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Fig. 3 Multi—exposure fusion process diagram based on deep learning
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Table 2 Algorithm steps of depth guided filter module

Low resolution weight map W/
Input Low resolution exposure sequence X/

High resolution exposure sequence X'

Output High resolution weight map W/
;kl:f;nean(xé) Step 3 AIZZX,W, /(2X1+€)
- tep - —
W= foen (W) B=W,—AQ®X,
Step 1 —
Xlzzfmean(X/z{QX/el) A/,:ﬁ(A/)
—_ ; ; Step 4
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S =X X[OX]
Step 2 ’ — Step 5 W/ =AiOX/ + B;
p — €p k k k k
ZXW,:X[W[ . HON 4

1 o : o

X, represents a low resolution exposure sequence; Wk’ represents a low resolution weight sequence;
h . . . . .

X, represents a high resolution exposure sequence; W: represents a high resolution weight sequence
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Fig. 5 Guided filtering layer
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Fig. 6 Comparison of enhancement effects in backlight environment
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Fig. 7 Comparison of enhancement effects in local light level environment
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Fig. 8 Comparison of enhancement effects in extremely low light environment
IR B 1, 8 DICM HHi 45 L4543 98 T e 30 7% 5.54 %0, /5 NPE 84 4 A3 43 (0585 T Fe 37 7% 0.53 %0
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Table 3 NIQE comparison of enhancement results under different algorithms

LIME LECARM FEM KinD RUAS Zero-DCE Proposed
DICM dataset 3.5170 2.6113 2.746 5 2.988 8 4.5477 2.750 2 2.764 5
MEF dataset 4.732 9 3.509 7 3.4132 3.3753 3.4831 3.3808 31301
NPE dataset 3.942°5 3.449 0 3.407 2 3.634 2 5.349 7 3.6554 3.4253
LIME dataset 4.4111 4.3258 4.404 6 4.453 0 4.2840 4.138 8 3.9525
Average 4.5109 3.474 0 3.4929 3.6128 44161 3.481 3 33181

222 FHREARBMEL

SR T HE— 2 0 UE A 0 R A X (R A AR AL R T Al A ML 1 I B AT S 58 X B R 4
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& EFXF Onsemi AL, 7655 Sk BT 0NE 5 232 10 %0 M ug o6 7 453 B0 oG G, R8O (66 = N 5
HNER S ME N AT R SR as R 10 mE 1L ETR B B 1 RR R L BUE 2 E
Y2,

ML TO ] 11 AT DL & BRAS SCER 3 AT LAAT R0 o PRIAG 00  BE RS LU B8 AR T A 2 T Rk, AR VL TR A
i P A H TR B 0 DX SRR AE ] o) 3 G 1 3k S AR N 4 i EL AT AR G i PR B R R (5 B RS R LA &
WA o [ L0 AT 11 TR Hbr g 5e i 2% BUS WL 9 25 —17 . AT AR B, LIME 33 Jo vk A 80k &2 15 g
T XS A B, W 10(h) v S AE AT 11 () i b 2 T8k pl AR TR0, LT 10(h) Hh i) st AL 11(h) v i B
RN EE 3 o LECARM Bk 85 SR LU BEAS & B AR S2 BE R, B 10Ce) (o) FTE 11(e) , HIF 11(c)
R T A, Dol Sk 30 B Ao B AR I . MR TO AL 1126 4 90 nT DL & 3 RUAS S ik 85 SR EUR 52 )
AR AR AE W B (022, OV A RO 98 IR A K145 . Zero-DCE 547k 14 98 45 J A g | (H 2 B A 22 B 10K T A SC e
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Fig. 9 Sample images of laboratory environment testing images
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Fig. 10 Comparison of enhancement effects of different algorithms
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Fig. 11 Comparison of enhancement effects of different algorithms
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Table 4 Image quality evaluation and time spent comparison of enhancement results under different algorithms

LIME LECARM KinD RUAS Zero-DCE Proposed
PSNR 4 14.766 0 15.506 5 14.990 8 15.568 1 13.742 6 16.170 6
SSIM 4 0.334 4 0.547 2 0.593 9 0.560 3 0.514 2 0.605 4
NIQE v 6.738 2 7.1321 4.1855 6.8319 7.0819 6.4817
Time v 53s 5s 20 s 7s 4s 19s

R T HE— 5 VT AR T B Bk R A 0 (R T A R I PR P R TATAEPLR B T 20 8.71 <X 107 Ix (56
—AT) A1 1.02>X 10 7 Ix (55 =47 ) P Fh B8 3 R X-Rite br vfiE He @ (4 B4 % AAHL 9 b B s B R o Tl AR ML, 15
JEAR LS R Sony IMX 265, 45 5532 (1 3 s SR N 1 12 firs .

VML CIE LAB 5 22 X 52 40 25 SR A7 I8, 8 22 8 L X (22) iz o CIE LAB A2 5 £ Hh W g (19 B 55
AE (2, y) T LU AT H 32 1 A BB B () (0 2% | S e i1 79 0 RS (% 5 L bR 5 2% TR 10 (0 7% D TG R 8,
FUNR I AR 2 5N

SE (2 y)=[(Le— L) + (@ —a) + (6.~ 5)] (22)

KA, Lovas b MLy a) 0,53 3137 B Fr S5 BGA F 0 B4 0 CIE LAB 2002 [a] (4 B B 73 i L &t %)
LI 53 i o PR 60 8 B (0 40 6 0o SR BRI 60X 60 K/ X BHEATIH 53, 43 33t 24 Fh i 4
1602 25 RICT- 2 . 46 Bk b g Ran 2 5 fom , o e R 25 KL 7R o AT LR 3, AR ST $8 53 3 3 i
SERARA BRI T O E  FE8.71X10 * Ix F, A2 T8 4815 14.83% , 7 1.02X10 " Ix F, 4
2 TH AL 3.05% « S5 A XA 12 A9 AR ISR, A4 30T 4 33 vk R Bl A
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Fig. 12 Comparison of enhancement results of different illumination colorimetric cards
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Table 5 Color difference comparison of color card image enhancement results under different illuminance

LIME LECARM KinD RUAS Zero-DCE Proposed
8.71X 107" Ix 20.762 4 23.8400 23.9159 25.198 5 21.6355 18.0815
1.02X 1077 Ix 42.503 7 40.688 2 36.293 8 41.445 0 35.681 4 34.625 4
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Low-light True Color Image Enhancement Algorithm Based on Adaptive
Truncation Simulation Exposure and Unsupervised Fusion

HAN Yongcheng, ZHANG Wenwen, HE Weiji, CHEN Qian
(School of Electronic and Optical Engineering , University of Science and Technology, Nanjing 210094, China)

Abstract: Low-light true color image enhancement is an important branch in image processing. The images
obtained in low-illuminance environments often have low brightness, low contrast, noise, and color
distortion. Due to the complexity and diversity of target scenes and imaging equipment, it is difficult to
directly obtain satisfactory high—quality images in low—illumination environments. There are many
problems in the information content of these low—light true color images, and the image is not good for
viewing and is not conducive to advanced image tasks in the later stage. Aim at solving the problems of
detail loss in the dark area and excessive enhancement in the bright area, a low-light true color image
enhancement algorithm based on adaptive truncation simulation exposure and deep fusion is proposed. The
algorithm has the function of brightness suppression. We design an adaptive truncation simulation exposure
method and use an unsupervised network model to fuse the exposure sequence to achieve a flexible and
efficient fusion of multiple exposure images of fixed size. First, an exposure sequence about the original
low-light true color image is generated by simulation, and then the convolutional network is used to learn
the weight map corresponding to the exposure sequence. We can obtain the final enhanced results by
weighted fusion within the network. Most classic simulated exposure algorithms either map the image
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linearly or use existing enhancement algorithms such as histogram equalization. The number of simulated
exposures is often determined artificially in pursuit of as many exposure sequences as possible covering
different brightness levels, which results in many redundant images in the simulated exposure sequence. To
address these problems, we propose an adaptive gamma correction method which can effectively avoid this
redundancy. The light and dark regions of the image are segmented first, then truncated adaptive gamma
correction is carried out. Finally, the appropriate exposure sequence is obtained by guided filter denoising.
After obtaining the multi—exposure sequence, an efficient fusion method is necessary. At present, the
fusion method for single low light image enhancement is mainly weighted hierarchical fusion, which has
large computation and low robustness. It is easy to produce halo and seam phenomenon. To address these
problems, we propose an unsupervised network model, including a context aggregation network based on
dilated convolution which can achieve low resolution weight map efficiently, and a deep guided filter that
can strike a balance between image quality and efficiency. And the final enhanced result is obtained by the
weighted average of the simulated exposure sequence and the weight map. To verify the superiority of the
algorithm, we collect vast low—light true color image datasets and compare the enhanced results with many
state—of-the—art low— light image enhancement algorithms from subjective and objective perspectives. And
a laboratory environment dataset is collected using a low—light night vision camera and a three-channel true
color camera. Experimental results show that the algorithm we proposed has the best NIQE scores of the
public datasets, and the best PSNR and SSIM scores of the laboratory environment dataset, among which
NIQE is reduced by 4.49, PSNR is increased by 4.28 and SSIM is increased by 1.94%. In addition, the
color reproduction effect of the algorithm is very good, and the color difference of the proposed algorithm is
the smallest. At 8.71>X 10 * Ix illuminance, the color difference of the proposed algorithm is reduced by
14.83% than the suboptimal algorithm, and at 1.02X10 * Ix, it is reduced by 3.05%. The algorithm
proposed can significantly improve the brightness and contrast of the image, has good robustness, and will
not produce excessive enhancement. It can effectively restore the image details while taking into account the
color information and enhance the results to be true and natural.

Key words: Color night vision; Image enhancement; Adaptive exposure; Exposure fusion; Convolutional
neural networks; Image quality assessment
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