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Fig. 3 Comparison of feature extraction effects. (a) Input image; (b) 3X3 convolution feature extraction diagram; (¢) DAFEM
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Fig. 5 Structures of the simple gate and simplified channel attention. (a) Simple gate; (b) Simplified channel attention
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Table 1 Performance comparison on three different datasets

Methods Complexity LOLv1 LOLv2-real LOLv2-syn
FLOPS(G) Params(M) PSNRA (dB) SSIM4 PSNRA (dB) SSIM#4 PSNRA4 (dB) SSIM#
EnGAN'"™ 61.02 114.35 17.48 0.650 18.23 0.617 16.57 0.734
RUAS™ 0.83 0.003 18.23 0.720 18.37 0.723 16.55 0.652
SCI 2.15 0.81 14.78 0.526 17.30 0.541 17.25 0.552
UFormer ™ 12.00 5.29 16.36 0.771 18.82 0.771 19.66 0.871
Restormer" ™! 144.25 26.13 22.43 0.823 19.94 0.827 21.41 0.830
SNRNet'* 28.47 3.82 24.61 0.842 21.48 0.849 24.14 0.928
UHDFour™" 35.62 4.95 23.09 0.821 21.78 0.854 23.64 0.899
Retinexformer 15.57 1.61 25.16 0.845 22.80 0.840 25.67 0.930
Ours 18.23 2.14 26.53 0.857 23.52 0.806 26.17 0.937
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Fig. 6 Visual comparison on the LOLv1 dataset. (a) Input; (b) EnGAN; (¢) SCI; (d) Restormer; (e) UHDFour; () Retinexformer;
(g) Ours; (h) Ground Truth
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Fig. 7 Visual comparison on the LOLv2 dataset. (a) Input; (b) RUAS; (¢) SCI; (d) Restormer; (e) SNRNet; (f) Retinexformer;
(g) Ours; (h) Ground Truth

0110003-7



T AR

55 Ay M E 7R R 6 v 2 SR BC RN B 7 b B A LR Bk B AR AN 4, MSF Net B 3 H
4D I AT BB, 3% W G DX AR AT R IO B B 405 A 3 B O (] Tl A I DX Ay 200 5 S0 3 . IR, 1 6 v Ay A A A
PR 7 v R £ o 2B 10 ik e 5 PR R B R R L SR IE T 2243 Sl I 5 A B A 22 R TR R % T T A kb
ARG 0 A PG G o 0o AR b BB 2 H AR AR AR B, DU A B4 Y T 3 IR S O e A R o
3.4 FEECXTHIHEEEXT bE LI

J I IE MSFNet FIZ 46 B8 71, AR SE 0K LOLv2-syn $088 45 B I gkl A9 A 0 1 4325 7% 2 LIME \MEF Al
NPE = 4~ & B X i B ¥ 42 3 47 3k . 28 B T 49 3% RetinexNet™ | KinD™ | ZeroDCE™ | KinD+ +" |
EnGAN'""' 5 SNRNet /7€ P i) 75 F 55 25 4 S %t B4, 2R NIQE 7E A WA 46 b5 . A& 8 7T 41, MSF Net 76
= AR B X B 4 F B T R 19 NIQE {H , 78 LIME \MEF #1 NPE | i NIQE {8 4> %Ik % 3.74.3.91 1
3.36, X F B MSFNet 3 i J5 () B AE L0 [ SR B 7 TR B AR . b ah, AAIET 9 1 m] W Ak 45 5 m] 41, MSF Net
A 1 RN 5 B 8 25 B T 40 B v e R e T I L Dh R A5 R UL IR R
= LIME

CEINPE
B MEF

0 b = =
N o®
e 1&\@ @ ‘000 o “GP”ﬁ g‘&“@ 0¥

Methods

B8  ZEWAFH 2847 NIQE X

Fig. 8 Comparison of objective evaluation indicator NIQE

(@) (b) (© (d) (e) ® (® (h)

K9 LIME.MEF.NPE # 4 % F 7 #1 4k xf b . (a) #r A5 (b) RetinexNet; (¢) KinD; (d) ZeroDCE; (e) KinD++; (f) EnGAN;
(g) SNRNet; (h) Ours
Fig. 9 Visual comparison on the LIME, MEF, and NPE datasets. (a) Input; (b) RetinexNet; (c¢) KinD; (d) ZeroDCE;
(e) KinD++; (1) EnGAN; (g) SNRNet; (h) Ours
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3.5 WIE ARG 3t b SEIg

Ry VAR AR SC 7 B AR SEBR R U A8 AT 55 T 0 RO, B MSFNet 5 224> 5 i 5850 1 76 7% 1) Ik B3 46
DARKFACE E#47 1% 9285 . N DARKFEFACE %4k 46 v BE ALl i 500 5K 32 8] AR IR AE g das A 26 1]
£ WIDERFACE ™ 4t 4 | Wil 2 DSFD""(Dual Shot Face Detector) 155 B /E i A A I 8§ . % A [7] 75
P8R 5 B EMR AT e — B A L ToU B 4351 0.5.0.6 F110.7 F A4 S-S54 B .

P10 J 7R T 2 18] B8 T N0 A0 0 P A0 Ak X e 25 2R o o Jt s LA A7 A 0 B, (SO0 1 15K AT 5 1
2ok 3o A S AW B A N R B BT R R  HA Uy 0 5 S Y RUR A TE S BN JE R Y X Ok A [R]
RO BB . A 2T, MSFNet F 5 DXCRFAE 32 OB ER | 58 08 4 25058 B DX 41795 15 2, IR I
T, Ak, 200 S g AR A 22 A RUBE B B EHRAE B — 2D 3 T B I R IR R A RE ) L AR R R S
(RPN )N 2 N R D) | NS B2

K10 DARKFACE # 3 % E A B0 7T #463t o (a) 1% B % ; (b) EnGAN; (¢) RUAS; (d) SCI; (e) KinDj (f) Restormers;
(g) UHDFour; (h) SNRNet; (i) Retinexformer; (j) Ours
Fig. 10 Visual comparison of face detection on the DARKFACE dataset. (a) Low-Input; (b) EnGAN; (¢) RUAS; (d) SCI;
(e) KinDj; (f) Restormer; (g) UHDFour; (h) SNRNet; (i) Retinexformer; (j) Ours

M 2] LU i, MSFNet 7 [ ToU BIE T 89-F 22985 B 39 e i85 5 Low-Input M1 1t , 2853 MSF Net 3
S5 B MR AE A [ Y ToU R~ BRs BE 23 48 T 1 6.9% (4.6 20 F10.7% o ZERL IR A UM FIAT A M 4 554 55
LM TR R BARS T SRR AE LU 0, 3 SOR II0RT BE ALK . MSFNet BEWS 10 I8 T 4T 55 42 il X 7
JRE T e A 8 i P 5, AT A 200 P I A 00 1% 9 Al

&2 ANKE APERT L

Table 2 Comparison of AP value for face detection

AP(% ) under different IoUs

Methods

0.5 0.6 0.7
Low-input 19.5 6.1 0.7
EnGAN'" 21.3 10.3 0.9
RUAS™’ 23.7 10.3 1.1
SCI1 23.6 9.9 0.8
KinD"™ 23.5 8.1 1.0
Restormer' ™! 22.9 8.7 0.8
UHDFour"” 23.6 9.2 1.1
SNRNet' ! 23.2 8.3 0.9
Retinexformer-*’ 26.2 10.4 1.3
Ours 26.4 10.7 1.4
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3.6 HELIS
3.6.1 R B AL H 69 0K Ak 5 3k

A MSE Net H 445 e b B 44 BE (19 5Tk, 78 LOLv1 5 LOLv2-syn 9 5 HE 5 7R 4774 Al s2 56
N 3R LLF Al DAFEM B}, B 9k PSNR fit SSIM 2 T % & 4 BR , {2 LPIPS fi i 0.151 F % &
0.132, 136 W 1% A5 B BE A R4 B EMR e B4R o AL 2R, i A MBNM 5 A5 B X6 {4 50 2 19 g 1 3 71 - 7
LOLv2-syn -, PSNR M 23.15 J} & 25.15, SSIM 4 1 0.019. 24 4 /> 45 e P[] A i, 4 BB 35 B el - 78
LOLv1 In PSNR 4 26.54, SSIM A 0.857, 43 %Il #& F+ 3.70 1 0.070, LPIPS F B % 0.129; £ LOLv2-syn I~
PSNR } 26.17,SSIM 4 0.937, 40 5 #2 7+ 3.02 #10.023, LPIPS F [% % 0.073, DAFEM il i3 % LR B R % 45
fIE A= o3 T8 3 AR 3 5 A (R SR O Y AR AR DT A A5 R R AR I DX S0 A 9 RRAE ;s MBNM
P IR A Ry A5 J T DR 5 A0 T S B 22 RUBEAR R, AR R SR R rh BRI i 2 R AR B A R
Ji 1) PSR 200 4 B0 T

3 HMTWER

Table 3 Ablation experiment results

LOLv1 LOLv2-syn
DAFEM  MBNM
PSNR 4 /dB SSIM 4 LPIPS ¥ PSNR 4 /dB SSIM 4 LPIPS v
X X 22.84 0.787 0.151 23.15 0.914 0.088
N X 23.65 0.836 0.132 24.36 0.921 0.078
X N 24.02 0.845 0.136 25.15 0.933 0.083
N/ N 26.53 0.857 0.129 26.17 0.937 0.073

3.6.2 ZoXTRMBMIERER

i PE Al MBNM N #5845 - I 45 76 15 1] P81 45 38 58 A 55 v 0 20K BTk, A SCBE X 9 4% 158 111 fil S 5 .
A3 45 B0 f F SubNetl . SubNet2 , SubNet3 DA K = # K & ) SubNetl+2+3 i # , 7 LOLv1 ,LOLv2-real
AT LOLv2-syn = AN 80H5 48 140 647 PSNR 5 SSIM #5845 0F Al o MIE 11 EUEZ BT UULE B, =4 F
W 2% O3 [F] 45 AR AR S, R SR Ve R LT 0 B # . fE PSNR 7T, P B M 21.78 B2 2 7+ &
25.41, B4 g ik 3.63; SSIM M| JA 0.828 4 FF = 0.867, 4 iF & 0.039. Jt H 7E LOLv2-syn $ % % |,
SubNetl+ 243 ) PSNR I SSIM 43 5] 1k £ 26.17 55 0.937 . M &l 12 B & 45 3 5 45 5 7] %1, SubNet1 3 i 42
W4 JR RRAE 3R T T B R 5 B L (E R 2200 SR SRR AIE 5 BRI Dk 45 3% T 2 S0 S A T A BRI RS L A AR
8 19 fi €8, [R]85 . SubNet2 X IR B 68 8 J B [ 4R {H A7 A6 30 GBS 58 BE AN 19 1R) B . SubNet3 Il i) =&
T SR ALV W IE AL I SR AL G a5 Al . EKG M JE Y SubNetl 42+ 3 45 #5203 B 3 4R 1 1Y 0
ESEE

27 0.95
(a) 2654 (b) o _e
) - -
26r 2539 ~ %617 A = g * T 93T
2~ ~ 2 - 0.920
25} ’ ~ 2444 " D541 0.90 - 5 3 :
V2 ~e - -
L 24.72 23.62 &
24 s
s, 7 4~ ST " 0.890 0858 0.867
923 Y- - 23.84 2331 - 852 | g Ses o 0853 - ¢
) o~ =085 & - =
Snof 237 & = 0828, ~ 0.857
21.78 A== 7 2188 v 0.843 0.835
21t _ 72141 0.806
& 0.80 0.818 e —A— — — —a
N 7 LOLvl v - 798 0.804 LOLvI
19 19.66 :_Eglivg'real 2t - ’ —4 = LOLV2-real
3 = v2-syn —e - -
—e-Mean y 0.776 —- 11\7[(2{;:2 e
1 1 1 1 0.75 1 1 1 1
SubNetl SubNet2 SubNet3 SubNetl+2+3 SubNetl SubNet2 SubNet3 SubNetl1+2+3
SubNetwork structure SubNetwork structure

B 11 MBNM # % % % F F 4 45 47 2t t . (a) PSNR; (b) SSIM
Fig. 11 Comparison of multi-branch network indicators in MBNM. (a) PSNR; (b) SSIM
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A A T 2 R R 100 45 16 1 18] 149 9 588 07 1%

H12 MBNM # % 4 % F W % 7 4 st to (a) % A5 (b) SubNetl; (¢) SubNet2; (d) SubNet3; (e) SubNetl+ 2+ 3;
(1) Ground Truth
Fig. 12 Visual comparison of multi-branch networks in MBNM. (a) Input; (b) SubNetl; (c) SubNet2; (d) SubNet3;
(e) SubNetl+2-+3; (f) Ground Truth

3.6.3 W& AR E M A M E
I 26 55 B D 8 T i B 2% 50 — )2 AR B 28 B T — )2 0 R AE G G AR . 3B TR O (R R IR G T R, A
LOLvI %4 45 b PFAl 0 45 5 B X A0 80 M BE (9 52 M), SC 00 45 AN 3R 4 Fr /s o Bl I 246 o 88 1 38 o, #6378k g
B ETHEa, SN 167, PSNR 4 24.67,SSIM 4 0.832, LPIPS 4 0.158; 24 5 FF 14 fin 1] 48 i , PSNR 42
1 # 26.53, SSIM #1581 0.857, LPIPS F& AR 5] 0.129. 33X 2 B, i B 389 i1 190 4% 5 13 ] LA AT 250 34 58 455 700 () R i
FEIRAE Ty, AT B3t R S s Ak 2R o AR, kB o ) 6% B P A A e B v T AR AR 2R L 3 T R O A s B
G o LA RE ST TR, Y S B Dy 48 I AR A R I A
4 BBERRMEEETHEESTK

Table 4 Model performance variation with different network widths

Width PSNR 4 /dB SSIM 4 LPIPS y FLOPs/G Params/M
16 24.67 0.832 0.158 9.7 1.18
24 25.12 0.841 0.145 12.3 1.52
32 25.89 0.849 0.138 14.7 1.78
48 26.53 0.857 0.129 18.2 2.14
64 26.41 0.855 0.132 23.1 2.67

3 ) PN A2 B0 g R e S R g FE LOLv B 45 b VT Al 0 2% 1% B ot 455 750 1 R 1 5 ), S 56 45
W25 AR . Bl 25 046 1% 3 Al 186, A5 R0 Pk i S b R L 48 TR EE N 2 88 i ) 4 i, PSNR 42 T 2
9.8% ,SSIM #& F+ ) 5.2% , LPIPS F [# £ 18.4% o {H 8 — & 18 i 0 45 W B ), Mk A B0 R &, 9286 TR 1

%5 MEERRNSRETHEETYL

Table 5 Model performance variation with different network depths

Encoder layers Decoder layers PSNR 4 /dB SSIM 4 LPIPS v FLOPs/G Params/M
2 2 24.17 0.815 0.158 8.4 0.92
3 3 25.48 0.839 0.142 12.7 1.43
4 4 26.53 0.857 0.129 18.2 2.14
5 5 26.41 0.855 0.131 24.8 2.67
6 6 26.23 0.851 0.134 35.6 3.92
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Nighttime Image Enhancement Method Baesd on Multi-scale Fusion Network

WANG Manli', CHEN Chen', JIA Yunhong®, SHI Yannan', QIAO Yingxu’

(1 School of Physics and Electronic Information, Henan Polytechnic University, Jiaozuo 454003, China)
(2 National Key Laboratory of Digital-Intelligent Technology for Unmanned Coal Mining, Beijing 100013, China)
(3 School of Computer Science and Technology, Henan Polytechnic University, Jiaozuo 454003, China)

Abstract: With the wide application of intelligent devices and the development of artificial intelligence
technology, significant value has been demonstrated by nighttime image enhancement in multiple fields
such as visual Internet of Things, autonomous driving, medical imaging, and object detection. Nighttime
image enhancement is defined as the process of increasing the brightness, enhancing the contrast and
restoring the details of images under insufficient lighting conditions. To address the issues of texture detail
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loss and noise amplification in existing nighttime image enhancement methods, a nighttime image
enhancement method based on a multi-scale fusion network (MSFNet) is proposed in this paper.

Firstly, in order to effectively extract the texture detail features of the dark area of the image, a dark
area feature extraction module is introduced at the front end of the backbone network. The global features
of the image are extracted through convolution to generate channel attention weights, enhancing the
channel features related to the detail information. Secondly, multi-branch network modules are designed in
the backbone network, and specific sub—networks are designed for different scales, so that rich multi-scale
information can be perceived during the enhancement process and the loss of detail reconstruction at a single
scale is avoided. Finally, a dynamic weight allocation mechanism is proposed in this paper, through which
the multi—scale features of each sub—network are adaptively fused to enhance the feature expression ability
and further improve the image enhancement effect.

On the three paired datasets of LOLv1, LOLv2-real, and LOLv2-syn, the PSNR values of MSFNet
were higher than those of Retinexformer by 1.37, 0.72, and 0.50, respectively. The SSIM values on the
LOLvl and LOLv2-syn datasets were also higher than those of Retinexformer by 0.012 and 0.007,
respectively. On the three unpaired datasets of LIME, MEF, and NPE, the optimal NIQE values were
achieved by MSFNet, with values as low as 3.74, 3.91, and 3.36, respectively. The brightness of the
enhanced images was significantly improved, and the details were rendered more clearly. Furthermore, on
the publicly available nighttime face detection dataset DARKFACE, higher face detection accuracy was
achieved for the enhanced images. The AP values under the three IoU thresholds of 0.5, 0.6, and 0.7 were
recorded as 0.264, 0.107, and 0.014, respectively. More detail information was extracted from the images
enhanced by MSFNet, thereby enhancing the discrimination between the target and the background and
demonstrating the effectiveness of this method in downstream tasks.

MSFNet is proposed to address the the issues of texture detail loss and noise amplification commonly
encountered during enhancement. First, a dark area feature extraction module is introduced at the front end
of the backbone; channel attention weights are generated via convolutions on image features, and channel
features related to fine details are emphasized, thereby enabling effective extraction of low-light texture
details. Second, multi-branch network modules are designed, in which three sub—networks in parallel
extract image features at different scales, allowing the recovery of global structure and local details in
nighttime images. Finally, a dynamic weight allocation mechanism is proposed, by which multi-scale
features from the sub—networks are adaptively fused; the feature representation capability is strengthened,
and image enhancement performance is further improved. MSFNet is shown by the experimental results to
outperform existing methods on multiple datasets. In comparative experiments on night face detection, a
significant improvement in night target detection accuracy is achieved by MSFNet, thereby verifying its
practical value in downstream visual tasks.

Key words: Nighttime image enhancement; Dark area feature extraction; Multi-branch network;
Dynamic weight allocation; Face detection
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