S 5, LA I %
FeanlE 9o B XFEEEE 9(b). 9(e). 9(f) 2R (2) F7 AT,
9(b) F I AR BT 405 SRR I 5 B IERICR 22
HAFAE R L s ik, B69F FDIEM A5 5k RE S A 24
IR IR B AR A B, BRI R A |
0B UE B 5 S MR BN RIEE B, R A
AT B B UG M8 R s X LB 9 (). 9(e). 9(D)
55 (3)ATRIAL, 9(c) B &l v 37 M 1 26300 2% H 0 Sy A
BB, S0UE MSAM FEHL AT 545 1 415 R fiE$2 B
AE T, 45 P2 1 A2 R 45 15 B R T 5 X b
 9(d). 9(e). 9(f) %8 (1) FTRI%, 9(d) I rh G 40y
15 B AMBIRE OIS, B =2 Rk 151 43
By 5 TR I AL S G LA AR EAN 2, 5
iR MR A SE BN RSCR , SRTE T HE M 45 A DDFAM
B fl-G FRIE I RE S 2 A & AR5 B R RRIE =2 ]
FHEAE R SZ W, 32 @ ER & 3 . XA 9(e).
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Fig. 9 Comparison of effect diagrams of modular ablation experiments
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55 PSNR X} Lt S 56 50408 i ¢ 5 B, |4 5 nl AT,
ZeroDCE AR AL PR e, FHEFY 2 ms, FIH5E
AT e ST s B R A B, FLARTR K NRIE s a2
B, U 097 M, 52112 G, {HAEH PSNR,
SSIM 545 AN, 1k 14.8671, 0.5624. MBLLEN
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FME A Gt g SEILI IR EE RGO , SO R b P
WOE e, R 80 ms, GLAD. RetinexNet,
RDGAN 55 ) £ b PR BE (R 35 7F 25 ms 247, HABLARY
K/NIFE 10 M 2247, {HJE: PSNR Al SSIM $5 b5 3444
i, [FIE FLOPs ¥ fiz 5 s i A1 M. KinD AbFHER
K b 35 B B PR EELE 10 ms 245, I H. FLOPs iz
B/, UM 29.1303 G, {HH: PSNR #5Hr A H.
1 A &% Kok 35 M. URetinexNet 14 5% 2% 3 5 41,
PSNR #1 SSIM 43514 21.3282., 0.8348, H US4k
it Para ms Y4 0.3401, {HJ2H & & 677 s B
FLOPs i it Z 15 w86, 5% 1801.4110 G, #x
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S L5 Y1 oA B, (ER R RS LA A

ik BRI
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&5 RF| M%) PSNR Fo-F 4 30T 18] . AZA Ko Foid
ERCE S
Table 5 Comparison of different network average processing time,

model size and floating-point operations

Model Time/ms Params/M FLOPs/G PSNR SSIM
RetinexNet™ 20 9.2 136.0151 16.7740 0.4250
Zero-DCE™" 2 0.97 52112  14.8671 0.5624

KinD"” 10 35 29.1303 20.3792 0.7715
EnGAN™ 20 33 61.0102 17.4828 0.6515

GLAD™ 25 11 252.1410 19.7182 0.6820
MBLLEN®? 80 1.95 19.9560 17.8583 0.7247

LPNet®™ 18 0.15 0.7700  21.4612 0.8020
URetinexNet” 2,93 0.34  1801.4110 21.3282 0.8348

Ours 48 1.61 288.3776 24.3714 0.8937
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Fig. 10 Test results of monitoring images of low-light vehicles at night
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Low-light image enhancement based on
dual-frequency domain feature aggregation

Xu Shengjun'?, Yang Hua"*', Li Minghai', Liu Guanghui'?’, Meng Yuebo'’, Han Jiuqiang"’

Amplitude

Overview: Road monitoring is an important part of the field of intelligent transportation. However, in the night scene
under the condition of low illumination, the brightness and contrast of the images collected by the camera are low, and
there are more noise particles, which brings difficulty to the visual tasks such as detection and recognition of important
targets in the field of traffic supervision. Although deep learning has achieved certain results in the enhancement of low-
light images, it is easy to amplify shadow noise while enhancing brightness and contrast. Unreasonable noise reduction
strategies often lead to different degrees of detail blur in the image, especially for low-light images with poor picture
quality, it is often difficult to restore the lost texture structure. To solve these problems, a dual-frequency domain based
feature aggregation network (DF-DFANet) is proposed. Firstly, the spectral illumination estimation module (FDIEM) is
designed to extract the global features of the image through the Fourier domain spectral feature map and reduce the
response to the noise signal while pulling up the brightness of the image in the frequency domain. Secondly, a
multispectral dual attention module (MSAM) is proposed, which uses the spatial and channel attention mechanism to
make the network focus on the important features of the Baud sign subgraph and improves the ability of the network to
recover image details. Finally, a dual-domain feature aggregation module (DDFAM) was constructed to learn the
adaptive weight parameters of different pixel level features, and the complex domain convolution was used to promote
the fusion of feature information, which enhanced the naturalness of image color performance and the richness of
texture details. In the Fourier domain branch, the frequency domain feature map extracted by the spectral illumination
estimation module is fused layer by layer, the range of the sensitivity field of the feature map is expanded, and the
refined illumination map is obtained by combining rich contextual semantic information. The multi-spectral dual
attention module is embedded in the branch of the wavelet domain, and the space and the channel attention are used to
improve the ability of the network to pay attention to the high-frequency detail features of the image. Dual-domain
feature aggregation module uses an activation function to obtain image pixel allocation weight, realizes more refined
adjustment of the enhanced image, and improves the ability of the network to restore image color and texture.
Comparative experiments on the LOL dataset show that the PSNR and SSIM of the proposed network reach 24.3714 and
0.8937. On the MIT-Adobe FiveK dataset, PSNR and SSIM reach 22.7214 and 0.8726, respectively. In addition, the
proposed method has been tested in practical application scenarios, and the enhancement effect has good stability,
robustness, and generalization ability.
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