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UHD Multi-Exposure Image Fusion via Dense Local-Global Feature
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Abstract: With the deployment of ultra-high-definition (UHD) imaging technology, generating high-quality UHD im-
ages typically involves fusing multiple UHD images with varying exposure levels. However, current multi-exposure image
fusion (MEF) methods based on deep learning perform direct fusion of feature maps extracted from images with different
exposure levels. These methods fail to fully exploit the feature information in images with varying exposure levels, which is
essential for achieving successful MEF outcomes. To address this problem, we develop a UHD multi-exposure image fusion
approach that incorporates both local and long-range characteristics of images, and it aims to mine the dependencies of im-
ages with different exposure levels. By enforcing translation invariance and self-attention on images with varying exposure
levels, we can extract higher-level semantics and features. Furthermore, we aggregate the resulting features of different gran-
ularity by utilizing shortcut connections at various levels. Finally, we propose the Gate-MLP with a gating mechanism for
filtering features with noise to generate a high-quality UHD image. To better demonstrate the work for UHD MEF task, we
also establish a UHD image dataset for MEF task. Extensive experimental results demonstrate that ourapproach significant-
ly outperforms existing approaches for UHD multi-exposure image fusion task on a single 24G RAM GPU.
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SSIM 0.8449 0.676 9 0.762 8 0.8713 0.8275 0.861 5 0.907 9 0.770 3 0.932 8
PocAk MEF-SSIM 0.899 8 0.772 8 0.8256 09105 0.881 4 0.908 9 0.948 7 0.8515 09735
BATHTE] /s — 20.3100 50.8300 3.0700 | 71.5600 1.1200 54.750 0 — 0.0300

T - PR RSP A A5 RN 7R IS AT I AT Y —" R %7 ik R AL 2 UHD.

(2) Bt BUBR S VAN . 12 Ok B PEAR T 4 7
PAE LS AU R B R R bERE . (RS
B A 45 1Y 23 FE 2R R 4K (3 000 x 4 000) fY £ 8 18 G K]
B IR S &R ZBOLR A T ki T A . K9
JEIR T — W LA P 51 1 52 T B (R 0 E 3R
ghEIL.

TEPPAL R, % B MEFAW £ 30l A 45 1 2
o, I Il JE L LR O . FMME TG A 2500k 2 S0 B4 15

1M PWA WIZER G BUR 5] AT — 262 28 H. . MEFNet
H AT R, A R il MR A R B AT i
3. IkAh, U2Fusion Yk & 1 G AR B R IES . AL Z
T TR T R A TR R A ) OB AN A i L
BT R L, f A ORI T LA H AL
4.4 HEHAR

T VARG X 4 T RS LR A A T — R B
RS, LI 45 AN R 2 s . A B BFSE T 8k
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(a) UE-input

(¢) CF-Net

(h) MEFNet (i) PWA

(g) MEFAW

5 SICE £l & 25 5R(—)

(a) UE-input (c) CF-Net

(i) PWA

(d) DSIFT-EF

(/) IFCNN

() U2Fusion

() U2Fusion

6 SICE £l mh & 24558(=)

AR R EMG Y /N AR AL P BE Y B2, SEER 45 5 an
TR .

(1)Gate-MLP. 7EVPAE 2 K3 REp, L TH
JC Gate-MLP 21 I 4% . Gate-MLP 3824 T fif A HFAE &
B g . R 2 IR B985 BT LUE 18 34 1RAh
& H» PSNR ., SSIM il MEF-SSIM |, ¥ 4% #B 4k T A 5
Gate-MLP [/ [ 2% .

(2) P B RO Rl G . XA B8 %% R i 5 79 ) 6%
TCHR B FEAE Al G B 28 04T T PPAL . R REAE Al Y
I il o AR SC I 45 B A% T 43 A FH AN (] RO B LR Y J=)
TR HERAE A4 JR) (0 R R AR . 25 2R S s AR SC M 45 7 T
A 34 VAL 48 A b #U0 T R 2F 17 0 %5 R A fl A 1Y
S

(3) FEATRFAF R . X 3 F 050 52 (1K) AT R fiF 32
I 45 I ER A TR AR SRR 25 54T T LB . I AT RRIE IR
By 35 AT ] et Jefy 2 P A5 1 g 38 S0 B AR A R 4 Jy £
FRAE . 45 ST 4 b 3 I R0 28 7 BT 3 N 1A 36 b R
e F R FH R ATRR AR SR B R 265 . b o, 38 2495 Trans-
former FEHL B, CNN L HL B 6 X533 v 1 BT A REAIE B2 L
B . DS ATLIE 5 B 2 09 I 26 A1 L, il o —

IR AR B OB HRL 1) 0 25 P BE A T T e

AR PR 2% 2 N 2 R T A R S S Ak B UHD [
BIRE ST . BLAh B HEAT T, DAPEAR T R AR B
B R /N XA R P BE R SR . 32 3 BT S I 45 R I, Bl
5 FR R SF I35 K, PSNR | SSIM Al MEF-SSIM 15 7 #F
AT L SR, K s S SOk B A R) A S, AT
e R SR AR BT R . AR R MR
SRAE ST, DAAR A5 T e 8 P S5 o [) s 2 Ay g A 7Y
{15 58 S Ak B UHD B , fe & AR SO iR R
<12k 256 % 256.
4.5 IBE1THIE

FE R — G LA L X B A TR BB R R AT T A, 3X
BHLESEL 45 T Intel (R) Xeon(R) CPU #l NVIDIA RTX
3090 GPU. & (132 17 B (8] H AL 4G GPU 19 Ab B AT [H]
ANZE BT VO 24 . I A BERLLE Doc-4K F1 SICE (1)
SR EATR AR 1 s . A SR 2Ot S
ALPE—XF UHD BUR T RE B 18 . HAk— BB IL TR
B 2 2] B 7 3 T LAAE JLARD B o b 3 — X UHD B4, (1
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R2 MEHRIANENBIHAERELRE

Size PSNR SSIM | MEF-SSIM | &4 [al/s
64 % 64 20.92 0.927 6 0.968 1 0.01
128 x 128 2332 0.928 7 0.968 9 0.02
256 X 256 26.88 0.9328 0.9735 0.03
512x512 26.95 0.9322 0.9758 0.08

R3 TREEBGRK/NISEEE LR M0

SN PSNR SSIM MEF-SSIM ety
R/
w/o Gate-MLP 20.59 0.886 5 0.9389 0.02
w/o Dense Fusion | 19.11 0.8754 0.927 5 0.02
w/o Dual-Branch 23.88 09189 0.960 1 0.03
w/o Transformer 24.44 0.908 8 0.956 1 0.03
w/o CNN 25.17 09115 0.958 9 0.03
Ours 26.88 0.9328 09735 0.03
5 #it

ASCER X UHD FBAR T —Fhogisi 19 2 oL Rl &
Tk DT A AR Y R AR - R R AR R, T R T
XUy SZHY AT T7 3k A A UG R BURFAIE , I AN [R]
B G 2 01 ) Jm S SO B A 4y (2 vh R A s R BEARRALE
PAKME SO BEOGIEMR T 8RR BRIE . E— 2030, Oy 1 i
DR Fl A o A rp S RS R G B0 TR R, B T — B Gate-
MLP R i RSB IE AR B . HAh i L 1T 2 it
JeRlG S BT T — B UHD BG4 . i 5 A
SE PRI 2 T $ 1) D7 I AR AR AR I A T 24 i
RACHE I Z R A TT ik . BARINE K E T R
DR AT, AR A Rk A b, LR AE (R B
A AR TAR R FARR MR e X Sk B =
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