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A spatial super-resolution method for light filed images

by fusing global and local features

Jing Huahua, Yan Tao", Liu Yuan
(School of Artificial Intelligence and Computer Science, Jiangnan University , Wuxi, 214122, China)

Abstract: The limited spatial resolution of sensor of light field camera hinders the progress of light field image processing
related research. This paper proposes a spatial super-resolution algorithm for light field images by integrating global and local
features, which improves the ability of modeling the global relationship between light field sub-views. Since brightness of
captured light field images is low and seriously affects the quality of the super-resolution image, this paper proposes an
improved 4D Zero-DCE-Net to make full use of all sub-views of a light field to enlighten light field images. In order to solve
the problem of low spatial resolution of light field images, we propose a spatial super-resolution network model of light field
images based on generative adversarial network. The generator consists of three parts. The first part is a network structure
that combines Transformer and 4D convolution in a parallel manner. It captures global and local details of the images with a
shallower network layer. The second part proposes an interactive fusion attention module (IFAM) to effectively fuse the
global self-attention and local detail information from the above two branches. The third part is a reconstruction module (PS-
PA) to improve the spatial resolution of the entire light field. Finally, the relative discriminator is used to guide the training of
the generator. Extensive experimental results show that our proposed method improves the PSNR (Peak Signal to Noise
Ratio) performance index by at least 1 dB than other methods.

Key words: light field image, super resolution, Transformer, 4D convolution

F T H <K A AR FEE (61902151)
Wt H 1 :2021—10—29
* 3l B & A, E-mail : yantao@jiangnan.edu.cn



o524

AEAL A < Rl 42 R R R AR B 56 3 PR R 2 )R 0 PR Bk - 299 -

Bifi %5 ' S AR AIL B P K i, Ol b IR G b 3R
®H 2 Ot EBR S5 ESGN 2D KRR, —
UG B AT 0 S A DU 4R 37 1 25 4 15 8., L 46
DG Z 1) 5 B Ay A R, PR AT DL G S A 2
A TFEHLIL S S D5, B R A YR
T R L/ R BT RMR RBris sh R
GIES TR

3 TP T2 i R KR AD O, HD
L(x,y.s. zf),(x,y)i'%ﬁ%l‘ﬂllzﬁ,(s, 1) F R A T
[T IR T NIREZE o A 5 N OB e
PG R 73 32 38 0T A A =2 (A Y O 2R k47 9 28
AL 43 PR A AR O Ak 18] @ . Wanner and
Goldluecke'" "' EPI (Epipolar Plane Image) I
it FH 45 4 K o ke Ak 00 22 181 o0l 25 B ] AR AR
T4 HE 28 v 52 90 25 (6] F A B2 BB 43 B % . Mitra and
Veeraraghavan'* &t — 4~ FAHE 4L, i B DLW 2
1B ]y 25 1 1 s TR 5 B AL Ol 3 i 47 JE AR . Cho
et al' ™4t H — B 5 0 B 4 A 1) HE SRR DI 21K 4
BRI 43 RO G T 1Y 5 3R 4 5 SR 1Y
PERE .

1 TG 37 BOHE 1 e AR AR AR, b R AL G ) P
FRAERSORAE R A IR . Rl TR pl 22 N 2% B 5
A PR A R RD R TRBR T — e TR E R T
SR Ok ik DR 6 37 3 (R E 23 BE AR 1 R) R, B AT 2
FI 22 A0 8 TU A DL B 5 22 1] ) 4 b 7815 ok 2
> AR 73 B 8 3 55 43 BE A WL OC 2R . Rossi and
Frossard "' #& t — > & F ] 1 1F 0] £6 25 >k 1 5 5
i (0 JLAf S5 46, DA 32 1 06 3 4 3 A0 00 4 B
#  Yoon et al'™ " R Hd ] CNN(Convolu-
tional Neural Networks ) 4b #8537 5 45 | I6) B 52 #1
£ FE 25 8] 2 B8R . Wang et al'™ # HH — 4~ X
[ 418 P4 A5 BB 28 00 2%, 43 591 % 7K1 i e 5 A
] b R AR HR A5 B 2 ) AH G Pk AT AL, SR S R
FHHE R 2 Al AN 5 25 2 U R AR A5 5 43 R0t
Y B % . Zhang et al "™ i i — 4> 5% 22 X 4% ok 52 3
b G 0 8 43 98 238 0 DO A AN [ ) ) 40 e
B B K T2 1 DUAS 43 3 4R BURRAE , 54 0 A
gy 3 Y Bk 2647 B R A TE — R 1T B 5 A 4
Yeung et al'"" i H — 23 8] £ B AT 43 5 10 4 U
B, AT LA vy 250 4 B [a) A AR JRE O RO 2 T o

b bR 2 3 U A A 5 L . Meng et al 42 i
— ol o % A AR 2= A BRI 28 W 45 ok F AL 0%
J6 0 i A TS R A JF A AD 4 BRI
W 2Z TA] 9 ¢ 2 . Wang et al' ™ 48 ) — /> 25 7] £
JIE 52 5. 45 52 IO 3 R R 8 O BE Rl e R
1§ K EE b B U 5 RN 53 (R RFAE SR 5 il 40 58 1
B P 52 R 2 1) - A B 45 B AS L e Jm AL DG 3
JATE B = 4 R &% . Jin et al 3 —Fh All-to-
One B8, 3l 28 M 20 5 2% 0 s i 41 A A0 G
PE 7843 B FH G5 00 i 22 18] b e 45 2, OF 18 FH 45
) — 5P TE U A AR B ok 1 563 1 LA 254

AR SCHE G 8 43 B 2 00 1 e BHR R AT 52
FESE SR . BTG AR AL 0 AR 5 R AR,
WG 47 45 30 B 0 R I AEFE R 2 W s/
WA S SRR R E IR, s T Ay B R A
G T . B SOt R OR B, E
A BN RN . Guo et al R INE S
2 R 2 A 11 R 45 (Zero-DCE-Net) , #4587 B
KBRS B RHOR U BT A B T6 5 TR
2 B ot 1Y 5 BE S AN 6] 3 2% 1 R R 23 i
5 . R, AR SCHE Zero-DCE-Net (1 3£ 5 [ % 2D
B U 4D & B, 4 Y Bl gk B9 4D Zero-DCE-
Net, F & 5 B A Z 18] 52 A5 B O6 3 1 JL AT 45
PR B R P2 B g R 0 52 B

R T ARUE G 224 F 0 A5 R 1 6 B 1 R —
Mk W E RO R 2 JR R AE 2R )5 T4 I
JRFRERE R AN FEEUR A5 (5 B L AD B B2
AR G 2 HE R O & S NS R RCR
{2 4 Jmy A BB ) A 5 L N R A A b A 4 A
TR0 PN R R R O AR i LA R O T
& FUZ AR AT B R Az B o 4 BG4 R 6 R
IS N(ERES: Db 2 QN THER (5 RS (T
BT I, 3 TS e AR R R BT EE L PR, A S
Sy VR4 R AR B AR . Transformer A9 8% 37 B
P K, B X e 4 B T 5 4SRN O AT T 5 Y g
AT DAAR - Hb %k 7 B H 1) 42 Ry 06 FR AR L 4D Bk 2%
B BUFE 43 b A T 637 JLART 45 A A 8 3R 4 38 4
U JR AR RRAE (BB A5 A iR R AN s R4
JaifE B — By ROt EA

A SCHR Y — A TR EE A 2] 1O KR 2 1)
A HER L B LR O Sexbhi BRI AT



-+ 300 - IR 2E 2R CH AR R

Bl1 AXHMEERE

Fig.1 Network structure proposed in this paper
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Fig. 2 Schematic diagram of attention computation for

image patches at the same position for all sub-views
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Fig. 3 Brightness enhancement results of light field images
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Fig. 4 Super-resolution results of light field images (Scene 1)
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Fig. 5 Super-resolution results of light field images (Scene 2)
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Fig. 6 Super-resolution results of light field images (Scene 3)
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Fig.7 Super-resolution results of light field images (Scene 4)
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Fig. 8 Super-resolution results of light field images (Scene 5)
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Fig. 9 Super-resolution results of light field images (Scene 6)
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Table 4 Super resolution results of different modules

Model PSNRA SSIMA  PIy  BRISQUEy
Concat+Res 32.43 0.932 5.95 47.84
PixelShuffle 33.58 0.954 5.82 46. 56
Dual 4D Resnet 31.68 0.926 6.08 48.45
Dual Transformer  31.45 0.923 6.11 48.89
Ours 34. 46 0.963 5.23 42.29
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