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Light-field image super-resolution based on
multi-scale feature fusion

Zhao Yuanyuan, Shi Shengxian®

School of Mechanical Engineering, Shanghai Jiao Tong University, Shanghai 200240, China

Abstract: As a new generation of the imaging device, light-field camera can simultaneously capture the spatial po-
sition and incident angle of light rays. However, the recorded light-field has a trade-off between spatial resolution and
angular resolution. Especially the application range of light-field cameras is restricted by the limited spatial resolution
of sub-aperture images. Therefore, a light-field super-resolution neural network that fuses multi-scale features to
obtain super-resolved light-field is proposed in this paper. The deep-learning-based network framework contains
three major modules: multi-scale feature extraction, global feature fusion, and up-sampling. Firstly, inherent struc-
tural features in the 4D light-field are learned through the multi-scale feature extraction module, and then the fusion
module is exploited for feature fusion and enhancement. Finally, the up-sampling module is used to achieve
light-field super-resolution. The experimental results on the synthetic light-field dataset and real-world light-field da-
taset showed that this method outperforms other state-of-the-art methods in both visual and numerical evaluations.
In addition, the super-resolved light-field images were applied to depth estimation in this paper, the results illustrated
that the disparity map was enhanced through the light-field spatial super-resolution.
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Fig. 1 Schematic diagram of light-field super-resolution based on multi-scale features. (a) Structure of the network; (b) ASPP block;
(c) ResASPP block; (d) Structure of the fusion module
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Fig. 2 Schematic diagram of fusion block. (a) Structure of FusionB;
(b) Comparison of multi-scale features and the features fused by FusionB
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B KA 2%

SER PGS RANGE 2 IR, WO FAARE TERA
SO EAMUPEN bR s s, AL FRER T TA
SOTER T AFR IR Tk mgst. hik 2, &
SR H A Fence 5 PSNR fIiT ResLF F
FALSR, iXJ& H Tz 5 R IR EUR h A AR 2
A SC A BT B R 5 SRR MR ) L, (] s il
AT 2 BN T MR 2 REERHIE . 535, A
J7EETE Fence 5t F 1Y SSIM I&{X T ResLE, XJ&H K
ResLF XJ7KF-. '8 ELADNT A 1 SOHAT BRI 7 HER
FHHAES), 1M Fence Yt P FTERZ X AL, 7E
Cars # Flowers 35, K7 4E PSNR #1 SSIM |
PRI T H AT o A SO 2% T Y
Stanford EIOGIHEUG I PR E R [, 52097
4] PSNR/SSIM “# 38.30 dB/0.9778, Lt ResLF SCHkH 7
Stanford %(E4E F15 2/ PSNR/SSIM(35.48 dB/0.9727)
{EimE 5, H LG FALSR SCHERHTE A AR Set5! [-x2
B4R PSNR(37.82 dB){HALBS S, LR O HIE
AT 9 A3 B 28 AE A SE FIVE FE b 1 Ah
TAIXF RS

A1 REBY VI F A BRI E g b gerbax

Table 1 Performance comparison of different image super resolution algorithms on synthetic data

Buddha Mona Papillon

Method
PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM
Bicubic 33.0865 0.9208 32.6579 0.9301 33.4031 0.9365
GBSR 35.7463 0.9568 38.1479 0.9769 38.7855 0.9802
FALSR 34.9493 0.9373 34.8104 0.9412 34.7569 0.9504
ResLF 35.4988 0.9689 34.3314 0.9614 35.1983 0.9754
Proposed 39.8095 0.9807 41.5483 0.9865 41.0616 0.9852
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‘ Ground truth

Bicubic FALSR

»

B4 ALHEIRGBSILER. (a) Fence %%; (b) Cars H%; (c) Flowers %7

Fig. 4 Light-field super resolution results on real-world data. (a) Fence; (b) Cars; (c) Flowers

R 2 BRI EE R T EAHaET b

Table 2 Performance comparison of different image super resolution algorithms on real-world data

Fence Cars Flowers
Method
PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM
Bicubic 30.8720 0.9541 31.3657 0.9401 30.2619 0.9194
FALSR 35.1476 0.9639 31.5821 0.9422 31.5795 0.9192
ResLF 34.9172 0.9844 31.6191 0.9722 31.3748 0.9538
Proposed 31.5522 0.9816 35.2929 0.9800 40.6967 0.9874

3.3 NRTREMIT

H T B3 [ 3 BRI 22 T4 R 5
Wel, AR5 T 2 T RS B R FEEO0Y G
SRS AR RO G AT TIREEAL T
REEA T A LG — KA POBRPY, & 5 435l J@/R T
Y B 228 (Ground truth) . B GMRITEAS Y
I3 PE3 M 22 [ (LR depth) Fl T GRS 20 &5 70 3%
HRZE (SR depth), {EAF—HZA9IE, SR depth 53¢
%4 LR depth (19 2 5, PXEI7E7 725 ()6 73 P
A PR IIREE . Ji— 5, TREEA
THEREW], S PEREeY 7 BRI 4 S T
FESCIMEE, LR R L 4 X S i &
MIZER,  PRIHRT AT B b JiE s B4 4637 5 i IR
JEER, WEl 5 R ETTERRCHTR .

N T B R IR AR T A RIS A SO
LR depth F SR depth 43755 Ground truth Xftb, 53]
Kl 6 FsiiRzER, eS8, SR depth 5 Ground
truth ELEEAHIBCR 26X (E AT 2R 22 K. il T LR
depth #1 Ground truth i/ BFARA I To 1 HAEMEE

PR AW =R AE{E AT Ground truth #H17 T RAE, 44
JEHRE T RS B B9 22 B 5 LR depth X R4S 2]
LR depth AR 22 & . U= YABHE A X R T
SEHFUEN, X213 Ground truth T RAEG L 2244
PR/ 32 b O 25 S B, O B A I 22 850l 1
PRAEAE /N I LR depth A2 E 5 SR depth iR
ZERALL, HA A RER MR R O B A 2 W, T
TESCHLN 2 PRt I B 3R 6 B E 23 /o 58] 6
JIT &R 115 22 R R L — W 2R A FR R L, (EXT L
SERAIR BRI UL —E IR, anl&l 6 el BT HERR
CC I 22T 22, B e ROCIHIREE A TH4h
RIETARTHEROCH R AT 45 R, X 5TER 5 |
() BV SEXT LEAS RAR—3 Ji8h, A3 I A~
Y i EI 2214 2% LR depth error 1 SR depth error
AT TR, o, Mona Stk Rt il =
(RF- IR 22 4 0.1699 pixels, =43 HERGI M2 1)
V- EAR 25 M 0.0075 pixels, T Flower 35 K4
PRI 2E R TR 2E  0.2013 pixels, =570 HF
TR T ETH RN 0.0434 pixels,

200007-8



YT HE  https://doi.org/10.12086/0ee.2020.200007

Ground truth

LR depth

SR depth

' ila
8

BH5 MEAETLR. (a) Mona %5H£E; (b) Flowers % %42 B
Fig. 5 Depth estimation results. (a) Disparity map of Mona; (b) Disparity map of Flowers
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Fig. 6 Error maps between depth estimation results and the ground truth (unit: pixel). (a), (b) Mona’s error map; (c), (d) Flowers’s error map
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Light-field image super-resolution based on
multi-scale feature fusion
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Structure of light-field image super resolution network

Overview: As a new generation of imaging equipment, a light-field camera can simultaneously capture the spatial po-
sition and incident angle of light rays. However, the recorded light-field has a trade-off between spatial resolution and
angular resolution. Especially the limited spatial resolution of sub-aperture images limits the application scenarios of
light-field cameras. Therefore, a light-field super-resolution network that fuses multi-scale features to obtain su-
per-resolved light-field is proposed in this paper. The deep-learning-based network framework contains three major
modules: multi-scale feature extraction module, global feature fusion module, and up-sampling module. The design
ideas of different modules are as follows.

a) Multi-scale feature extraction module: To explore the complex texture information in the 4D light-field space, the
feature extraction module uses ResASPP blocks to expand the perception field and to extract multi-scale features. The
low-resolution light-field sub-aperture images are first sent to a Conv block and a Res block for low level feature extrac-
tion, and then a ResASPP block and a Res block are alternated twice to learn multi-scale features that accumulate
high-frequency information in the 4D light-field.

b) Global feature fusion module: The light-field images contain not only spatial information but also angular infor-
mation, which implies inherent structures of 4D light-field. The global feature fusion module is proposed to geometri-
cally reconstruct the super-resolved light-field by exploiting the angular clues. It should be noted that the feature maps
of all the sub-images from the upstream are first stacked in the channel dimension of the network and then are sent to
this module for high-level features extraction.

c) Up-sampling module: After learning the global features in the 4D light-field structure, the high-level feature maps
could be sent to the up-sampling module for light-field super resolution. This module uses sub-pixel convolution or
pixel shuffle operation to obtain 2 spatial super-resolution, after feature maps are sent to a conventional convolution
layer to perform feature fusion and finally output a super-resolved light-field sub-images array.

The network proposed in this paper was applied to the synthetic light-field dataset and the real-world light-field da-
taset for light-field images super-resolution. The experimental results on the synthetic light-field dataset and real-world
light-field dataset showed that this method outperforms other state-of-the-art methods in both visual and numerical
evaluations. In addition, the super-resolved light-field images were applied to depth estimation, and the results illu-
strated the parallax calculation enhancement of light-field spatial super-resolution, especially in occlusion and edge re-
gions.
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