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Low-light image enhancement algorithm based on unsupervised
learning

SU Fu, JING Liang” , LUO Renze, WANG Longye, ZHANG Kaixin, FANG Dong

(College of Electrical Information, Southwest Petroleum University, Chengdu, Sichuan 610500, China)

Abstract: An image enhancement algorithm based on unsupervised learning is proposed,aim at the prob-
lems of low illumination image enhancement algorithms, suffering from loss of recovery details, high net-
work complexity,and difficulty obtaining paired data sets. In YIQ color space,the enhancement curve of
luminance channel Y is calculated by the constructed lightweight network and power index function to
get the image of the enhancement of the poorly exposed area and the containment of the high light area.
The no-reference loss function used in this network can implicitly evaluate image enhancement quality
and drive network learning. Experimental results show that the proposed algorithm achieves competitive
results regarding visual effects and image quality when the trainable parameters and model weight only
account for 9.5 k/88 kB.
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LLIE-Net:low-light image enhancement net
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Fig. 1 The overall framework of this algorithm
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Fig. 2 Influence of different parameter A on LLIE-Curve
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Fig.3 Enhancement of typical low-light images: (a) Input; (b) Output
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6 IHEBERIFRERLEGIEELE:
(a) IRE; (b) ExcNet; (¢) LIME; (d) MBLLEN;
(e) MSRCR+AL; (f) TBEFN; (g) Zero-Dce; (h) Our
Fig. 6 Comparison of low-light image enhancement in typical indoor scenes:

(a) Original; (b) ExcNet; (¢) LIME; (d) MBLLEN; (e) MSRCR+AL; (f) TBEFN; (g) Zero-Dce; (h) Our

B7 MBEHNGEF[LEGRIERLILER:
(a) IRE; (b) ExcNet; (¢) LIME; (d) MBLLEN;
(e) MSRCR+AL; (f) TBEFN; (g) Zero-Dce; (h) Our
Fig. 7 Comparison of low-light image enhancement in typical outdoor scenes: (a) Original;
(b) ExcNet; (¢) LIME; (d) MBLLEN; (e) MSRCR+AL; (f) TBEFN; (g) Zero-Dce; (h) Our
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MSRCR+ AL 13.17 0.442
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MBLLEN!M® 14.07 0.471
TBEFNE 15.42 0.516
Our 14.93 0.54

+ 1043 -

2.3 MEKRHFEVERFR

FEEL 9 T REIR T AR S HE 4 45 % R BONT e 8 4
580 50 SR B A X L DAE BH SCHR R R 1 A A 2K R
B E B, B9 i, B OGEH HK L,
B JE AR KSR AT A K 2 . B’ 9 (o), 2k
N BE R L, B B30 T ) 49 i G ORE A
JE JC AR B A PR 0 3 i T 4% 4 40 X 38k 2 1] 11
25, B o), Yl BECE i R LB
F IR R A8 X A DG L il e 2K 5 A5 R T A R
WS RN 52 . 25 R AR W, SO (T 0 A 4 R eR B
Xof fie 4 B B AR AR AR A B R .
2.4 YIQ BEARKERAR

R RIRA CEEAE YIQ (i iy i %, 7E RGB
il % RGB 3 /N @i s ] LLIE-Curve, 3 347 7]
MALXT S5, 1 10 S M e XF LAk R . IR 10
AILLE L IS 7 RGB ik J& YIQ (a3 b b 17 3 o
XF T 45 A IR RE RS A 5 B2 7 THD 0 RE A 80 Ml 1 o
SR N R LU L, RGB 3 3 3 22 18] 1 T 77 75 i
FRA P L RIS 3 A4 38 T8 HE 47 3 5 2 5 800 I A7 7E
il 184 5 RS R AR B2 17 BB . 53 RGB (a3
Bl 1 45 SR AR LG DT T AN A0 YIQ s, anfAl 10 E
FErp g 4 e 1 R .

#x 2 AEEXTE VV.MEF.LIME.DICM ##&% _E# NIQE ¥ /LOE v 1%
Tab.2 NIQE v /LOE v indicators of different algorithms on VV, MEF, LIME and DICM data sets

Method
MSRCR+ AL LIME"!" ExcNet!?" Zero-Deel?] MBLLEN!®] TBEFN: Our
LIME 4.28/0.048 5.36/0. 144 4.29/0.088 5.18/0. 109 4,66/0.171 4.21/0.118 4.08/0. 031
Data DICM 3.75/@ 3.8/0.185 3.59/0. 211 3.76/0.193 3.79/0.2 E/LNZ 3.51/0.196
MEF  3.67/0.058 3.9/0.091 3.67/0.077 3.85/0.047 3.97/0.178 3.36/0.123 3.46/0. 035
\A% 3.43/0. 147 7.09/0. 266 LZI/O 183 4. 48/@ 4.49/0.23 4.63/0.217 R/M
Average 3.78/0.103 5.03/0.172 w/o 14 4.31/0.148 4,22/0.195 3.85/0.158 3. 52/0.1&

E 8

(©

(d)

ANEFEEARFHR THEBHR (a) FE; (b) XT; (¢) BS; (d) WEK; (e) BE

Fig.8 The enhancement effect of this algorithm in different scenarios: (a) The street;

(b) The hall; (c) The pavilion; (d) The mountain; (e) The study



e 1044 WM HI - B W 20234 34k

K3 AEEERERTH5472X3648X3 B/ LRYIEITRE NEX/N A ESHFARXTEE

Tab.3 Running time, weight size, trainable parameters and test platform of

different algorithms on 5472 X3 648 X 3 images

Method Run/s Weight size/ MB Para/k Platform

MSRCR+ AL 1.83 — — Python(CPU)

LIME!*! 16. 4 — — Python(CPU)
ExcNet?! 2.6 200 52593.2 Tensorflow(GPU)
Zero-Deel?* 0. 31 0.33 79.4 Tensorflow(GPU)
MBLLEN-* 0.92 1.95 450. 1 Tensorflow(GPU)
TBEFN 0.43 1. 85 390 Tensorflow(GPU)
Our 0.26 0.09 9.5 Tensorflow(GPU)

B9 SEMAFEPINRLAEBENRATH:
(a) EE; (b) #R Ley; (¢) B2 Ly.; (d) 8R40 Ly; (e) ZXE X
Fig. 9 The contribution of each loss function to the final enhancement effect: (a) Input; (b) Without L.y, ;

) Without L,,,; (d) Without L, ; (e) Our

(@) (b) (©

B 10 YIQ BEARMEBEEMITE: (a) RE; (b) RGB BIHIEME; (c) YIQ BIHIERE
Fig. 10  Ablation of YIQ gamut adjustment advantage: (a) Input; (b) RGB gamut enhancement; (c¢) YIQ gamut enhancement

3 & © FR i G 2% B O W o 2T o AN TR T A G 8 I 4
B > PG 2 AR A G A SCR L e Y il i b S B A
B X I R PRI AR A 20 9 RS LR B RO R R (LI DO W RS- RIOR SR R IR b g g L
T — R TG B A o A TR G i B3k ol o 3 LLIE-Net ACRA HH Y 3 JE , [8] i B A 5 4 A 3%
BT AR a2 DL RO R 1Y 6 2 25 40 Ok eR K0S B SR RO 5 7 4 5 355 't DX ) IR A e g Ol DX B A
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