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Abstract: High quality mine images can provide guarantee for mine safety production, and improve the performance of subsequent image
analysis technologies. Affected by low illuminance environment, mine images suffer low brightness, uneven brightness, color distortion,
and serious loss of details. Aiming at the above problems, an illuminance improvement and details enhancement method on coal mine low-

light images based on Transformer and adaptive feature fusion was proposed to enhance the brightness and detail of mine low illuminance
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images. Based on the idea of generative confrontation, a framework of generative adversary agent model was built, and the target image
domain was used instead of a single reference image to drive discriminator to supervise the training of generator, so as to achieve adaptive
enhancement of low illuminance images; The feature encoder was built based on the feature representation learning theory to decouple the
image into illuminance component and reflection component, the method can avoid the interaction between illuminance and color features
during image enhancement to solve the color distortion; the CEM-Transformer Encoder was designed to enhance the brightness compon-
ent, the method can improve the overall image brightness and eliminate the local area brightness unevenness, by capturing the global con-
text and extracting the local area features; In the process of reflection component enhancement, the skip connection combined with CEM-
Cross-Transformer Encoder was used to adaptively fuse low-level features with features at the deep CNN layers, which can effectively
avoid the loss of detailed features, and ECA-Net was added to the encode network to improve the feature extraction efficiency of the shal-
low CNN layers. The low illuminance mine image dataset was produced to provide data resources for the low illuminance mine image en-
hancement task. The experiments show that, compared with five advanced low illuminance image enhancement algorithms, the quality in-
dicators PSNR, SSIM and VIF of the images enhanced by the algorithm are improved by 16.564%, 10.998%, 16.226% and 14.438%,
10.888% and 14.948% on average on the low illuminance mine image dataset and the public dataset. And the algorithm also perform well

in subjective visual evaluation. The above results prove that the algorithm can effectively improve the overall image brightness and elimin-

ate the uneven brightness, thus to achieve mine low illuminace image enhancement.

Key words: image enhancement; image recognition; generative adversarial network; feature disentanglement; Transformer
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B, 5t T AR B OB e 2l it U4 Transformer En-
coder, CEM M £ &5 & 5 Frn, A L F IR iR P24,
DS-Conv f 45 FUREPE RE A5 (o A5E 70 14 i % Jmy 35 DX duli e
TERYIRATRE F1, A R T2 - R s I 45 AL 1l 1%
JRI G FEI R FE, I B DS-Conv (535 % i 4
PEBENS R IR (R BTY B TH R A . CEM b, 1 58
HAERLZX P IICR AT IYE, I — Y1) Tk
Sk 22 [AVRRAE, P98 DS-Conv $2BURRAE B 1
JRI B X 4 {5 ., GeLU M Leaky ReLU ¥4 M5 AiE 25 4
Je PR BTG pRE, B BRE 2 25 48 1 B A B )1 251
FasE .

142 % RFAFIEGRA W 2%

Z ROBFRAE Al 45 18 U-net (2845 3244
HESR AT 22 ROBERFAESE I, WET 6 o o AHLE T 52
BE i, RO oy i & B RHIE R B, SR AR A A
PR G AFAE 19 42 BUSCR, 16 bt 25 10 12 P 28 b 75
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N v A A v R I ECA-Net, H 3% 5 X 4177 |
SUHEURRE YOGV IF H oA b 4 TR )2 G At A it 235 44
B KA F %, 78 U-Net P 2% s gk BR
A%, DMAE Mt o A vh kb 78 25 2R IR ER-AIE, I L
TE Bk BK % 22 b B4 CEM-Cross-Transformer Encoder,
REAE 7 B3 AN H 2 B RRAIE, SRR RL PTG B RRAIE , 1%
THRE % A R0E TR R B D 48 )2 AR 5 2%, AT
FEHAER S OE SCRRIE R [RIBs, FR BE R4y | Bl
TRGURHAE

CEM-Cross-Transformer Encoder ¥ CEM-Trans-
former Encoder H' Multi-Head Self-Attention 5 i A
Multi-Head Cross-Attention, {1114 6 Fr7w, #1338 X iF
B IIHLHI REAEAS H P A 22 (8] 45 JRy s DX 3 i AR RL
W (3) . 2 REFERLG W 4 H#l & CEM-
Cross-Transformer Encoder #Y#k BR % 12, B4 fif i 7 42
HCR e AR AIE 5 B B 1 5 | A B AIRZE R AR, $e BEAS
FUOBERHIE 2Z 18] () R AE AR BLRE 64T [ 35 1 il G, AT
s i AERRAE T T AR AE R, 23 U8 R SRR,
SEIXHR SRR A 3& 2, AT i — 2Dt
TREARU AH75 FRAE A3 SR AR
Cross — Attention(Q..K,.V,) = Softmax(Q, - K / Vd)-V,

(3)

A, . K, 0V, 410 A x. y il R AR B
PR S A5 28] () A T [ L B o] o R[] 2o

ECA-Net!?! & — R % I8 B 45 B UM 26 I 45 11
WHHFIET I, MELEHNE 6 .
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Fig.6 Structure of MFNet

T S i ACRRE 1 AT F 1 94 R S b Ak
(GAP, Global Average Pooling) M Ifij 5 21 4518 1 SR fiE
B4 Jr A 2, W (4) ; PR AP Ak ] B2 1Y) 3 18 4
Bt KAE, P —ZE 6 BRI R ARG TR
BT, WX (5) 5 55 B 45 3 T A 5 B R R Ak
&1 A A 0 300 0 A7 X0 By AEL 3, AT o i o) o B4R
HISCTERE, W (6).

XGAP=ZZXInpm(X,y)/H*W (4)

=1 y=1
T, e A EIE TE ALK H*W O FFAEIEI R
Xoap M ARIMALES SR
W = Sigmoid(CNN, , ,(Xgap)) (5)
A, WO A A T A AR A R Y A EE ] & Sig-
moid T R EL; CNN N — 4B & 8 %
KN, Xoap H—HERHE ] 1
Xout=Xnpu+ W Xinput (6)

2, X FHAFFE B X, A2 ECA-Net #1715
T 2 FEMER 3 BRI
1.5 KR

AR SO R 45 R PR A O B 2k A5
RESRAIR, AR R Loan BAF Loanis Loang 7351
X Jry S | 4 Jry A A 2% eR AR R iR 0 2k pR AR
A0, 5 R A R 45 2 ( Ly, Feature Decoupling Loss) 4%
Fo) — 504 2% ( L, Structural Consistency Loss) | IR
FESE W2 (L, Tluminance Smoothness Loss):

Liotat = Lgani + Leang + Lsc + Lis + Lep (7)

ASSCH G328 e 4 Jmy— SR i) B iy, 4
Jay ) ) 80 o 1] PG RS AR AR IXURS , R 1 ik 4
JIEMR RS | BORRIE, &R0 481 A 4
BRI BELIER B, RE L RE S 4075 5 B R FDEIA
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A LA PR H S, sl A vh T A B A A AR TR i)
Y, TR R et
Loan=Loang= —Es-p,, v-p,, [1080(D(x;) — D(G(x))]-
E.-r,-r,,[10go(D(G() = D(x)]
(8)
Horr, x, W E SR x A KIS E s
BB Poaa 5 Prea NI FIES FLZ R ARG 2345
G HHERER: D HER: o ST R Sigmoid.
FRIEfRRRAR G Ly FRE Retinex BLISTE 1 7E EI%
FREE AR R AR R E PR 5 22 R Y B o
SRR — B AT SE B AR 8 B S o i S
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P, Sey Iy Ry BRI EE UG SRS B o i
o34 Sy s Ry 2300 0 IR IR EUER R 275 1R
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LR — SRR Lo MOETT32 3CHRDY A Percep-
tual Losses HJ3 &, FIRAESR UM 2% VGG-19 $21)
SR AR o RSB | A5 RREFITE AR B,
PR P 1] — B8, DA T DR AR D 0 VT 4 7 18 5 i i
1025 (] 45 AL — Sk

1 N
Lee=|f(R) ~ fR)+5 > fR)~ R (10)
k=1
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SUH, RO R 53 SR A1 5 S s Ry R SRy X
B S50 T VGG-19 BYEE 4 )2 conv3-256 i il
(R RRIE PRI S5 R 8 BRI B SR B, TR L (i
FHIZAG FRUZ i R AR AT 22 S 1k Lo, ) Fomi
HRRIE BT N A SIHE - RS U ER, A SO T S AE R
sf ok 2%2, M| N=(width/2)*(hight/2), width 55 hight %
TNFEAIE L) FE RN 5 o

SERET IR L MR S 43 1 UG AE 1B
XPIH SRR AT DX 5 B A A A T R
P o TSR ERAR T DX, 1 OO0 5 B A 11 iR
JEE, AT 5 T v ko 7 DX a8 1 2 B 2 505 #E i 2%
0 R DXt AP B S B ST i b B, AR TR
Fel s B b AR I h 2 50 8

L= Bxp(—(VR)))VI, k€N (11)

VR = \/(VR,)*+(VR,)’ (12)
VI = ,/(VIX)2+(V1y)2 (13)

Forp, N A SRS U, 1 shHE S 30(9) AR
VR Ji XISt v i BRI (B VR, 5 VR, 705
KR MBI 1 O XA e 736

2 RS

21 AR
2.1.1 RIEHIEE

SR R IR B R B R A R AR B SRR 2
RN A AE F AR, BRI
1 495 ARG, Hodr 1095 21 M I 46 AR X, 400 4
UG ik A% | BEAILER 5 S Ba 1 o 75 i A i
BEALEEE 1300 21 USRI ZR4E, 195 41 EUE X
o RIURE W S | ) N 73 7N o (ARG Rl E S T S
LOL™Y, SCIEM | SIDP7 b A< S 10 kA 7k Bl i,
Hrr, SCIE. SID Hrc Xt G i) B A R BE UK B
2% 1% SID EIGH% i RAW %0544 R TPG #%
% RGB K% .

Sy i TG B TR 5 AR (I 2R B SR , SCERRE
FRAR R 32 P15 B A 1 )11 2 8 v I R 2 PRI 450 LE
HEJE UG- 2453 A W2, T8 LA A, AT P 4
J5FCX U B 45, ARV 2t B8 ol A~ 5080
SR AR N I R B PRl e A 1 A B X
RAS IV A Lo
2.1.2 A7 AR

R4 K Windows7+NVIDIA GTX 960 GPU
AL, il FH Adam fAL SR, 2220 RN 1074, Sl
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T4 B R 23 0 B oA 0.9, 0.999. BatchS-
ize B &N 8, YIEECH 240 /> epoch,

K 42 % TG R PP FE AR DY, I (15 Mt
(Peak-Signal to Noise Ratio, PSNR)., %% ¥4 4 1 /&
(Structure Similaruty, SSIM), L3¢ 15 B IR EE (Visu-
al Information Fidelity, VIF) X} 34 i [E 1% dE 17 1Ak .
AR BRI LU M (R B B EE | B, 20
SEFYFRIE AR 4k, 2 PSNR 3= iz 20 (6 BB AIE 11 34
SRANCA, A FLRR 5 SSIM RE 8 PF-A 144 5 [R5 1)
SERERHE, PPN AR BUR S FE R K, S o A &
PRPE Ry DR 5 AR D15 A 5 VIF PEAG IS 38
EUR R SOBE BORER . = 2RARbRiE 4+
J7 2B IE X B R PRAL S5 5, BUE S, Fn g0
ESEYrigsiyice O
22 HENAIE
2.2.1 AL RRIX I

B EAR SCRLIR HR R S i A 25 4 L AR T
W 2% HE 42 . CEM-Transformer Encoder A1 ECA-Net,
CEM-Cross-Transformer Encoder FJ8 R, A8 Sl
BT HHIE gD 4% . CEM-Transformer Encoder %X Ft
D 2 235 k6, ) sk ) 1) 45 il ECA-Net, CEM-Cross-
Transformer Encoder, X} #5547 A 20 PEAl,
Hh R 25 A0 1 1 XoF L 90 265 235 44 i FH RetinexNet!"!
() DecomNet, 1, 2 2 B 4§ i 4% 1 2% F 42 H
MFNet fil GLENet 4K YK 3 5 Ji 4 <115 ; CEM-Trans-
former Encoder X Lt X 2% 4544 43 57 A % B A 43 25
LA (DS-Conv+Batch Normalization+Leaky ReLU),
5%, ViT ¥ Transformer Encoder, {30, BR1FIEAliFE
Yehh, HAREH A K R A S S B AR, IASS
IR 1. 3 2, AR R gnic AR, Aw B 3R
A R ] B 4544, A wio B Rk A BRI B 4%
M, IR s an sl 7., B 8 Fis.

H % 1. 3% 2 Al 0, X AR B R A T e B 4 25 i
JRATS R TR FR AR T S LB A g, 3
568 TG00 Jr A 5 S 8 A 250 SR T e, 400 BH H 31 2 %o
A e B T I B, AR ORI I 25 25 A4 g
SEPUEARL T W BN S . S X LU R 28 45 7 2
CEM-Transformer Encoder H}, SSIM T [ 1 & #¢ K,
IE B} CEM-Transformer Encoder i 15 7£ 5% & 43 &
AR A PRI O 2R, I PR HUR AR X S IR SRR, g
AT R TR AR G S B, 3kt Ry DX R S BEAS
P4 . 24 2Bk BCA-Net i, VIF & PSNR T[]
2, UER] ECA-Net RERENIN3R 2 M 26 R EURFAE 1Y
FBCR . 24 2Bk CEM-Cross-Transformer Encoder
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Table 1 Ablation experimental results of network structures on coal mine low-light image dataset

s . PEMAE AR (A« )722)
[ERUROES FETIZE Y
VIF PSNR SSIM
. AR 3.821+0.055 24.37+0.45 0.749:£0.016
A BT R A HESR
ARSI wio F %% 2.845+0.193 17.65+1.86 0.562+0.094
ASCHEIY w PR BE ] S S A AR 3.687+0.083 23.83+0.67 0.652+0.029
CEM-Transformer Encoder o
A A w Transformer Encoder 3.556+0.105 23.25+0.61 0.682+0.035
ECA-Net AR w/o ECA-Net 3.461+0.072 22.19+0.94 0.715+0.019
CEM-Cross-Transformer Encoder A SCHEAY w/o CEM-Cross-Transformer Encoder 3.519£0.058 22.7620.47 0.693+0.047
o AR w DecomNet 3.762+0.069 23.13£0.32 0.705+0.013
FEAT AR & - i
AR wio FEAE AL % 3.141£0.279 19.52+1.09 0.6130.041
*x2 ET LOL MMEEHEIRIEER
Table 2 Ablation experimental results of network structures on LOL
. . PEAGHE AR (M + J)72%)
4 FERIZE Ry
VIF PSNR SSIM
N ASCARI 3.67320.032 23.61+0.29 0.715+0.011
A SR I L HE SR "
AR wio FIHR 2.752+0.118 15.63+1.02 0.5510.048
ASCAETY w PR 43 B A R 3.466+0.039 22.18+0.21 0.634+0.013
CEM-Transformer Encoder "
A A w Transformer Encoder 3.419+0.053 21.74+0.41 0.672+0.014
ECA-Net A SRS w/o ECA-Net 3.537+0.038 21.86+0.18 0.681+0.011
CEM-Cross-Transformer Encoder AR w/o CEM-Cross-Transformer Encoder 3.475+0.094 22.03+0.47 0.656+0.035
g AR CAFTY w DecomNet 3.488+0.034 21.79+0.32 0.687+0.009
FHAE R % B ,
AR wio FHESRA 2% 3.231+0.087 18.47+0.63 0.601+0.029
(a) iﬁﬁ)xlf% E’J&Ew\ & (b) M4LBRECA-Net (© ZISII_Jf’Mﬁﬂﬂ (d) M4 2% (e) R34 i th
e AR KIFML HEAEEIFM 1 CEM-Cross-Transformer HE KIFM4
encoderffi H A FIFM4

W7 %REFHMEREFEENHXEER

Fig.7 Ablation experiment results of MFNet structure

() IR R EUR 1) (b) W IR BT 4 88 (¢) 2 ¥ HCEM-Transformer (d) A4 /R s 1 i
SR R 525 5y encoder (1) 4= J&j— &) #4 5i X 24 348 5, i 1) 2 B ) i
X 245 F1) 5 5 4 B

E8 AR ENEEMEBALER
Fig.8 Ablation experiment results of GLENet structure
i}, VIF & PSNR K T, EW] ECA-Net i i 1 il SEBURGRFIE ) & B, AR T35 PR 1 401y

AR ERRAE, SR A ERR AL, RS R BRI 452 AL, PEAFIE . G RBRFFEGR AR, 3 JEPP Mt i
305
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TR, H PSNR N FEIREE R, IR REE il e
AR DR (L L, I H 220 18 e s s = A AR
FE S AT 3 O e 4R T RS SR AR s 48 ] De-
comNet FEATRFAEAFEFRET, RPN FEARI T [, k]
R 5 B2 e R St 0 it R 45 A A R i B 25 11
R TS

AHEET K 7To—7e Hhif SRR T B35, JF HLIE 7e
A F W 22 W IR R RRAE, 2015 RRAE B 2, UE B CEM-
Cross-Transformer Encoder BEWEA 5L I 2 R FFAIE
) A IE R Al o & 8b IS FERR T B, (H 42 )Ry 52
T RIE, JR G2 AR5 B3 o, K] 8c (52 i
AR EDOGEARIEER, L2, B 8d 152 FE 42T+
b, JRIEB AR /NG (R, RE 8 DX I 5 BEAS 2] 3
I 3G TR RH 4 JRy— Ry 1 i X 2% 25 M BE S HR T 4
Joy PR B, ELOK A5 Je 38 DX 3l 118 55 B SIE 300 4 o iy 34
5, A R0kE AR
2.2.2 Mk B RRIX

BETH I Al 0 PP A 25 28 Kk sR B A R, i
AR 3. 3K 4, mOUERCPHIRE

£3 ETyARREEGHRENRLEEHEMABEER
Table 3 Ablation experimental results of loss functions on

the coal mine low-light image dataset

. VPSR ER(H 2%
K B

VIF PSNR SSIM
Total loss 3.821+0.055 24.37+0.45 0.749+0.016

Total loss w/o Ly 3.246+0.052 22.27+0.84 0.659+0.023

Total loss w/o Lig 3.579+0.097 23.76+0.53 0.561+0.087
Total loss w/o Ly 3.424+0.084 22.63+0.47 0.638+0.051

Total loss W/0 LoanitLoane  2.75240.118  15.63+£1.02  0.551+0.048

*F4 ETLOLHWBREBRLEEMRIELER

Table 4 Ablation Experimental results of loss functions on

LOL
i )
5% A
VIF PSNR SSIM
Total loss 3.673+£0.032 23.61+0.29 0.715+0.011

Total loss w/o Ly 3.272+0.081 22.87+0.23  0.624+0.017

Total loss w/o Lig 3.317£0.053  22.45+0.17  0.609+0.052
Total loss w/o Ly 3.409+0.042 22.16+0.38 0.617+0.044

Total loss W/0 LoanitLoane  2.75240.118  15.63£1.02  0.55140.048

HIE 3, 3% 4 A, 24 RBR Lo I, 3 5 KR Y

VIF Kl TR, UEW] Lse REAT RUOR B RS RS 4015 {5

Boo BEBR L I, HEERE5R SSIM A 3% T I, VIF
306

BB TR, UL Ly EGBIG0R BRI 52 FE 3 A,
it 25 A6 8 S A B A A, JR A Y X e R AR
BER . YRR L B, B9 B2 VIF, PSNR,
SSIM 4 N[, EW] Ly, A8 SE I BE 43 RS 43 £
(R B0 ik, A R T 5 X 1 23 R A7 4 e i
BRRIYNZRS RE P A Loanis Loane P BRI 4S K
B4, BUBs BT G T DAL TR BRI R T R, UL
AN AR B FE AARHE S, A5E AN T 1 5 R TG
Y.
2.3 XftbikEe

fif FHOSAP S oF K IR OB 1R Y oe Bk
RetinexNet!'”), MSRCR!"?!| ExCNet"*”, MBLLEN""
EnlightenGANP {5 4% He 3k 5 S0 P b4 7 %
B R . FEXHR IR 2 R AT R PR AT
422 UL T f 5 bR 00 B UL PEA , AN RAR SO
(AT RS RS G iR Pk i
2301 xR 6g EIIFN

it P A B PRI B e S 2 LI e A
$odge LOL! SCIEM™ | SIDP™ xif A S A6 4 1 R F
T EMPEH . RIREE R WE 9 fron, Hdh s 14748
I BB BIA, BT 3 13 50 AT M1 R R RGBSl 4R
rE R, A 3 NI A N 3 B A TR A v b
HLIEEL, 56 2 724 RetinexNet 50 J5 AU 45 5, 58 3
17 B 5 74T AR I 4 ) & 4 MSRCR. ExCNet,
MBLLEN, EnlightenGAN Fl1 4% 3C 8 3 3 8 il 45 5 .
fiiFH HSV-3D By &Sk B 7R K 5 (A 1 i 45
WA 10 s, Horr, Hue 37~ (417, Saturation 3278 Eil
AN, Value 2B,

& 9 ] i1, RetinexNet AEME KR HETH SR
I S HR R LU B, TR A S B 1 [R5 38 AN [F]
FEEE MBI B, BN, e 1 h LBl 4R kT 3
ORI, 5 R EORA; Y 2 h, R X R AR,
SR ] Bl X3 B €25 S5 3 ek TR i DX R
TR, Gt B B IR R A; s 4.5, 6
T R B RS A, Y R A B e ELR, R
€8 PR R 5 v, MR AR 21 €2, S5 LR A 4L i
AR . MSRCR REREHE T EIG A 42 ) LB, {H 25
FEERRTFRE AR, FBEGRGEE R LR, IFER T
Yo 1.2, 3 IS, g it o ™, il ans
st 1 PR RE DX T I, 35 3 vk 2E M IX B
T A4 AN T U, 3% e T BT DI s B R
2% ExCNet ¥55m i BIR, 22 . %F LR FHA IR, B
AWK, Wi 1. 2. 3, B35 2 FOCTHRK A i
BRI I B s B e ik n BE, iy st
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Fig.9 Experiment results of different algorithms on all datasets

4.5, 6, s EEIHL S E RS ERTIR, 0RO 2
2% MBLLEN $f 5 (% [R5, 52 B B2 S AU R, X7 T A
W I FRBE R A I A AIG B2 15114, MBLLEN JTCiA A
SR TN U, SRR eEBE T H, £ H
o B0 Al 2 2L, R ) S 2 6 ) AOIR S A I T . En-
lightenGAN RE A 5044 T+ UG 1) 5 B2 RO LU B, {H 2%
SEE AT, I E TR AR G, $58 )5 25
O B, Qg 3, B mA AR IR R i, B
a0 2 FORIRREOE R R M2 T, AU LY
5 1 S, 52 AR THIA B, TOORREANYY, il indg 5t
2 MR YR DX SOt I AN L AR RAE A Sy B
U M AR B R PR e 3 it J OB 8 2k OB, MR AR
SRR BE T, PSR ROCR AT, BN, 5 6 Tkt AE
SERESR TS AN O R B B, 5 3 PR IR 1A
DI o R 4017, AT v B T UL, MR AR B E I Rk

TEE 10 #, B4 MK KA RetinexNet!'™ . MSRCR!?!

ExCNet™ | MBLLEN™| EnlightenGAN""" (% i /%]
1%, B FEG A HSV-3D B 5 &, i 10 7]

UL, AT e, AR REBRIEH, SV
AE A AR T R K B, B E E R B A
WK, SE—2 EOW b R B T AR SCRR A b fE
2.3.2 AR IR 6 BN

TERT AR AR 2 IR s 5 S LOL #5448 46 rh 43
SN HEFTXF B, 5 ) PSNR, SSIM Al VIF Xif 14 i
BUGIEAT BT PPA, IR A5 AR 4 B R, A3
H+07 Z MBS AR 25 R, W3R 5. 3% 6, s
B FRIC AR

5. K 6 NS RELET LR E BI&
BEgE | A LB TP HL I g R . B R
% 77 1, EnlightenGAN 94 ¥ FE R iz /0, EXCNet
T EMEEA At B A 52 2 i AR A, ARy
DA T 2800 L AL AT B i e S8 B, J 2k
B b — A B T B BEACR, D HE - b SR SIS
FIg s . KI5 548 bR 7 1, RetinexNet [ PSNR
HVIF (BB, 0 B H: 38 o (814550 €5, 2k 5™
MBLLEN [ SSIM Fl VIF {83215, iF B Hos i 43 i
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Fig.10 HSV histogram results of typical enhanced images
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Table 5 Objective evaluation of different algorithms on the coal mine low-light image dataset

oy THEFEAR (MM + )72%) S At
PSNR SSIM VIF
RetinexNet!"” 19.96+1.01 0.682+0.059 3.181+0.311 0.227+0.011
MSRCR™ 21.87+2.14 0.658+0.072 3.413+0.421 10.094+0.573
ExCNet™! 20.51+1.95 0.6920.097 3.353+0.181 24.638+1.942
MBLLEN™! 20.92+2.53 0.623+0.121 3.020£0.219 15.334+1.165
Enlighten GAN"™" 21.38+2.19 0.728+0.052 3.519+0.328 0.011+0.001
AR 24.37+0.45 0.7490.016 3.8210.055 1.213+0.106
ARE%#E LOL EEWITHE
Table 6 Objective evaluation of different algorithms on LOL
. PHEFEAR (M + )728) —
PSNR SSIM VIF
RetinexNet!"”! 19.33+1.63 0.6530.039 3.015+0.133 0.168+0.008
MSRCR™ 20.85+1.87 0.6150.043 3.332+0.340 9.131+0.514
ExCNet"”! 20.34+1.77 0.632+0.107 3.265+0.229 24.638+1.942
MBLLEN™ 21.17+2.12 0.628+0.094 2.995+0.294 13.792+0.962
Enlighten GAN"™" 21.62+2.08 0.703+0.036 3.415+0.315 0.015:0.001
AL 23.61+0.29 0.71520.011 3.673+0.032 1.155+0.078
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