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Abstract: Low-light images have low brightness, low contrast, and color distortion, and most existing en-
hancement algorithms do not deal with different channels differently, which is not conducive to the extrac-
tion of multi-level features. Therefore, this study proposes a low-light image enhancement algorithm
based on a multi-channel fusion attention network. Firstly, we introduced octave convolution (OctConv)
into the residual structure after channel splitting and propose a multi-level feature extraction module. Sec-
ondly, we proposed a cross-scale feature attention module using an attention mechanism and cross-residual
structure. Thirdly, we obtained multi-level information by stacking modules with different sizes and chan-
nels. Finally, we performed feature fusion in the channel dimension and obtained the final output through
the reconstruction module. The experimental results showed that compared with the RISSNet algorithm,
the peak signal-to-noise ratio and structural similarity of real images were improved from 27. 001 6 dB and
0.889 2 to 27.978 1 dB and 0. 925 5, respectively. The proposed algorithm achieved the best results in

four objective evaluation indicators: peak signal-to-noise ratio, structural similarity, mean squared error,
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and visual information fidelity. The algorithm can effectively improve the brightness and contrast of low-

light images with well-maintained image textures and colors.
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Fig. 6 Subjective visual contrast of different algorithms on synthesizing low-light images
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Tab.1 Average value of evaluation indicators for different algorithms on synthesizing low-light images

ik HE SSR RetinexNet Zero-DCE ~ MBLLEN RISSNet A SCHE
PSNR 4 13.661 1 9.1375 18.280 4 21.779 5 22.978 8 25.986 4 27.3416 28.346 5
SSIM A 0.660 8 0.564 2 0.816 4 0.8259 0.849 1 0.874 0 0.884 2 0.906 5
MSE vy 0.0376 0.084 3 0.023 3 0.006 2 0.004 8 0.002 9 0.001 2 0.0007
VIF 4 0.2375 0.4101 0.5192 0.5367 0.5712 0.578 5 0.6310 0.6820
IEA 7.7715 6.158 1 6.444 0 6.642 1 6.658 5 6.767 3 0.6716 6.962 3
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Fig. 7 Subjective visual comparison of different algorithms on real low-light images
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Tab.2 The average value of evaluation indicators for different algorithms on real low-light images

WiReS HE SSR RetinexNet KinD Zero-DCE ~ MBLLEN  RISSNet  ARICHE %
PSNRA  14.0569  10.359 3 19.853 3 21.4685 22.2501  26.046 8 27.0016  27.9781
SSIM 4 0.7128 0.593 2 0.8128 0.8409 0.8537 0.8885 0.889 2 0.9255
MSE ¥ 0.0412 0.103 3 0.0289 0.018 3 0.0113 0.0035 0.0013 0.000 7

VIF 4 0.3013 0.308 2 0.440 2 0.4806 0.483 3 0.576 0 0.6346 0.6699

IE 4 7.944 7 6.826 6 6.607 4 6.799 3 6.710 8 6.856 7 6.876 7 6.984 2
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Fig. 8 Subjective visual contrast of enhancement effects of different network structures



%14 MRIE VL, 45 . £l

T Bl T R 0 4 AR R

SEESE 2119

Kl 8 H, JC OctConv 3 5 J5 # S J51 35 X35,
OB BB B4 C CBAM 3 i 5 1 4 % 1k
LR TR ¥ CBAM B o4 SE A5 5 1 &
B B RIS, HA W o CBAM &4
ECA BI85 1Y EZ R 3 X 5 B0 B8 5 5 layer
1.layer_2 5 layer_ 3 3¢ i il 16 2035 Oy 16 W), 3 5
Jei B4 A s A e 15 O 5 3 3 AR 38 Ry 32 1k 64
Wk EBRERKERNL ., AXERAE
0T PR O RS W RO R 4 %%‘IZH%O
Ry it — A i R SO AL A R E AT & WO
M A TS W3R 3 R .

®3 AEMEERIEERITENIERESE
Tab.3 The average value of the evaluation index for the

enhancement effect of different network structures

Y PSNRA SSIM+4 VIF A
76 OctConv 25.0915 0.8901 0.4997
Jt CBAM 24.6338 0.8925 0.5051

CBAM #H#tHSE  24.0641 0.8791 0.4892

CBAM##h ECA  26.3182 0.8937  0.5366
A M 16 26.5534 0.8998 0.5154
M $Y S 32 25.9117 0.8999  0.4977
T IE B N 64 24.9185 0.8910  0.5099

ARk 27.9781 0.9255  0.6699

F 3 AR A 1 R O B AR, U AE M-
FEM i FH OctConv A2 338 5 AL, DA S FE CS-
FAM 1 im A CBAM B9 A3 2 M . b 4bh, i B lay-

Eg7

E58

%
PO R R4 2k 56 B B T A 3 DL X L

Fig.9 Subjective visual contrast of the enhancement effects of different loss functions
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Tab.4 Average of the evaluation indicators for loss func-

tions with different weight coefficients

EPN R PSNR4A SSIM4 VIF#

a=0.1,4=0.1,y=0.8 23.6134 0.8313 0.4867
a=0.3,=0.3,y=0.4 24.9213 0.8562 0.509 3
a=0.5,=0.3,y=0.2 26.6138 0.8737 0.5509
a=0.7,=0.1,y=0.2 27.1226 0.8995 0.6210
a=0.8,=0.1,y=0.1 27.9781 0.9255 0.6699

N&VGG16

AT VGG16 5 VGG19 B IR A B
542 oR B, Sk 6 IE BT B2 45 2R Ui‘ﬁ(ﬂ/ﬂﬁﬁﬁﬁ,ﬁj\ﬂu
AL VGG16 AL & VGG19 K TE VGG it 2k B
B 25 AL AT I M s g . DLEIR 7 R 8
S ), 32 AR R W &9 BT R o

(L& VGG EVGG ESCHE
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VGG19 I, 3458 5 09 B T B0 0 D €017 D0 5
JC VGG I, B o J5 i R AR TE M 7, AR U
A0 00 RO B 0 2 8 IR . O i — D Al
P R B A RO AT R LA, DR 4R
{4 SF- S5 AN 2 5 BT 7

5 AR SCE PG RO AL, UL B R TR
A R0 K R A% A g Ml A B RS 8 R B sl HE
TR P

x5 AEBEFBIGERRWIFENRIERTEHE
Tab.5 Average of the evaluation indicators for the en-

hancement effect of different loss functions

L2k R AL PSNR 4 SSIM 4 VIF 4
L& VGG16  27.1062 0.9025 0.558 1
L% VGG19  27.003 8 0.9016 0.5316

T VGG 26.1810  0.8869 0.4639

E @RS 27.978 1 0.9255 0.669 9
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