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Low-light image enhancement based on dual-residual
convolutional network

CHEN Qing-jiang” , QU Mei
(School of Science ,Xi’an University of Architecture and Technology, Xi’an 710055, China)

Abstract: In order to solve the current problem about low-light image enhancement,an algorithm of
image enhancement based on dual-residual convolutional network is proposed. First,according to Ret-
inex theory, the normal-light image is synthesized into low-light image, the synthetic is decomposed
onto the three components of R.G and B,and learning the mapping relations between low-light image
and normal-light image on all components through the module of feature extraction as well as dual-re-
sidual. Then the enhanced image on all components can be obtained, and finally the enhanced RGB im-
age is synthesized. Subsequently, the bilateral filtering is used to optimize the enhanced RGB image so
that the obtained image is analogical to the reference image.The experiment results show that the al-
gorithm proposed in this paper, whose Peak Signal to Noise Ratio can reach up to 25.931 1 dB and
Structural Similarity Index can reach up to 0.945 2 in terms of processing synthesized low-light image,
and whose novel blind image quality assessment can exceed other compared algorithms and the algo-

rithm in this paper goes faster in terms of processing real low-light image. Therefore, the proposed al-
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gorithm is superior to the contrast algorithms.

Key words: low-light image enhancement; dual-residual network; feature extraction; Retinex theoret-

ical model
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Fig.7 Results of processing low-light images Bridge by different algorithms

e ~ il
0 ' ' LEEEL Y

(2) fRIFUE I (b) ERREEE (c) Fufik (d) Ying ¥k
(a) Low-light image (b) Normal-light image (c) Fu algorithm (d) Ying algorithm

(©) Renfitk (f) DongBi % (e) LiFisk ' () AR
(e) Ren algorithm (f) Dong algorithm (g) Li algorithm (h) Ours algorithm

8 I Ia) Bk Ak FRAIC B 15145 Building 1945
Fig. 8 Results of processing low-light images Building by different algorithms

AR, MEFEEEMELT R MY B L, A 06 1B {5 8 L (Peak Signal to
fFa. Noise Ratio, PSNR) . % #4 #H {l B ( Structural



BRI UL, A5« T XUk 2 45 BRI 2% 1) IR IR

JE A5 3 o 311

Similarity Index,SSIM) ¥ R % 2= (Root Mean
Square Error, RMSE) #l115 & %4 (Information en-
tropy)ifﬁﬁ EG VT 48 b o 4 2 48 5 SR A5 f ¢
B R T
BN IEAR TR AKX R

255
PSNR=10 l[g——— (9

A o WIEH MM RS, vy RGN K
B . W R A5 W L AT LR T i 8 B H
G g o 2 T Ak B P 45 8 o AR B L e 22 BBOR
(LT
SSIM(xy) =
Cp.py +ar) (20, +as)
(n* .+ pt, +a) (6. +0%,

+a,)
(10)

Kbz, y 4350 3o 0y RO 225 1Y 1E 7 IR

JE B MR e, S a BEIME, e, Sy B9FEY

#z 1 B Starfish R AR EEKEEF

B, 0", W WIT2, 8", Ny W%, 0, Na M
y T2, a0 B, J2 OB/ N8 B, D3k B0 o
R0 T H B RGN R g B4, SSIM. Y LA
1E [0,1] . SSIM B {E B K, B 0R A BIHR R H B
JIN S B SR AR AT

RMSE = , an

JZQ} (Y —X)*

AP Y WiER BEEBG, X NHREWEIZR, »
j‘j[zizl{%{%%‘?uﬂ 05 MR 25 R B it s 1 1%
5% 0w B ER Z M 22 5 . RMSE (18
N e S I ORI AT

H((X)=E [log.P (X) '] » (12
AP X FRRFEHLAE R, P (X)) 2255 LK ek
B, FEMEREGESFEREZ DBRENY M
H, AR A AR R 2, 3R W] 1 i U R
U, Nk 1~% 3 fim,

EMIEER

Tab.1 Evaluation indicators results by different enhancing algorlthms for image Starfish

Evaluation indicators Fu Ying Ren Dong Li Ours
PSNRdAB) 17.529 9 15.161 9 14.813 9 22.113 5 14.916 1 25.931 1
SSIM 0.884 4 0.735 4 0.797 4 0.928 1 0.776 7 0.945 2
RMSE 0.033 3 0.040 0 0.039 7 0.038 6 0.046 3 0.027 9
Information entropy(bit) 7.349 2 6.871 7 6.898 5 7.565 0 7.176 2 7.625 2

# 2 HE1% Bridge R AARRELRERE

EMIEIRE R

Tab.2 Evaluation indicators results by different enhancing algorithms for image Bridge

Evaluation indicators Fu Ying Ren Dong Li Ours
PSNR(dB) 20.365 0 19.632 3 18.240 1 22.904 5 18.431 1 23.690 6
SSIM 0.767 4 0.668 7 0.625 6 0.806 9 0.732'5 0.807 2
RMSE 0.036 4 0.033 2 0.035 3 0.033 8 0.042 8 0.030 8
Information entropy(bit) 7.112 6 6.512 0 6.302 6 7.157°9 6.896 6 7.192 7

£ 3 E% Building R AR E XIERGF

TEMIERE R

Tab.3 Evaluation indicators results by different enhancing algorithms for image Building

Evaluation indicators Fu Ying Ren Dong Li Ours
PSNR(dB) 16.696 0 13.968 0 13.380 7 20.700 7 16.687 6 23.281 8
SSIM 0.842 3 0.691 4 0.717 4 0.878 6 0.816 6 0.891 4
RMSE 0.033 8 0.040 2 0.040 2 0.039 2 0.040 9 0.029 3
Information entropy(bit) 7.387 7 6.952 9 6.860 3 7.703 6 7.682 7 7.743 2
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Tab.4 Comparison results of PSNR(Unit:dB) and SSIM of different modules
WA 8 AR L5 2 T2 B i B LAY 5 25 A UK 72 A
U A5 {5 M L 22.763 7 23.979 9 25.931 1
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4 e A A0 B 0.924 4 0.939 4 0.945 2
U {15 M L 22.476 9 23.289 3 23.690 6
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25 R A AL B 0.788 9 0.800 6 0.807 2
U {15 MR L 21.253 8 22.006 1 23.281 8
Building
S5 R AR AL 0.874 2 0.880 2 0.891 9
W {5 M 1 (PSNR) A 45 #) A1 8L (SSIMD £ =1 {8 (Image average) .18 ¥ ( Average Gradient)
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Fig. 10 Results of processing real low-light images Pocky by different algorithms
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Fig.11 Results of processing the real low-light image Palace by different algorithms
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Tab.5 Evaluation indicators results by different enhancing algorithms for image Pocky

Evaluation indicators Fu Ying Ren Dong Li Ours
NBIQA 39.2215 37.916 9 43.771 2 39.596 6 39.456 6 38.534 4
Image Average 79.481 2 80.252 5 88.290 6 109.851 7 83.212 5 112.500 9
Average Gradient 4.622 4 4.409 8 3.309 5 5.320 8 3.958 0 5.675 7
Standard Deviation 87.188 6 6.512 0 6.302 6 7.157 9 6.896 6 7.192 7

Fx 6 BE1& Palace R A AR E LR

RIFMiERER

Tab.6 Evaluation Indicators results by different enhancing algorithms for image Palace

Evaluation indicators Fu Ying Ren Dong Li Ours
NBIQA 37.730 5 37.149 6 34.836 6 35.078 2 34.861 1 34.001 6
Image Average 70.592 2 76.120 2 79.313 9 92.922 5 52.623 2 93.408 0
Average Gradient 6.901 0 6.033 8 5.134 2 8.323 3 4.988 3 8.366 3
Standard Deviation 42.543 3 40.333 9 39.388 8 70.692 6 39.032 2 69.552 7

x7 AREENEITHEXLER (BN :s)
Tab.7 Run-time comparison results by different algorithms (Unit: s)
Image Fu Ying Dong Li Ours

Pocky 1.304 147 0.562 391 7.806 604 0.630 554 7.330 000 0.405 303
Palace 1.111 090 0.542 571 7.006 407 0.524 347 7.877 522 0.367 636
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