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Unsupervised Learning with Natural Low-light Image Enhancement

Hunsang Lee*, Kwanghoon Sohn”, Dongbo Min""

ABSTRACT

+

Recently, deep-learning based methods for low-light image enhancement accomplish great success
through supervised learning. However, they still suffer from the lack of sufficient training data due to
difficulty of obtaining a large amount of low-/normal-light image pairs in real environments. In this
paper, we propose an unsupervised learning approach for single low-light image enhancement using the
bright channel prior (BCP), which gives the constraint that the brightest pixel in a small patch is likely
to be close to 1. With this prior, pseudo ground-truth is first generated to establish an unsupervised
loss function. The proposed enhancement network is then trained using the proposed unsupervised loss
function. To the best of our knowledge, this is the first attempt that performs a low-light image
enhancement through unsupervised learning. In addition, we introduce a self-attention map for preserving
image details and naturalness in the enhanced result. We validate the proposed method on various public
datasets, demonstrating that our method achieves competitive performance over state-of-the-arts.
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Fig. 1. Unnatural artifacts of existing methods, Each image represents (a) input image, (b) RetinexNet [10], (c)
LightenNet [11], (d) DHN [12] and (e) the proposed method.
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Fig. 2. Overall architecture of the proposed method. An initial illumination map ¢ and self—attention map 1, are
computed from input image. Then, the enhancement network £ estimates a final illumination map.
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Table 1. The performance validation of self—attention map. Avg. is the mean value of the results across all datasets

Dataset

Method FiveK [15] LIME [8] NPE [6] Avg.
NIQE LOE NIQE LOE NIQE LOE NIQE LOE
Lser 4.05 751 4.50 506 5.27 1329 4.22 823
LRC”-ﬁ-Im 3.41 417 3.83 321 3.53 332 3.55 404

Table 2. Quantitative evaluation with state—of—the—art methods. The lower is the better
Dataset

Method FiveK [15] LIME [8] NPE [6] Avg.
NIQE LOE NIQE LOE NIQE LOE NIQE LOE
RetinexNet [10] 4.26 2125 4.75 1518 4.39 1675 4.34 1907
LightenNet [11] 3.40 2378 3.49 1914 3.22 1403 3.33 1952
LIME (8] 3.50 1203 4.25 1134 3.53 1241 3.95 1215
DHN [12] 3.29 369 3.59 374 3.16 511 3.25 428
UPE [13] 3.23 1003 3.92 1237 2.98 796 3.16 930
Ours 3.33 228 3.78 209 3.18 327 3.30 305
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Fig. 5. Qualitative evaluation of FiveK [15] dataset, (a) input image, (b) RetinexNet [10], (c) LightenNet [11], (d) DHN
[12], (e) UPE [13], (f) the proposed method,

Fig. 6. Qualitative evaluation of LIME [8] and NPE [6] dataset. (a) input image, (b) RetinexNet [10], (c) LightenNet
[11], (d) DHN [12], (e) UPE [13], (f) the proposed method.

BYA BATE EASE A HAT S Utk o] 2 WG R, A
Sof, Fig. 69 Wl WA 2o GAbelAl OB WEE o A WS FASk o Fe o
SR AR WA 2Rel Aedd Hepde & FYAWA H YL BEse o

o
%

0 ok

i

rlo

By

BN
N
of?

ox

o



flo Hd
2

R

rr

2

B

iy

off

o

i) mlo
=

rfa

ol

N

f

e}

=

fu

i
2
r&
_O|L

Gk 712 B Eo UA AxE
dlolEl7h REsh o] §2 219
BHSo} sgal BAE §2s]
AER A g Bl Az

= TTha =

2

Aol A
dlolE A&
ste] BCPE

S FsAutt =3 A7]-F5(self-attention)
A3+ I E 3} (over-saturation) A9} 22
AAEH FA Azl IS FHE
o A AAZA H]J]__ %—6‘}0% A oF3l H)

)

o o o r

ol

[o

o ox o
o

e [N Hﬂm&m[ﬂﬁ—hrﬂm‘éé&ﬁrﬂf—lo
@ o 8 H o
123 32

-
9‘1',
Kl
X
]
iy}

REFERENCE

[1] J. Redmon, S. Divvala, R. Girshick, and A.
Farhadi, “You Only Look Once: Unified, Real-
time Object Detection,” Proceeding of Con—
ference on Computer Vision and Pattern
Recognition, pp. 779-788, 2016.

[2] ]J. Deng, W. Dong, R. Socher, L.J. Li, K. Lj,
and L.F. Fei,

archical Image Database,”

“Imagenet: A Large-scale Hier—

Proceeding of
Conférence on Computer Vision and Pattern
Recognition, pp. 248-255, 2009.

[3] L.C. Chen, G. Papandreou, I. Kokkinos, K.
Murphy, and A.L. Yuille,
Image Segmentation with Deep Convolutional

“Deeplab: Semantic

nets, Atrous Convolution, and Fully Connected
Crfs,” Transaction on Pattern Analysis and
Machine Intelligence, Vol. 40, No. 4, pp. 834~
848, 2017.

ANAAZ 2 MEE

[4]

[5]

[6]

[7]

[8]

[91]

[10]

[11]

[12]

ENPIIS

(AL

o

%

o]

HIXI=

Lo
il

143

S.M. Pizer, R.E. Johnston, J.P. Ericksen, B.C.
Yankaskas, and K.E. Muller, “Contrast- lim-
ited Adaptive Histogram Equalization: Speed
and Effectiveness,” Proceeding of Conference
on Visualization /n Biomedical Computing,
pp. 337-345, 1990.

M.A.A. Wadud, M.H. Kabir, M.A.A. Dewan,
and O. Chae, “A Dynamic Histogram Equal-
ization for Image Contrast Enhancement,”
Transaction on Consumer Electronics, Vol.
53, No. 2, pp. 593-600, 2007.

S. Wang, J. Zheng, HM. Hu, and B. Li, “Na-
turalness Preserved Enhancement Algorithm
for Non—uniform Illumination Images,” 7ran-
saction on Image Processing, Vol. 22, No. 9,
pp. 3538-3548, 2013.

X. Fu, D. Zeng, Y. Huang, X.P. Zhang, and
X. Ding, “A Weighted Variational Model for
Simultaneous Reflectance and Illumination
Estimation,” Proceeding of Conference on
Computer Vision and Pattern Recognition,
pp. 2782-2790, 2016.

X. Guo, Y. Li, and H. Ling, “

Image Enhancement Via Illumination Map

Lime: Low-light
Estimation,” 7ransaction on Image Process—
ing, Vol. 26, No. 2, pp. 982-993, 2016.

K.G. Lore, A. Akintayo, and S. Sarkar, “Llnet:
A Deep Autoencoder Approach to Natural
Low-light Image Enhancement,” Pattern
FRecognition, Vol. 61, pp. 650-662, 2017.

C. Wei, W. Wang, W. Yang, and J. Liu, “Deep
Retinex Decomposition for Low-light Enhance-
ment,” Proceeding of British Machine Vision
Conference, pp. 1-12, 2018.

C. Li, J. Guo, F. Porikli, and Y. Pang, “Lig—
htennet: A Convolutional Neural Network for
Weakly Illuminated Image Enhancement,”
Pattern Recognition Letters, Vol. 104, pp. 15—
22, 2018.

W. Ren, S. Liu, L. Ma, Q. Xu, X. Xu, X. Cao,
et al., “Low-light Image Enhancement Via a
Deep Hybrid Network,” Transaction on Image



144

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

ZEOICINEE ==X M23H X2%(2020. 2)

Processing, Vol. 28, No. 9, pp. 4364-4375, 2019.
R. Wang, Q. Zhang, C.W. Fu, X. Shen, W.S.
and J. Jia,

Enhancement Using Deep Illumination Estim-—

Zheng, “Underexposed Photo
ation,” Proceeding of Conference on Compu-
ter Vision and Pattern Recognition, pp. 6349
6857, 2019.

Flickr, https://www.flickr.com/
November 22, 2019).

V. Bychkovsky, S. Paris, E. Chan, and F.
Durand, “Learning Photographic Global Tonal

(accessed

Adjustment with a Database of Input/Output
Image Pairs,” Proceeding of Conference on
Computer Vision and Pattern Recognition,
pp. 97-104, 2011.

K. He, J. Sun, and X. Tang, “Single Image
Haze Removal Using Dark Channel Prior,”
Transaction on Pattern Analysis and Machine
Intelligence, Vol. 33, No. 12, pp. 2341-2353,
2010.

A. Golts, D. Freedman, and M. Elad, “Unsu-
pervised Single Image Dehazing Using Dark
Channel Prior Loss,” arXiv Preprint ArXiv:
1812.07051, 2018.

X. Zhang, P. Shen, L. Luo, L. Zhang, and ]J.
Song, “Enhancement and Noise Reduction of
Very Low Light Level Images,” Proceeding
of International Conférence on Pattern
Recognition, pp. 2034-2037, 2012.

L. Li, R. Wang, W. Wang, and W. Gao, “A
Low-light Image Enhancement Method for
Both Denoising and Contrast Enlarging,” Pro-
ceeding of International Conference on Image
Processing, pp. 3730-3734, 2015.

G. Petschnigg, R. Szeliski, M. Agrawala, M.
Cohen, H. Hoppe, and K. Toyama, “Digital
Photography with Flash and No-flash Image

Pairs,” Transaction on Graphics, Vol. 23, No.

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

3, pp. 664-672, 2004.

K. Dabov, A. Foi, V. Katkovnik, and K. Egia—-
zarian, “Image Denoising by Sparse 3-D
Transform—-domain Collaborative Filtering,”
Transaction on Image Processing, Vol. 16, No.
8, pp. 2080-2095, 2007.

M. Gharbi, J. Chen, J.T. Barron, S.W. Hasin-
off, and F. Durand, “Deep Bilateral Learning
for Real-time Image Enhancement,” 7ransac-
tion on Graphics, Vol. 36, No. 4, pp. 118, 2017.
Y. Wang, S. Zhuo, D. Tao, J. Bu, and N. Lj,
“Automatic Local Exposure Correction Using
Bright Channel Prior for Under-exposed
Images,” Signal Processing, Vol. 93, No. 11,
pp. 3227-3238, 2013.

A. Levin, D. Lischinski, and Y. Weiss, “A
Closed-form Solution to Natural Image Mat—
ting,” 7Transaction on Pattern Analysis and
Machine Intelligence, Vol. 30, No. 2, pp. 228-
242, 2008.

J. Cai, S. Gu, and L. Zhang, “Learning a Deep
Single Image Contrast Enhancer from Multi—
Exposure Images,” Transaction on Image
Processing, Vol. 27, No. 4, pp. 2049-2062, 2018.
D.P. Kingma and J. Ba, “Adam: A Method for
Stochastic Optimization,” Proceeding of Inter-
national Conference on Learning Representa—
tions, 2015.

A. Mittal, R. Soundararajan, and A.C. Bovik,
“Making a “Completely Blind” Image Quality
Analyzer,” Signal Processing Letters, Vol.
20, No. 3, pp. 209-212, 2012.

S. Jung, J. Kim, D. Lee, S. Lee, and G. Kim,
“Intelligent Video Event Detection System
Used by Image Object Identification Techni-
que,” Journal of Korea Multimedia Society,
Vol. 13, No. 2, pp. 171-178, 2010.



o o &
2016 FEoista 7 FE &3t
AL 4
2018 Fddista 75 &3t
AAL 4
20183 ~ & A AAMdstw A7) A
24385 whAL 778
FEAE, e
= & =
1983 AAtHstn A =E8ka
kAL

AL 2 MEE Fa NS 28 HINE && 145

a s =2

2003 QAThSH A7) 24§
¥ s 24

20053 QAThSHa A7) 24§
B 44 24

20099 @ATISH A7) A3

3w 29

2009 ~20101@ Mitsubishi Electric Research Lab
(M=) BALEATA

20101 ~20159 Advanced Digital Sciences Center
(H7tz=2) A3

20159 ~2018¢1 Zdtista HFE o} 2w

2018 ~ @A olstAAA e HFE 35 2

Al Fok: HAFENAE, I4AE, 939

o=
-

1985 W= WV AElhstn A
AF313} 44

199149 w2 o et F
ddiste 7] AFEF
st} A

1983 ~1992d North Carolina A&T State University,
Image Proc. & Computer Vision Lab., Research

Associate

1992 ~1993d = HAFAA T4 STV EAF
o, AddTd

19943 Georgetown University MRI Center, Post
Doctoral Fellow

19959 ~ @A AMdstn A7 HAFEH wg

20023 ~2003 Nanyang Technological University,
School of Computer Engineering, Visiting
Professor

2009 ~2010 =W AgATA AZHH

ARk 32k I AE AE, HFE vA



