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Abstract: LLILLL (Low-Light Level) / infrared image color fusion is an important development direction
of night vision technology in the world. Under extreme low light level (environment illumination less
than ), LLL image has low signal to noise ratio and low contrast features, and the target is difficult to
identify as imaging device limitations, which has been a key constraint to color night vision technolo-
gy. In order to improve target detection and recognition rate, LLL image restoration method based on
the deep convolutional autoencoder network was proposed, which learning LLLL image characteristics
from the LLL image training set by using the convolutional autoencoder, and implementing de-noising
and contrast enhancement. The experiment results show that, compared with the classical BM3D al-
gorithm, the proposed method improves the peak signal to noise ratio (PSNR) with value of 1. 67 dB
and reduces the RMSE with value of 0. 098, improves the structural similarity (SSIM) with the value
of 0.063 and improves the root mean square contrast (RMSC) with value of 0. 91. It has a very good
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effect on the restoration of low light level images, and improves the signal-to-noise ratio and contrast

level effectively.

Key words: Low-Light-Level image(LLLL); image restoration; convolutional neural network; image

de-noise; sub-pixel convolution
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UREFN I Ty AR FE BE AT T H 5 S5 Rk 3.5
4 Fz 5 Fron, Al LLF 8] Skip Sub-pixel IRCNN
JiiEAS BT AT i A (B (5 M LL | 45 0 AR DL RN
B ARG LU B, 158 B ORE X L At 2 M 2 R S P
XF HbBE B SR A 27 R I S R RO BE A TE K
X ECRE R BT 3 AN IR AT A O A A
B2 A NIREASZ A .

*3 AEZEEHK PSNR
Tab. 3 PSNR for different models

BM3D+  Sub-pixel  Skip Sub-pixel

Y& BMS3D
HE IRCNN IRCNN
1 25.13 9.83 18.90 20.09
2 23.02 10. 24 24.50 25.45
3 19.78 10. 82 21.93 20. 46
4 20. 26 10. 27 17.98 20. 65

F4 AEEE R SSIM
Tab. 4 SSIM for different models

BM3D+  Sub-pixel  Skip Sub-pixel

Y&  BM3D
HE IRCNN IRCNN
1 0.7199 0.357 2 0.771 0 0.780 8
2 0.75 0. 39 0. 84 0. 85
3 0.7290  0.433 0.806 3 0.768 9
4 0.726 6 0.3549 0.764 4 0.776 4

x5 ATE#EEE RMSC
Tab.5 RMSC for different models

BM3D-+  Sub-pixel  Skip Sub-pixel

Ski
N . Sub-pixel p
PEMFEFR  BM3D BM3D-+HE Sub-pixel
IRCNN
WlIE /s 6 6 0.9 0.95

Biml  BM3D
HE IRCNN IRCNN
1 8.63 10. 89 8.76 8.75
2 8. 20 10.78 8.02 8. 60
3 9.62 10. 83 9.76 9.95
4 8. 42 10. 81 8.08 8. 68
4 %2 #

A SCHE IS AR S A G B 0 2% 5% 25 ) 2% i IR
R BN T T A B B 22 I 4% 1 RO BB 2 IR D7
5 R SE TR AR IR BE R RO IEMR BRI
S LR AT A RO B Ik R RE S
AR AT I B R SO R R O S AR
GEH) R ML BEAT T HORE, AR SCHR I O dA A R
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