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Design and analysis of loss functions of low-light level image enhancement
neural networks under extreme low-light illumination

LIU Chao'?* , ZHANG Xiaohui' , HU Qingping'
(1. College of Weaponry Engineering, Naval University of Engineering, Wuhan 430033, China;
2. System Engineering Research Institute, Academy of Military Science, Beijing 100044, China)

Abstract; Under the extreme LLL (low light level ) conditions ( environment illumination less than 2 x 10 ~3lux) , the LLL image has the
characteristics of low signal-to-noise ratio and low contrast, so that the target is difficult to be identified, thus seriously affecting the observation
effect. In order to improve the LLL image quality, a convolutional autoencoder deep neural network for image enhancement was designed. In view
of the fact that the traditional mean square error loss function cannot meet the human visual perception characteristics, several loss functions
including perceptual loss were studied and a novel, differentiable loss function was proposed in combination with the existing full reference image

quality evaluation index. Experimental results show that the proposed loss function can improve the detail information of the image while improving

the signal-to-noise ratio and contrast ratio of the low-light level image when the network structure does not change.

Key words: low-light level image; image enhancement; convolutional neural network; loss function

TIOE MR TR CARALEIA 1) B 222 IR
4%, HATTE ZE AN R GUsAs 21 7)1z R A L (R
Fe R O AR S RN A PR KT 1 R SO B
AR R EE T IR OG5 (PR IR EE /N
T2 %107 lux, W0 1 R ) Bk Sh 53 /S
A PRI i A G A R B AIRXE e Sy
A5 T FUARXE ABER , XA I OGRS DA R 1R
HEAT R 6 IR 23 B WA B 2 T I R il 7 R R
S, DRI e A AP R R ROt B i e —
AR RERPRL I A 2 H TR 2O
SiR AL B 7 5 R AR v A A R B2 v T LU RE T T
HARmXT T e 2 BT Az g 5 ik
(ELJ7 B | PR BE A GE T A e ) o

TG0 ) Pl f R R Ak i B B MR A 2 B

« YRS EHA:2017 - 06 -20
BEEWE : FRHEIEE T H (427210843)

R (e I P T A8 R 7 iy SR P IR A ) |, 7
WP AN AR ™ E 1 O T BB A8 U HE B 4 1 2K
Heo SRTMTAE iy M P el WA R LB AR 2R i i 2
N HX HBE AN M L FE AR, [ Al R ]
AR B LB D BN PR RE e iU T R . X T RO
IR R G, AR R e B AR R, HLAE AR
MREER , ASG T RO Wb, WA 2 8, %
FURE M A EE AT, P A PR s ml M) A ) 5 6
WA o ARG — TR R PN T3 TR IR A 24 ™
L, ARAMERUR S NI RIIRCR . Ak, R4 2]
JIEAEN LG AL ST T R, 2 TR
) MBI SR AT AT B T SR, AR T
TG RGN T 1%, 3 T IR HE 2 > Y 1R 5 e g
REAE T80 M T SE B a2 P i A 885 Bl o

TEZ B X (1989—) , 1B By B =, 758 4E , E-mail ; generaladolph@ 163. com;
TRIRIE GEMEER) , &, 882, it A R0, E-mail : 1547300454 @ qq. com



- 68 e AN o 4

55 40 &

7o) AAREB RIS, A B AN Bk ke
WS R ST , REAS A RO I 53 M 7 M LR 2%
N P i 1 EU AR i A O PR R T L TR B i 228 R 4
TER O TG R 1) ] g ik m] 2L 28080 v =
I FbRE R X ELE

BT 1107 lux B 604 T IO BOEEIR

Fig.1 LLL image under 1 x 10 lux illumination conditions
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Fig.7 Enlarged drawing of different loss function results
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