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Abstract According to our investigation, low-illumination images have multiple distortion

characteristics (including low light, high noise, blur, etc. ). In order to better enhance the low-

illumination image, we propose a Multi-Reconstruction Variational AutoEncoder (MR-VAE)

based on the Variational AutoEncoder (VAE) to gradually enhance the image and generate high

quality low-illumination enhanced image from coarse to fine. MR-VAE is mainly composed of

three modules: Feature Probability Distribution Capture (FPDC), Global Reconstruction (GR),

and Detail Reconstruction (DR). Its key idea is to generate the global and local features of the

image in stages, and solve the problem of multiple distortion step by step. Finally, MR-VAE can

capture low-illumination to normal illumination, noisy to noiseless, fuzzy to clear composite

nonlinear mapping. The FPDC module is mainly used to capture hidden variables that cover the

entire image feature, which is equivalent to encoding the entire image. The GR module is mainly

used to capture the nonlinear mapping from low-illumination to normal illumination, and uses the

hidden variables to generate global features of the image step by step (global features include:

scene, color distribution, illumination characteristics), and finally obtains appropriate brightness

enhancement, rough quality image. The DR module is mainly used to capture composite nonlinear

maps from noisy to noiseless and clear to fuzzy, finding a good balance between removing noise

and retaining detailed information, helping the network to generate high-quality images which
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details more realistic, less noisy, and more suitable for local brightness. More importantly, we
redefine a multi-loss function to replace the [, loss function, which improves the image quality
criteria and guides the network to generate high quality images. This multi-loss function consists
of “hidden variable content loss”, “global reconstruction loss” and “detail reconstruction loss”.
Hidden variable content loss helps the FPDC module capture hidden variables that better reflect
the probability distribution of the essential content of the image. Global reconstruction loss is
used to help the GR module generate large image features and overall brightness. Detail recon-
struction loss helps the DR to generate detailed features between rough and high-resolution
images, and helps DR to be more robust to noise. In addition, based on the MS COCO dataset,
we have created pairs of low-light images for training our network. Gamma correction is used to
adjust the brightness, including four different brightness levels. Gaussian noise is used to simulate
actual noise, the noise level and brightness level meet a certain relationship. Gaussian blur is used
to simulate the blur of the image to produce a composite image that is very close to the actual
low-illumination image. In the experimental stage, We did a complete experiment, including the
ablation experiment of the network structure and the comparison experiment with other methods.
The ablation experiment is mainly to verify the depth of the network structure and the role of the
multi-loss function. The comparison experiment includes the traditional method and the deep
learning methods. The experimental results show that the multi-reconstruction and multi-loss
function can help the network to generate complex images and improve the network’s enhanced
performance for low-intensity images with multiple distortions. Indicating that our method can
better Enhances low-illumination images and has better ability to remove noise.

Keywords low-illumination image enhancement; multiple reconstruction; multi-loss function;

multiple distortion; variational AutoEncoder; residual network
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il 5 A S BUE A RRIL S B ok — P P IR i)

FCREE an il 6 W IRAT Y conv-1, conv-2. i £ i 1E
oAl 3,45 2 i
5.3.3  ZTUI K R EOH fl S 5

A SCHR L T 22 T 2R R B AR i 1 B —F5 2K R
B HA R T A A0 ) S Y [ AR B R 2 A R
P i i PR A IR E R, RS A4 SN 7 B,
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Conv-1 Conv-2

HEAREEE IR

Ly oLy

o, Lptw,Lig

Out
&6 4 A A B B R R &

DLy e TP Lor @1L g o T Lar @3 Lig

B7 5% oA RO Tl 5 B 45 2R HL A

MANA (Lo, s Lor) s 1% I8 BE B 45 52 1) X358
Gy B b B L N 7 AT R T A RE N B L B
UG A0 15 15 B D QIR AT I £ HE PN 1) 58 1 2% 5

MAH Cws Lor +ws Low ) » B 58 J5 19 2060 75 55 2R
FLL AN 7 TOAT IR v SR AE PN ) 6 b 5

YAVA (o Ly conent s Lo ) I, A1 18 J32 1145 4
S ) DX 3ol 57 Bl asd B 358 L N 7 R 21 HE P 1 %

2R Z IR (w1 Ly conen T2 Lor Fws Log) s
BN {5 B OR B R B 58 B I 2 8 R LG R IR B
U e A 118 1 500 ROR BB

R R EUH B 52 58 78 Synthetic_test_set [* Ay
PSNR/SSIM ¥J{E N3 3 Fros . Al K 2 Wbt 2k bk 5L
) PSNR/SSIM HJ{E fe i » B WL UL W] T HLAE 1% o B
BT R  28 AE Y PR o A U

R 3 MAEHPARMEIH PSNR/SSIM HE L EK

ML 4R Lk +wsLor

w3 Lgr +ws Lor

w1 L7 Content w3 Lor 1 L7 Content w2 Lor w3 Lor

Synthetic_test_set 22.847/0.776

22.276/0.772

22.765/0.789 23.761/0. 806

5.4 IZEBITA

43 M 7E Synthetic_test_set, True_test_set | [
B MR-VAE 5 MSRCR™ . DeHZ #1 LIME 1% 4; 1t
977, 2 MSRNet 9%, F True_test_set | [t
# MR-VAE 5 MSRNet, RetinexNet P ff 3& T 7%
JE 27 2] O R AR X b S g v A SO e A
TFUE B ACH 2 BRI Al AR G 18 ST ik 5 BLAT 1% 5
X T TR BE 4 ] 1 J5 i MSRNet fgi i Synthetic_
train_set #F47 I 4, RetinexNet® B 42 i F {F # 42

b P A5 TR ST A
5.4.1  BERVAT G E 4 A

Ry A AR HE B B I H R R L B G B e A
G RN 208 T 1 52 5 AR R Pk W S AR SC ke 1
R MR-VAE, H g1 GR.DR W~ He 4l . T 1
B 18] 243 MR-VAE 5 X} 52560 b i 5L 9R i 2
> 75 VR AR SR B RN TSR 4 TR

@  https://github. com/weichen582/RetinexNet
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4 BEESREHSN RO 3 Al AT, MSRCR 1 S P 25 AR A . 15

Network Params Model iz KB SR (RIS s DeHZ 0 RIS B LR 355 1 i i
e ot s W3 301 2 5 H TP A« I o B A
MR-VAE 67980745 796655 S B R A P % LIME AR B9 6 47 7E
502 FABLAE A O 50 3o B A 4K 5 A 0 TR

B 8 1, MR-VAE 7E 25 BF N2 g g e 200 MSRNet 3 TR a8 (3 2k B0 08 =, pu 4>
5 T (R BRI A ST AE Y. ] 8 S MR-VAE %5 WP B 5 RetinexNet i 4195 {5 & & B B4 (H
LG FE TR % 3] )7 TE True_test_set RYMER R R SR B MG IRK H.

RSB IR MSRCR ' RetinexNet

Bl 8  ANFJ5ikAE True_test_set | (41K BE B 3 5 0 R

5.4.3  HWERIFAL VAE J5 i 5T oAb LR 7 ¥ 1) PSNR/SSIM i #
KM PSNR,SSIM {5 r i am BOR M S5 m BB IE T MR-VAE 375 25 R 7S 51 /0, X
FRARLRE L X FE B 5 f5 MR LE. i 3% 5./ 9 mIJ. MR- JBE (S5 F B i et 1R

%= 5 JL# X Synthetic_test_set i) PSNR/SSIM 3 {&

i 4 MSRCR DeHZ LIME MSRNet MR-VAE
Synthetic_test_set 11.925/0. 526 17.406/0. 597 17.138/0.513 15.625/0. 578 23.761/0. 806

0 25 50 75 100 125 150 175 200 0 25 50 75 100 125 150 175 200
Test iterations Test iterations
(a) JURPJ7#4E Synthetic_test_set EIPSNR (b) JUR 57342 Synthetic_test_set_EAISSIM

& 9  JLFP 7 AE Synthetic_test_set F ) PSNR f1 SSIM %%
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10 B/~ T ANF 7 7E Synthetic_test_set [
R 3G s 25 % A T M R Z KR 1) PSNR/
SSIM. F3 B o] J1, % 50 AR e 75 22 50RO 1Y &
8 MR-VAE {75 5K 153 2] # 14 1 i 85 452 35 T )t 1R
By A i 10 TR . MSRCR Jr 2 5% B A W]
I8 s DeHZ Ml LIME I8 50T 55 B L (530 G A7 7 A
S ORI RIS BE NS — A R T I S LA
O 55 A3 5 0 S Bl o B 1 e NI P R
#1 s MSRNet 52 B2 i I ROR B0 H 4015 5 B8
BARAS o — DGR R B P 2 A b,
RO B Uy R MR R D B ss I BE 10 Y M R
B ..

B Ah SR A WA R AE I GCVAY (Google
Cloud Vision APD il f1i} ] MR-VAE 5 JL/~ 3
TURBE S 2] Jr iR SR 4 R b i W AR5 B PR AR A& T
R H A T AL 8 AT 55 PR RE B9 /R . H
GCVA B&YRIRA . OCR SCFIR %4 fg, Hil
B AR

BB 11 AT, GCVA FE R B BT iR 5 AN
GCVA 1 MSRNet FY 3 5 45 5 A U 79 9 14 %
i s RetinexNet IRZ - MR-VAE HZ ., H 7 ™Y
A 0 AG I B car™, S H A T 3 #0602 ).
ME R 2 BT 1] 21, MR-VAE %427+ GCVA 31 51| 4
RE (R 34T

al-m |
21.201/0.767 |

124.510/0815

16.290/0.612

12.526/0.447 17.636/0.484 21.040/0.661 23.900/0.744
JRAGIEIE IR B 5 MSRCR DeHaze LIME MSRNet MR-VAE
10 A[A] 5 7 Synthetic_test_set b B4 i IF 32 43 568 250 58
Wheel 89%
Motorcycle 87%
Wheel 87%
Building 61%
_ Motorcycle 83%
Building 56% Building 56%
Building 55%
Org (a) MSRNet
Wheel 92%
Motorcycle 76%
Whed so% Building 68%
) Building 67%
Building 51% _—-
Building 65%
Car 57%
Window 51%
Building 50%

(b) RetinexNet
& 11

(c) MR-VAE

AN J5 i SR 45 R AE GCVA J AL B8R

@ https://cloud. google. com/vision/
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To improve the enhancement ability of low-illumination
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blur, etc.) and solve the problems of unrealistic and fuzzy
enhancement of images. We are inspired by the concept of
Variational AutoEncoder and Residual Network, design and
proposes MR-V AE for low-illumination image enhancement,
select “end-to-end” training strategy and using the MR-VAE
hidden layer to learn low illuminance-to-normal illumination,
noisy-to-noiseless, and fuzzy-to-clear composite nonlinear map-
ping, equivalent to capture an approximate nonlinear mapping
from true low-illumination to normal illumination images.

First of all, MR-V AE consists of three modules: feature
probability distribution capture, global reconstruction and
detail reconstruction. ‘Characteristic probability distribution
capture’ is used to capture hidden variables that cover the
global features of the image. * Global Reconstruction’ mainly
captures non-linear mapping from low to normal illumination,
enhances global brightness of the image, and produces images
with significantly improved brightness and global features
(scene, color distribution, and illuminance characteristics,
etc. ). ‘Detail Reconstruction’ is mainly used to weigh the
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to-noiseless, fuzzy-to-clear composite nonlinear mapping.
Denoising retains more detail features (detail sharpness,
chromatic aberration, and visual characteristics), while
fine-tuning local brightness to obtain images with higher
detail sharpness and better visual characteristics.

In addition, this paper defines a Multi-loss function
replacement /, loss that cover image quality assessment,
content generation, and detail construction to help guide the
network to generate high quality images.

Finally, the multi-reconstruction and multi-loss function
improve the network’s ability to generate complex images
and enhance multiple distortions of low-illumination images,
enabling them to generate images with high quality, high
signal-to-noise ratio and more visual characteristics.
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