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Anti-specular light-field depth estimation algorithm

Wang Cheng, Zhang Jun, Gao Jun
School of Computer Science and Information Engineering, Hefei University of Technology, Hefei 230601, China

Abstract: Objective Image depth, which refers to the distance from a point in a scene to the center plane of a camera,
reflects the 3D geometric information of a scene. Reliable depth information is important in many visual tasks, including
image segmentation, target detection, and 3D surface reconstruction. Depth estimation has become one of the most impor-
tant research topics in the field of computer vision. With the development of sensor technology, light field cameras, as new
multi-angle image acquisition devices, have increased the convenience of acquiring optical field data. These cameras can
simultaneously acquire the spatial and angular information of a scene and show unique advantages in depth estimation. At
present, most of the available methods for light field depth estimation can obtain highly accurate depth information in many
scenes. However, these methods implicitly assume that objects are on a Lambertian surface or a uniform reflection coeffi-
cient surface. When specular reflection or non-Lambertian surfaces appear in a scene, depth information cannot be accu-
rately obtained. Specular reflection is commonly observed in real-world scenes when light strikes the surface of an object,

such as metals, plastics, ceramics, and glass. Specular reflection tends to change the color of an object and obscure its tex-
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ture, thereby leading to local area information loss. Previous studies have shown that the specular region changes along with
angle of view. Furthermore, we can speculate on the location of the specular area based on the context information of its
surroundings. Inspired by these principles, we propose an anti-specular depth estimation method based on the context infor-
mation of the light field image. In this way, this method can improve the reliability of the algorithm in handling problems
associated with specular reflection. Method Based on the changes in the change of an image with the angle of view, we
design our network by considering the light field geometry, select the horizontal, vertical, left diagonal, and right diagonal
dimensions, and create four independent yet identical sub-aperture image processing branches. In this configuration, the
network generates four directional independent depth feature representations that are combined at a later stage. We also use
a fixed light direction, due to the obstruction of the front object or the incident angle of the light, smooth surface at the
same depth level, not all areas will appear as highlights. In addition, the degree of reflection of specular on the smooth sur-
face is different, indirectly showing the geometric characteristics. Therefore, we process each sub-aperture image branch via
dilated convolution, which expands the network receptive field. Our constructed network obtains a wide range of image con-
text information and then restores the specular region depth information. To improve the depth estimation accuracy in the
specular area, we apply a novel multi-scale feature fusion method where the multi-rate dilated convolution feature is con-
nected to a multi-kernel common convolution feature to obtain the fusion features. To enhance the robustness of our depth
estimation, we use a series of residual modules to reintroduce part of the feature information that is lost by the previous layer
convolution in the network, learn the relationship among the fusion features, and encode such relationship into higher-
dimension features. We use Tensorflow as our training backend, the Ker as programming language to build our network,
Rmsprop as our optimizer, and set the batch size to 16. We initialize our model parameters by using the Glorot uniform dis-
tribution initialization and set our initial learning rate to 1E-4 | which decreases to 1E-6 along with the number of iterations.
We use the mean absolute error (MAE) as our loss function given its robustness to outliers. We use an Intel i7-5820K@
3. 30 GHz processor with GeForce GTX 1080Ti as our experimental machine. Our network trains 200 epochs for approxi-
mately 2 to 3 days. Result 4D light field benchmark synthetic scene dataset was used for quantitative experiments, and the
computer vision and image analysis (CVIA) Konstanz specular synthetic scene dataset and real scene dataset captured by
Lytro Illum were used for the qualitative experiments. We used three evaluation criteria in our quantitative experiment,
namely, mean square error (MSE) , bad pixel (BP), and peak signal-to-noise ratio (PSNR) . Experiment results show
that our proposed method has an improved depth estimation. Our quantitative analysis on 4D light field benchmark synthetic
dataset shows that our proposed method reduces the MSE value by 20.24% , has a BP value (0.07) that is 2. 62% lower
than that of the second-best model, and a 4.96% PSNR value. Meanwhile, in our qualitative analysis of the CVIA Kon-
stanz specular synthetic dataset and the real scene dataset captured by Lytro Illum, our proposed algorithm achieves ideal
depth estimation results, thereby verifying its effectiveness in recovering depth information in the specular highlight region.
We also perform an ablation experiment of the network receptive field expansion and residual feature coding modules, and
we find that the multi-scale feature fusion method improves the effect of depth estimation in the highlight areas and greatly
improves the residual structure. Conclusion Our model can effectively estimate image depth information. This model
achieves a high recovery accuracy in recovering highlight region depth information, has a smooth object edge region, and
can efficiently preserve image detail information.

Key words: depth estimation; light field (LF) ; anti-specular; context information; convolutional neural network ( CNN)
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Fig. 1 Examples of highlight reflections ( (a) characterization of highlight regions from different perspectives;
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(b) not all highlights appear at the same depth plane; (c¢) different areas of glossy surfaces behave differently in highlight)
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SEHF A AL, I3 —h 22 RUBE AP A 5 B il 5
T2, i — 2 m o R Al TR B

B2 ARSI AR

Fig.2 Network structure overview

2.1 SRMHTZHRBNER

Shin 25 A (2018 ) Bl 1 22 08 A 73 32 i i A %
DREEAGTHE 55 B9 A 28tk i 2 s, A SO B
Shin 2 A (2018 ) R B Z WA 73 SR, 7240 B2
IIHERN 9 x9 KA ER b 24 0° 457,
90° FiI 135°T7 [ )45 9 i T-fLAR KRB A iUy 51, L
4 ZRSCE TGS . 20U 73 SR Y SR
T EHG I Z A0 A e, T AR BRI ) 2
FRERAIESS B, ELIE S A i LM S 8O H K2
R ITR
2.2 MBBZIYT KER

Shin 28 A (2018) 4% i, B B2 B BUZ /N A
2 x 2,REMHIN =4 MEFR/DBIEGIZTLH,

fippk 1O BB LB A I R, SR, 5 B L
NG TR LR IR BRI SRR FH PR AR A
B AR BRI T 190 28 08 PR B R XA B 1 2
> o XTI, A SO A G BRI K M 45
JESZIF (A 4 T LRI SR R A PR A R
Pl 3 JE AR A 3R R/ 8 23 1 A RN R i X
PERI R R . BB/ 3 x 3,205
KPR ERERAL . 183 (a) HIZKR N 1 1= 6
SR T RLE 2 U E S R IX
o 3 (h) RN 2 AR, SEPR
BRI 3 x 3 AT T x TIRERDIIE
B RLE 9 AR o BEI, B2 B S BR R/
AT x T ARG A S TERE RN NT < T,
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] B SE PR RS A A v e KSR R A A
DG, LA v O DI, 1 T AR IR g DY X Y
B SUE R LAHEWT R G IR R B . B3 (c)
NIRRTy 4 BB I 1S x 15 Y2l B
] L, i g — 2 RS2 B RGR DB X B
SCIE B BEMHERT S BUE R RIR TR R

S

(c) kN 4

(a) IR 1

K3 ARRIEZ KA I 28 TR B FRE T G X R B 14
Fig.3 Schematic diagram of the highlight areas of the

(b) Ik 2

dilated convolution with different dilation rates

((a) dilation rate 1; (b) dilation rate 2; (c¢) dilation rate 4)

ASCBT — R A 2 RE R Rl G 254, i
— R N IS . anlEl 4 R, 4 SR
SCHGEIT BRI IRNN 2 ) 2, BRI N3 A 1
2.4.6 M7 IR ERZ , B 5% 4m A S 38 o 45 R
TN T x 1.2 x 2.4 x 4.6 x 6 3Fm#EH
2o G, IO I RUBE 9 2 A 45 AR 2 R AE 5
GRUZFHE 2R A RE . &5, MG RHES T 5
BRI T x 1 8@ E 2, H B3 nRE
ARt , Bl AR L E T A, SR TR RN
T [, R ORAE R I AR R e [ R/ — 3
AP SR E THE 0 rr,
2.3 HREFEREER

He 55 A\ (2016) 4 Hi, 5% 22 45 #9 v] LATE R 2% th
FHTT AR FTZ B R R/ R AR R B 5 T8
ROIEFHIELEAN Y FAN S TIRZRHE , A S T M
ZRVERE. WIS R, T AR TN A S
P 2 0 ER I S 1Y) 22 RUBE TR B2 AR AIE , £ T — R 915k 22
BEHA ST RPIE 22 [ 14 56 AR, B JHL 4 ) Ay B v 4 11
fiE. TN 2 JioR 5k 2 AR AR g A A T A 7 Ak 22
P, AR EIA PR, — o il 2
Pk 25 Bt S, R R/ N 3 % 3 ARAIE T RHIE
BEFEN R RN — B0 55— 402 3 Mgk ia 4
R 20 S0 3 A S, T 2 1 o B RN By
H2 x 2, mE—RBEREZI/NET x 1 ZZ01E
FHRA T 08/ 5% 26 R AR S a4, R
S IER R 28311 5 ik 22 AL i i AR B i A A AR

JERHAALLO0 1775 (SR 2B 5 — L3
I, B G BUZ JZ BN A i, mT LA RE G A8 B2 5/
VRS JEE K )

BRESHRFIE_1

BSRFIE 2 —

BSEFIE 3

R ERHE 4 —

B4 B2 ROZHAE Rl & 4544

Fig.4 Multi-scale feature fusion

2.4 TSR

J AR B, W25 Conv-ReLU-Conv
PR 25 R DAy SO AR ke, A A5 et 45 FR23 1 A5 FRA%
KANH2 x 2 RAAHO B,

4D S 80T 2R R AT L 4D St el 3k
TN PAT T AGT T A T R LA IR i AR
AL B S frn e SETE I A AN, T 2 R
P S PO —ASES P = (X,Y,Z) , R
BAG Ji HE H E 22 5 TR BE 2 1] B JL AR 5C & ( Levoy,
2006) , A LAPRET S UR BEAE, 2F M AR 1A,
(USTEEWS|

__r
Ax == Au (1)

U, f R 2 R R 2 8] B BE B OGS
¥H) ,Z 0 P rRREAE, Ax KR P R AEARRIA T
AREAS R (P22, Au S AHLRGE B 57 4 28
P B L 5 Z T
2.5 IGAT

AT 24 JZ HAASHABCE R 1 s, R
s, £ EPREFEHA B IE— 1L
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P=(X,Y,2)

K5 4 4L R0F 2 iR

Fig.5 4D light field two-plane parameterization model

AEIVZL KN 1, [FI, Mg 2R 7 EBH
BN 1 x 1 ERUZ, H &R R dR e, 1%
TRSH, v DR AE R S A, BRI AR S N i

SEI6 A Tensorflow F i)l 45 )i vt , {8 i Keras
B SRR, b s Rmsprop J 3 B ALY AL
RN 16, W) IR A 7 X Glorot 2457 4345 4] IR
b, W bR > FULE N 0.000 1, IFifi 4 1% AU
/1% 0. 000 001, A {345 %) iR 2% ( mean ab-
solute error, MAE) {E i 25 sREL, FHo X B ¥ (H 5N
B4 (Goodfellow 25,2016 ) , 5256 AL 4% T & S 4F
R 17-5820K@ 3. 30 GHz Zb¥E#S , ¥effiik GTX 1080Ti

( batch normalization, BN) f1—> ReLU 2. 7 B, A% 200 epochs,2 ~ 3 d BifE],
x1 RNEZERESH
Table 1 Specific parameters of each layer of the network
W 28 254 HIEZH fiiy 1 RN
i NEHE 0°/45°/90°/135° FALARIEIG T 41 : 25 (0] 73 B2 512 x S12 8K ML PR 9 x 9 512 x512 %3 x9

\ % REEFFIE RS 4544
ZRMITHE (0°/45°/90°/135°)

dilated conv_1:
dilated conv_2:
dilated conv_3:

dilated conv_4.

conv2 d_1:
conv2 d_2:

conv2 d_3.

filters =50,
filters =50,
filters =50,

filters =50,

filters =50, kernel_size =1 x 1
filters =50, kernel_size =2 x2

filters =50, kernel_size =4 x4

kernel_size =2 x 2, dilation_rate = (1, 1) 512 x512 x50

kernel_size =2 x2, dilation_rate = (2, 2) 512 x512 x50
kernel_size =2 x 2, dilation_rate = (4, 4) 512 x512 x50
kernel_size =2 x 2, dilation_rate = (6, 6) 512 x512 x50
512 x512 x50
512 x512 x 50

512 x512 x50

iy )R comv2 d_4: filters =50, kernel_size =4 x4 512 512 x50
concatenate_1 ; concatenate( [ dilated conv_1, conv2 d_1], axis= —-1) 512 x512 x 100
concatenate_2 ; concatenate( [ dilated conv_2, conv2 d_2], axis= —1) 512 x512 x 100
concatenate_3; concatenate( [ dilated conv_3, com2 d_37, axis= —1) 512 x512 x 100
concatenate_4; concatenate( [ dilated conv_4, com2 d_4],axis= =1) 512 x512 x 100
e 5 s s a3
concatenate_6; concatenate( [ 0°/45°/90°/135°_concatenate_5 | , axis = — 1) 512 x512 x 1 600
MEPEREEE  com2 d__concate: filters =200, WKerel_size = 1 x 1, padding = * same’ 512 x 512 x 200
FREWE T comv2d S filters = 100, kemel_size =3 x3, padding = * valid’ 510 x 510 x 100
comv2d_6; filters =200, kerel_size =2 x 2, padding = * valid” 511 x 511 x 200
IRIZHIAE YW E conv2d_7: filters =200, kernel_size =2 x2, padding = * valid’ 510 x 510 x 200
Al s
(7 A5k 2 ) comv2d_8: filters = 100, kernel_size =1 x 1, padding = * valid’ 510 x 510 x 100
concatenate_7 ; concatenate( [ conv2d_5, conv2d_8], axis= —1) 510 x510 x 200
comv2d_pre_1 ; filters =200, kernel_size =2 x 2, padding = * valid’ 496 x 496 x 200
T AR e

conv2d_pre_2 . filters =1,

kernel_size =1 x 1,

padding = ‘ valid’

496 x 496 x 1
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3 ZRE5HMH

ASCAHEF 4D light field benchmark & il 3% 54
Y5 (Honauer 55,2016 ) HEAT 5E 1 43 A 52 56, 43 31 A
A CVIA computer vision and image analysis Konstanz
specular dataset ( Alperovich 4§ ,2018) & %37 5 ZU 4
51 Lytro Mlum 4/HHEH0205 57 5B 48 ( Alperovich
F1 Goldluecke ,2017 ) 47 E T/ Hr 2256 o

SE TSR T AR SOR A 3 AP RE : 2407
1% 7% (mean square error, MSE) . ¥R{% % # (bad pixel ,
BP) 1 U& {8 {5 "2 bt ( peak signal-to-noise ratio,
PSNR) ,,

Yoo 2 TR Al 45 R 0~ B, 07
ZEMUN R T R . TN

1 M R
MSE :Mz(ym_yﬂ{)z (2)
m=1

A, MR A S, vy AT, 5, WE
S
MG R TR A 125 R0 MERf B2, FLfH B
AN AT A RO BB . TR
fm e M: |y —7,|> 1t}
M

¢ FoR BIE, A SCR I E ¢ 2 0. 07,

WA A W% U T T Rl Al -4 SR Lo 28R (T
G5 )  HARBOR, Fom Al 4 R 8 ROR k-
Y]

BP(t) = (3)

2
PSNR = 10 - g(%) (4)

A MAX g PG b e KRB, B X i B Kl
RRBERME N 1o A MAX AH N 1,

A E LF( Jeon %,2015) .LF_OCC ( occlusion-
aware ) ( Wang %%,2015) ,SPO ( spinning parallelogram
operator) ( Zhang 45,2016 ) 1 EPINET ( epipolar net-
work ) (Shin 55,2018 ) SE 5835 JEAT XS L 20 #r o (HAS
—$2 )2, EPINET ( Shin 55,2018 ) 2y s 4 5 )6 = 2L
AR DRV I , 7 M 28 I 25 B Bt 0 & B 5 e G
S DX R 80, 0 B 5 | <63 TR P T S0 B X 4 )
B, R RS B T G B O G R AR R 1 2 4
XFR2E/NT 0. 02 PIRS X, AT i, A3
il RN ZR%80HE X Shin 25 A (2018) B 7 4 #EAT
Bl g, HoAb 2 B a5 07 ik iy — 2 AR

EPINET_& &6,

2.3 R, 5k 22 FRAE G i AL A B AR
A0 J7 2, 28 Hh 45 RO/ Z 8D (i d
AR SCI 24 R BE TR RSE Ry 496 x 496 12K, Lk
A GBI B RAF (512 x 512 BR) &
JN, BERE IR I 2538 & . 7E 4D light field bench-
mark Y6375 87 AU S T, SRR BEAR RN
482 x 482 RARMIRERI M T E =M. TRIESEE:
Fofb 26 1F — 2, iz B 5 32 4 T A (Chups://
github. com/lightfield-analysis/evaluation-toolkit # 1-
evaluate-light-field-algorithms ) W] Ll SZ B B ) #% 57 1
DT 32 PRI MRS o7 A T8 32 T ) DR /0, 4R JBOAH [ 7 '
FAFIR/N (482 x 482 1R 3) WG B EAT X L 734
3.1 IR

GG EHEEA PN A, — R A2/ T
JEEAE, 2 .o ER S BE R GRS R
7o HHETACAH P2 TF ] 6 6 8o 4
Wanner 28 A (2013b) /£ HCI( Heidelberg Collab-
oratory for Image Processing) light field benchmark %§
4 Al Honauer % A (2016 ) I {1 1) 4D light field
benchmark Z{#E4E . AX (% 4D light field bench-
mark ZCHE SAE I ZRECE , 28800 5 RIR 1 2 1)
AR 512 x SI2ZARZRE PR R 9 x 9,408
124 ik OB 37 BT A 22/ TR LR K]
B BRSSPI SR AR

AR SCEAE Shin 55 A (2018 ) B #6720, A
4D light field benchmark %454 A1k £5 16 15634 K
BAMSOINZR T 8 MR 637 A S IR o
Bro INZREMRBENLRAE N 32 x 32 AR R R/ K
FEIAE A .t TINZRIENGR AT 16 i, A SOl
PR 5 07 1%, 108 5 A0 A D B | T 5ie e | I 15 4
TR ERAB I AL BELAR A5 AL | gamma 75 46 1
B AT RO 1 0, A5 I ZRECE AN 16 1 5 fin 3]
4 608 i, 5K JFOR 1Y) 288 £
3.2 HMAXW

AR SCRE T [EIG rh v O XS Bt AL £ 72 AL A et
(Tao %,2016) , F D63 KU Z A0 et A E TR 3C
15 B ZR AR, BT FETE 2 6 X IR Al T 3CR
Hov, Z2 00 £ 3 S i AR R i o 5 A TR R A Y
TR ENGREAF 5, A H] T W28 3R Dt K 2
FABERFESR 2. 5 W 28 SRS B DR Bt 1o R I 1 15 s
SR I R b SCIF L, R A3 X T
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FEAF R 5 RIS AR SC 28 7 N 45 5 J2 i — R 5 Bk 2
B — 2P S R EERHIE Z [ OC R R IZBLHXS
BRIERERISEMR o T TN 3 BT BRI
3.2.1 WA S i AR

AR SRR S 30 25 T 2% A5 T 2 LA i — 3
W7k A TFLAZIEE (sub-aperture image , SAT) £
3 PR AN [6] XoF ) 45 A 1 T T Jo o P S, B %
FBESTHER 3 x 3.7 x 7.9 x 9 BEATXS L
93T

2% 2 Z7E 4D light field benchmark & 55 5%
AN TRV AT LA TR B AR B 3 00 T 2% B TR
FERIBT RS . N3 2 AT LA Y, B & fi A 1L
TG £ B 23 BE S 35 i, MSE {5 #1 BP {E0% Hr
U /)N, PSNRHLIZE T 3 O , 273 11 {5 it R B &1 1Y) Joe

R2 AEHN SAI AES PRI MEHHREEEESH
Table 2 Quantitative analysis of network output depth

map with different input SAI angular resolution

AIENPER/ MG R MSE BP PSNR/dB
3 x3 3.974 12.83 17.989 7
7 x 7 2. 156 7.34 20. 469 8
9 x9 1.757 5.305 21.440 3

T LT AN B L, IR R 2 A 5 AR (L

S
[=PLiE 72
| kernal=1x1
Conv2D [ Conv2D Dilated Conv |__ —
™ kernal=2x2 | kernal=1x1 ™ rate=1 — IS
rate=2 . ;
HhERFE_2
Conv2D || Conv2D || Dilated Conv |_| St
i kernal=2x2 s kernal=2x2 = rate=2 . kernal=2x2
- Conv2D |_| | Conv2D || | Dilated Conv |_ 23R ‘
kernal=2x2 kernal=4x4 rate=4 = rate=4
— BRI 3 [H
. pLi:l 72
Conv2D [_| Conv2D | | Dilated Conv |_| - kE =4 x4
~*| kernal=2x2 | kernal=6x6 1 rate=6 emar
| FEHH
rate=6 ~
= HNEFIE_4 —
St sl

(@) B—ERUZEEEM  (b) ZEBETEEN

(OF2:7/ S LIz

WA

K6 & 7E Lytro Tlum 4% (4 T2 52 37 5t 44 46
( Alperovich F11 Goldluecke ,2017 ) owl 35 , A [ ffi
FE o3 PRk ) R B U R L. FT LA Y, SAT £
JE 53 ARy | TR PRI S0 A5 R

B B

(b)7x7

(a)3x3

6 ANIRIfi A SATL i J3E 73 3R 190 225 it R P2 12T R T
Fig.6  Qualitative comparison of network output depth
maps with different input SAI angular resolutions

((a) 3x3; (b) 7x7; (c) 9%9)

3.2.2  WEKIESZ B RA R

WE 7 FF7R, AR SCPRUE S 560 4531 25 185 0 245
ARGEF— B0, I AN [ 0 4% 8%z BT i K 20 ok
DR BEAR B AL TH 52 ), A 55 5 — B R (B
BRANEIR 2 x 2) 55 26 (BB
FNFHIANT x 12 x 24 x 4.6 x 6)1EEE
L Z K (IR KN30 1.2.4.6) 1251
BROGPZIN2 x 2), UK Z &S5
5 ZIERK R A IS TR 2 RO RHAE AL A 254 o

:I— FRSHFIE_1

| miEn
rate=1

= kernal=6x6

(d) Z REEFHERL T

K7 AR sz B R

Fig.7 Different types of expansion methods of receptive fields ( (a) single convolution kernel ordinary convolution;

(b) multi-convolution kernel ordinary convolution; (c¢) multi-rate dilated convolution; (d) multi-scale feature fusion)
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3R T AREZEY KIr A 4D light
field benchmark & BUECHE S AR PR BE 2 25 2R
MR LU B R LA 97 sURAT T iRIPERE
RIS, B 405 T2 BF (9K, PR AR UE MSE {E
BN, PETARIE BP (0. 07 ) 24 T 5 , 2% W B
ERAPITRERR M 1 (HURTRA L B R T, T A5 SR A
BRCRAETE T WA SCHTId, BRI RN 2 x 2
LA £4 MR, ARG TR
GHERAERIL, A RS L o, O — B R (B
BRI 2 x 2) ZLZERE B EHMZ K
AL BP (0. 07) (HEK. TIREH M4/
SRR, BB RUR RFIE L & T 2 &5 L
FICE R AL ) — TR B2 T A AR B AR — AR A TR
JER B AT B A R 5 F- 1, MSE (9{E k. 45§
bR S PR T — R (2 x 2) ElE
BURRPRFAE, B =4 MR A PL2E 8 B X — 1
e BIRRE BE B s LR T 2K R s T 4 R

vase

(b) HB—HERUZA BB

(a) HLOPLAIEHE

(0) ZERUZEBEEM

ik, A2 BFPROR, BRUGRE IA- T BE R I3, i
£ BP(0.07) MSE 1 PSNR $PMrprifk N Bt

Kl 8 R T AN RS2 B R 07 A e st
AR SE PR FLZE 2R, o AR S v D6 X del/ NI 22 ey
e IR B D I A R R B T X L. AT LR
B RS B PO, TN 45 2R B, JE
DI DX ISP I 45 2R B A

x3 FRBRZEHT KA MEREXTLL
Table 3 Performance comparison of different

expansion methods of receptive fields

SR ETY K7 MSE BP  PSNR/dB
O YAt e SIE S 2.038 5709 20.8307
ZEPRZE AR 2.008 5.820  20.846 4
Z MR B 1.988 6 078  20.889 6
Z REEFHERATE X 1.757  5.305 21.440 3

E L AR BB B ALAE, 0T S 2 AR B3 AT (L

(d) ZRER=EER (o) ZREFHERATEX

K8 A2 B RTT A & A FOCBER T 5 b i RE PR L g 2R

Fig.8 Qualitative results of different receptive field expansion methods for scenes with highlights ( (a) central view image;

(b) single convolution kernel ordinary convolution; (¢) multi-convolution kernel ordinary convolution;

(d) multi-dilation rate dilated convolution; (e) multi-scale feature fusion construction)

3.2.3  FRERHEG A

AT, W 45 Bz BT I B R B ER
S R AR T, R 0 DX A ) R AR A % T
S50, SRR 3 Bl BUR , B 4B BT R
B R TNAE BEREAR . P IL, A SCHE N 45 )5 J2 1 FH 7%
FERLHRL R GT IR 2 A5 H T 00 24 T RS B2 A s i)
Xof L WS 5 25 S ACEL A o A, 3 I A R R
FLUnE 9 B

F4 BN T E I WL RN AR 25 WL 45 A 7E 4D

light field benchmark ¥4 8 (APEREZS R . rp
ATLAE AR 22 WL R 2 R PERE AR . SR 25 S M A
2% b E R G | AR A B R R I AR A AL A B, B A
W2 UR AR IEFE 0T A TR B RRAE , (75 8 0k
PEREA B KIET .

P10 f&R 1 B I BRI 05k 22 B ST /B D' 37
THEMERT LA R AT LA 3R 2 A5 A TR
FIARRRZFAEA B T4 T TR B2, 45 50 B4
Hh s O XA B AR A 25 0
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Conv2D
BatchNorm
RelLU

Conv2D
BatchNorm

Conv2D
BatchNorm
ReLL.U

Conv2D
BatchNorm

RelLU

(a) ELEWUT

(b) FRIZWI
B9 FLEBUN SERIZ BRI LT L

Fig.9 Comparison of direct connection mapping and residual

mapping ( (a) direct connection map; (b) residual map)

vase

pot

(a) FOPLAEIE
10 B W Ip FI3R 22 SR FL S5 1 1A 5 XS LA

(b) B

F4 HEMSSKREMRFEEERER
Table 4 Overall performance results of direct

connection mapping and residual mapping

MSE BP PSNR/dB
T WL 2.034 5. 805 20.767 9
HR2E WL 1.757 5.305 21.440 3

T L A B8 e (o

3.3 Sh#EENTE
3.3.1 e MAEAE ELER

S5 K6 FKT Bl A SCIrE S HAb et
BETE 4D light field benchmark X5 4 10 &
AT . 8 RO R, AR ST 4% 1Y A1 RE
P T HAB S e 2805t P AR AL, D8l
AT TR TERE . A SCRETCHAT IS 2
1 A CH IR AR THE 55 A PERE A 3o

(OF: =S|

Fig. 10 Qualitative results of direct connection mapping and residual mapping in specular-highlight scenes
((a) center view image; (b) direct connection map; (c¢) residual map)
®5 SLINLRTE MSE iR EiRE TRISTEE
Table 5 Comparison of the MSE metric
Bk boxes cotton dino sideboard backgammon  dots pyramids stripes R VERE

LF 17. 434 9.168 1. 164 5.071 13. 007 5.676 0.273 17. 454 8. 656
LF_0OCC 9. 850 1. 068 1. 137 2.304 21.587 :’:’E 0. 098 8. 131 5.935
SPO 9.107 1.313 0. 310 1.024 4.587 5.238 0. 043 6. 955 3.572
EPINET_¢t 0440 0270 0.940 0770 4700 3.320  0.020 1. 160 2.203
A3C 5.797  0.346  0.508 9,737  3.318  2.546  0.014  0.793 1.757

E L AR BB B AE, 0T S 2 AR B35 U1
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F6 LIGLERTE BP(0.07) ITfhsRETHIXTEL
Table 6 Comparison of the BP (0.07) metric

Bk boxes cotton dino sideboard backgammon  dots pyramids stripes K PERE
LF 23.019 7.829 19.026  21.989 5.516 2.900 12.354  35.741 16. 047
LF_OCC 36. 520 6.218 14.913  18.495  19.006 5.822 3.172 18. 408 15.319
SPO 15. 889 2.594 2.184 9.297 3.781 16.274  0.861 14. 987 8.233
EPINET_%; 55 14.190  ¢.810 2.970 6. 260 4.130 9.370 0. 540 5.310 5. 448
7 5'q 13.788 0. 882 2.989 5.709 2.716 10. 807 0. 664 4.883 5.305
TE I A B B AE, R RIS B 5 R
R7 SLIGLER7E PSNR EfHARA THIRTEE
Table 7 Comparison of the PSNR metric
/dB
Bk boxes cotton dino sideboard backgammon  dots pyramids stripes HARERE
LF 7.5860 10.3773 19.3405 12.9491 8.8582 12.4596 25.6384 7.5811  13.098 8
LF_OCC 10.0656 19.7143 19.4424 16.3752 6.6581 148135 300877 10.8986  16.006 9
SPO 10.4062 18.8174 25.0864 19.8970 13.3847 12,8083 33.6653 11.5770 18.2053
EPINET_ &t 119111 256864 202687 211351 132790 14.788 6 36-9897 19.3554  20.426 8
A3 12.368 0 24.0092 22.9414 21,3253 14.7912 15.9414 38.5387 21.0073  21.440 3

TE L AR BB B A, T S e 5= 35 (E

& 11 ZAE 4D light field benchmark & 40 E 45
AR SCIM 28 B TR 45 R -5 At e ok Sk T 4
HIETE T L E . N a] LU Y, AR SO 28 1E 45 1
SIS TR AR A BN 44 2R, X L EPINET_ 5 5t
(Shin % ,2018 ) 515 5 hKE 1

W 12 JIr 7R, 7E boxes g5 o, AR SCE5 AR B
THEIARBIR L, R FIREAE T AR TE
AR, A 57 DU A2 4% 18 Do A X3l 3 1 AN RS 7 il
&M, Msh, LF_OCC ( Wang £%,2015) 7£ dots 3%
SR I A R R AT RE R A T
bR 2 s IR B M IR 1 SEAF R 45 2R . AR, 1t
TiEANTE T IR B AEE 2L oAt 7 5%

K 13 &4 X J7 = 7E CVIA Konstanz specular
dataset 5 837 FAAE AR B HABSE NS R0 E
PEII T S AN SOk I O X /N B 22 (18] 13
55 1UAT) A U B (181 13 265 2 47) i
FIAYEDEY R AT OB AT LV A SO R TR
TRIEAS 25 DXCIUA i ) B8 MR 1, AE SO R A X
A 2 DX ELA 5 v RS B, TR SO R A e AL
X S A B v /D 1 T R 2, TR B 2 IX.

SRR 0 B HUAS TS S FAR B 25 Al
45
3.3.2  TERLSEURAE b Ao4s

K 14 R T ARSCHE LS LF (Jeon 45,2015) |
LF_OCC(Wang %£,2015) ,SPO ( Zhang %£,2016) FlI
EPINET_4& /& )% (Shin 45,2018 ) B ik 7E Lytro Illum
A4 1Y B 52 3 5t 803 4 (Alperovich F1 Goldluecke,
2017) Y EMESLIRAE R . AL T cat ,owl (koala
Fl matreshka %8 4 Fidg 5, MK 14 W] DLF H, A 3C
RS HERR A T W IR A BE E F-TE  iR S E
S B 2SR, H EPINET_% &5 ( Shin
45,2018 ) 52 't BR A8 A6 5% Wi 4 K, SPO ( Zhang 4%,
2016) {XU Ak T 3 5 vh WA Y B RO 2518, Z2 8% T
HZE( . LF(Jeon 45,2015 IEAA Al 1 WA
FRJET B AL 22 BT 52 MR 1Y R L™ EE, LF _OCC
(Wang % ,2015) B RTS H8RF- o L 22 181 (H 22
W 2 5 B . TE owl 37 5 i TR 45 S v, AR SC
0 246 T T 38 Sk T A B 1 2 TR R K 1 Sk
5B AR S F X I, 7E matreshka 3755, AR SC
TEIEWR T 2B BRI IR o 7E koala 37

2641



2642

PEERBEFF R

JOURNAL OF IMAGE AND GRAPHICS

Vol.25,No. 12,Dec. 2020

boxs sideboard

dino

dots sttipes backgammon cotton

pyamids

I
i

() FoodimlEz (b)) RERE (¢) LF (d) LF_OCC (e) SPO () EPINET &) (8) AX

[ 11 7F 4D light field benchmark $(#E4 b 158 Pegs Bt 1

Fig. 11  Qualitative results on 4D light field benchmark dataset( (a) center view image;
(b) ground truth; (c¢) LF; (d) LF_OCC; (e) SPO; (f) EPINET_highlight; (g) ours)

S TR U RO IO AR A
HELA S #48 B DXIa A S, ARMEREA T R b, AR 3

PO 28 K5 A TN T % o DX R TR AR R B 1 %

fHE.



o5 % /S 12 HF /2020 £12 B Fig, KB, 58

/ MEKEIFImREL T T5E

boxs

dots

(a) FLIH (b) EPINET 5%

K 12 375 boxs Fil dots [ 5 45 5
Fig. 12 Qualitative results of boxs and dots ( (a) ground truth; (b) EPINET_highlight;

barrel

5w

asin

dEP

(¢) 3L

(c¢) ours)

(a) rirﬂr'bmﬁa &% (b) LF (c) LF_OCC (d) SPO (e) EPINET &t () A3

13 7E CVIA Konstanz specular dataset $(f&4E I 1145 7
Fig. 13 Results on the CVIA Konstanz specular dataset

((a) center view image; (b) LF; (¢) LF_OCC; (d) SPO; (e) EPINET _highlight;

r

owl cat

koala

matreshka

(a) UL ARG (b) LF (¢c) LF_OCC (d) SPO (e) EPINET &
E 14 1E Lytro Mlum 445 A0 B 25 20 8006 56 T A9 5 PR X L5 SR

Fig. 14 Qualitative results in real-world datasets taken by a Lytro Illum camera

((a) center view image; (b) LF; (¢) LF_OCC; (d) SPO; (e) EPINET_highlight;

(f) ours)

[5/r

(f) ours)

2643



PEERERFIE

JOURNAL OF IMAGE AND GRAPHICS

Vol.25,No. 12,Dec. 2020

4% #

ARSCEP X e, R T AT E & BT
SR BT RDE IR Tk . IRk T
15 Hh s I DX I B R 3 A0 T SO 114 D S T
B 288, A6 R 22 0L A ek, o
BEE F2% A 00 SRR ARG Y6 X I A W)
WA T RTREESE B o RIS, B 2= 3 B AR e
R 25 A2 BT AR T R R R BRSO
CESTRRRIEISE TNV EFE S (R YW
ARG T R G XIRBEAG TR R o LAk, A
SCBET T —FoE R B 2 ROBEAFIE L& 75X, BRIk
i 5 s s BRIl 5 2 46 R % 10 4 BURRAIE, 32k
— AP e 100 2% FTI 45 SRR B - 98 JE

X FL LA e U AR SC B4 R G T e
EHRERBEAGTHT A5 s SE LR B 52, 145 i 5
BRI L R AR R EXIUS TR AR,
FA 3 R0 B B L o

A e i TARR B8 LU A7 1 0T . B G,
AT AN R 1 50, il LA o 380 22 55
TR R GRBE , it — 25 1 o I 408 A1 R D' XY
WREEAGTISCR o TRl ARSI Zad A mT LASE i gy 44
MREEFER A, HAR, SR S5 5 nT LU 31, A
W e SR B S & B X B (R ]
TR AT PR rh s D6 DX IR A S AR U ey, (BTG
HERIA T SRR BE AR B DR, T AXHIN R8s
PEATH S M 23 B Y TRAL

52 3Lk ( References)

Adelson E H and Bergen J R. 1991. The plenoptic function and the ele-
ments of early vision//Landy M, Movshon J A, eds. Computational
Models of Visual Processing. Cambridge, USA: MIT Press: 3-20

Adelson E H and Wang J Y A. 1992. Single lens stereo with a plenoptic
camera. IEEE Transactions on Pattern Analysis and Machine Intelli-
gence, 14(2): 99-106 [ DOI: 10.1109/34. 121783 ]

Alperovich A and Goldluecke B. 2017. A variational model for intrinsic
light field decomposition//Proceedings of the 13th Asian Conference
on Computer Vision. Taipei, China: Springer: 66-82 [ DOI. 10.
1007/978-3-319-54187-7_5 ]

Alperovich A, Johannsen O, Strecke M and Goldluecke B. 2018. Light
field intrinsics with a deep encoder-decoder network//Proceedings of

2018 IEEE/CVF Conference on Computer Vision and Pattern Recog-

nition. Salt Lake City: IEEE; 91459154 [ DOI. 10. 1109/CVPR.
2018.00953 ]

Bishop T E, Zanetti S and Favaro P. 2009. Light field superresolution//
Proceedings of 2009 IEEE International Conference on Computation-
al Photography. San Francisco: IEEE: 19 [ DOI: 10. 1109/1C-
CPHOT. 2009. 5559010 ]

Cui Z P, GuJ W, Shi B X, Tan P and Kautz J. 2017. Polarimetric
multi-view stereo//Proceedings of 2017 IEEE Conference on Com-
puter Vision and Pattern Recognition. Honolulu: IEEE; 369-378
[DOI: 10.1109/CVPR.2017.47]

Dansereau D G, Pizarro O and Williams S B. 2013. Decoding, calibra-
tion and rectification for lenselet-based plenoptic cameras//Proceed-
ings of 2013 IEEE Conference on Computer Vision and Pattern Rec-
ognition. Portland: IEEE. 1027-1034 [ DOI. 10. 1109/CVPR.
2013.137]

Feng M T, Wang Y N, Liu J, Zhang L, Zaki H F M and Mian A. 2018.
Benchmark data set and method for depth estimation from light field
images. IEEE Transactions on Image Processing, 27 (7): 3586-
3598 [ DOI: 10.1109/TIP.2018.2814217 ]

Goodfellow I, Bengio Y and Courville A. 2016. Deep Learning. Cam-
bridge: MIT Press

He KM, Zhang X Y, Ren S Q and Sun J. 2016. Deep residual learning
for image recognition//Proceedings of 2016 IEEE Conference on
Computer Vision and Pattern Recognition. Las Vegas: IEEE. 770-
778 [ DOI; 10.1109/CVPR.2016.90]

Heber S and Pock T. 2014. Shape from light field meets robust PCA//
Proceedings of the 13th European Conference on Computer Vision.
Switzerland ; Springer: 751-767 [ DOI: 10.1007/978-3-319-10599-
4_48]

Heber S and Pock T. 2016. Convolutional networks for shape from light
field//Proceedings of 2016 IEEE Conference on Computer Vision
and Pattern Recognition. Las Vegas: IEEE: 3746-3754 [ DOI. 10.
1109/CVPR. 2016. 407 |

Heber S, Yu W and Pock T. 2016. U-shaped networks for shape from
light field//Proceedings of British Machine Vision Conference.
York: BMVA Press: #5 [ DOI. 10.5244/C.30.37]]

Heber S, Yu W and Pock T. 2017. Neural EPI-volume networks for
shape from light field//Proceedings of 2017 IEEE International Con-
ference on Computer Vision. Venice: IEEE: 2271-2279 [ DOI: 10.
1109/1CCV. 2017.247 ]

Honauer K, Johannsen O, Kondermann D and Goldluecke B. 2016. A
dataset and evaluation methodology for depth estimation on 4 d light
fields//Proceedings of the 13th Asian Conference on Computer
Vision. Taipei, China: Springer: 19-34 [ DOI. 10. 1007/978-3-
319-54187-7_2]

Huang F C, Luebke D P and Wetzstein G. 2015. The light field stereo-
scope//Proceedings of ACM SIGGRAPH 2015 Emerging Technolo-
gies. Los Angeles: ACM: #24 [ DOI. 10.1145/2782782.2792493 ]

Jeon H G, Park J, Choe G, Park J, Bok Y, Tai Y W and So Kweon 1.



$25%F /55128 /2020 F 12 B

Ei2, KR, B8 / EXIEHREMITEE

2015. Accurate depth map estimation from a lenslet light field cam-
era//Proceedings of 2015 TIEEE Conference on Computer Vision and
Pattern Recognition. Boston: IEEE: 1547-1555 [ DOI. 10. 1109/
CVPR. 2015. 7298762 ]

Johannsen O, Sulc A and Goldluecke B. 2016. What sparse light field
coding reveals about scene structure//Proceedings of 2016 IEEE
Conference on Computer Vision and Pattern Recognition. Las Ve-
gas: IEEE: 3262-3270 [ DOI. 10.1109/CVPR. 2016. 355 ]

Kalantari N K, Wang T C and Ramamoorthi R. 2016. Learning-based
view synthesis for light field cameras. ACM Transactions on Graph-
cs, 35(6) : #193 [ DOI; 10.1145/2980179.2980251 |

Kim C, Zimmer H, Pritch Y, Sorkine-Hornung A and Gross M. 2013.
Scene reconstruction from high spatio-angular resolution light fields.
ACM Transactions on Graphics, 32 (4): #73 [ DOI. 10. 1145/
2461912. 2461926 ]

Langguth F, Sunkavalli K, Hadap S and Goesele M. 2016. Shading-
aware multi-view stereo//Proceedings of the 14th European Confer-
ence on Computer Vision. Amsterdam: Springer: 469-485 [ DOI:
10.1007/978-3-319-46487-9_29 |

Levoy M and Hanrahan P. 1996. Light field rendering//Proceedings of
the 23rd Annual Conference on Computer Graphics and Interactive
Techniques. New Orleans; ACM; 31-42 [ DOI; 10. 1145/237170.
237199 ]

Levoy M. 2006. Light fields and computational imaging. Computer,
39(8): 46-55 [ DOI: 10.1109/mc. 2006. 270 ]

LiNY, YeJW, JiY, Ling HB and YuJ Y. 2014. Saliency detection
on light field//Proceedings of 2014 IEEE Conference on Computer
Vision and Pattern Recognition. Columbus: IEEE: 2806-2813
[DOI. 10.1109/CVPR.2014.359 ]

Long J, Shelhamer E and Darrell T. 2015. Fully convolutional networks
for semantic segmentation//Proceedings of 2015 IEEE Conference
on Computer Vision and Pattern Recognition. Boston: IEEE; 3431-
3440 [ DOI: 10.1109/CVPR. 2015. 7298965 ]

Ng R. 2006. Digital Light Field Photography. Stanford: Stanford Univer-
sity; 1-203

Oxholm G and Nishino K. 2014. Multiview shape and reflectance from
natural illumination//Proceedings of 2014 IEEE Conference on
Computer Vision and Pattern Recognition. Columbus: [EEE . 2163-
2170 [ DOI: 10.1109/CVPR.2014.277 ]

Perra C, Murgia F and Giusto D. 2016. An analysis of 3D point cloud
reconstruction from light field images//Proceedings of the 2016 Sixth
International Conference on Image Processing Theory, Tools and
Applications. Oulu: IEEE: 1-6 [ DOI. 10. 1109/IPTA. 2016.
7821011 ]

Perwass C and Wietzke L. 2012. Single lens 3D-camera with extended
depth-of-field//Proceedings of the SPIE 8291, Human Vision and
Electronic Imaging XVII. Burlingame: SPIE. #829108 [ DOI. 10.
1117/12.909882 ]

Zhang J, Liu Y, Zhang S, Poppe R and Wang M. 2020 Light field sali-

ency detection with deep convolutional networks. IEEE Transactions
on Image Processing, 29 ; 4421-4434 [ DOI. 10. 1109/TIP. 2020.
2970529. ]

Shafer S A. 1985. Using color to separate reflection components. Color
Research and Application, 10(4) : 210-218 [ DOI. 10. 1002/ col.
5080100409 ]

Shin C, Jeon H G, Yoon Y, So Kweon I and Joo Kim S. 2018. EPIN-
ET: a fully-convolutional neural network using epipolar geometry for
depth from light field images//Proceedings of 2018 IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition. Salt Lake
City: TEEE: 4748-4757 [ DOI: 10.1109/CVPR. 2018. 00499 ]

Simonyan K and Zisserman A. 2014. Very deep convolutional networks
for large-scale image recognition [ EB/OL ]. [ 2020-01-10 ].
https ; //arxiv. org/pdf/1409. 1556. pdf

Srinivasan P P, Wang T Z, Sreelal A, Ramamoorthi R and Ng R. 2017.
Learning to synthesize a 4 d RGBD light field from a single image
[EB/OL]. [2020-01-10]. https://arxiv. org/pdf/1708. 03292.
pdf

Tao M W, Hadap S, Malik J and Ramamoorthi R. 2013. Depth from
combining defocus and correspondence using light-field cameras//
Proceedings of 2013 IEEE International Conference on Computer Vi-
sion. Sydney: IEEE: 673-680 [ DOI. 10.1109/ICCV.2013. 89 ]

Tao M W, Su J C, Wang T C, Malik J and Ramamoorthi R. 2016.
Depth estimation and specular removal for glossy surfaces using point
and line consistency with light-field cameras. IEEE Transactions on
Pattern Analysis and Machine Intelligence, 38 (6): 1155-1169
[DOI: 10.1109/TPAMI. 2015.2477811 ]

Wang T C, Efros A A and Ramamoorthi R. 2015. Occlusion-aware depth
estimation using light-field cameras//Proceedings of 2015 IEEE In-
ternational Conference on Computer Vision. Santiago: IEEE . 3487-
3495 [ DOI: 10.1109/1CCV. 2015.398 ]

Wang T C, Zhu J Y, Hiroaki E, Chandraker M, Efros A A and Rama-
moorthi R. 2016. A 4D light-field dataset and CNN architectures for
material recognition//Proceedings of the 14th European Conference
on Computer Vision. Amsterdam: Springer: 121-138 [ DOI. 10.
1007/978-3-319-46487-9_8 |

Wang Y L, Liu F, Zhang K B, Hou G Q, Sun Z N and Tan T N. 2018.
LFNet: a novel bidirectional recurrent convolutional neural network
for light-field image super-resolution. IEEE Transactions on Image
Processing, 27 (9): 4274-4286 [ DOI. 10. 1109/TIP. 2018.
2834819 ]

Wanner S and Goldluecke B. 2012a. Spatial and angular variational
super-resolution of 4D light fields//Proceedings of the 12th Europe-
an Conference on Computer Vision. Florence: Springer: 608-621
[ DOI: 10.1007/978-3-642-33715-4_44 ]

Wanner S and Goldluecke B. 2012b. Globally consistent depth labeling
of 4D light fields//Proceedings of 2012 IEEE Conference on Com-
puter Vision and Pattern Recognition. Providence: IEEE: 4148
[ DOI; 10.1109/CVPR. 2012. 6247656 |

2645



2646

PEERERFIE

JOURNAL OF IMAGE AND GRAPHICS

Vol.25,No. 12 ,Dec. 2020

Wanner S and Goldluecke B. 2013a. Reconstructing reflective and trans-
parent surfaces from Epipolar plane images//Proceedings of the 35th
German Conference on Pattern Recognition. Saarbriicken: Springer:
1-10 [ DOI: 10. 1007/978-3-642-40602-7_1 |

Wanner S and Goldluecke B. 2014. Variational light field analysis for
disparity estimation and super-resolution. IEEE Transactions on Pat-
tern Analysis and Machine Intelligence, 36 (3): 606-619 [ DOI:
10. 1109/ TPAMI. 2013. 147 ]

Wanner S, Meister S and Goldluecke B. 2013b. Datasets and bench-
marks for densely sampled 4D light fields//Bronstein M, Favre J
and Hormann K, eds. Vision, Modeling and Visualization. The Eu-
rographics Association: 225-226 [ DOI. 10. 2312/PE. VMV.
VMV13.225-226 ]

Wu C L, Wilbun B, Matsushita Y and Theobalt C. 2011. High-quality
shape from multi-view stereo and shading under general illumina-
tion//Proceedings of CVPR 2011. Providence: IEEE: 969-976
[DOI: 10.1109/CVPR.2011.5995388 ]

Wu G C, Masia B, Jarabo A, Zhang Y C, Wang L Y, Dai Q H, Cjai T
Y and Liu Y B. 2017. Light field image processing: an overview.
IEEE Journal of Selected Topics in Signal Processing, 11(7) : 926-
954 [ DOI: 10.1109/JSTSP. 2017. 2747126 |

Xiong W, Zhang J, Gao X J, Zhang X D and Gao J. 2017. Anti-occlu-
sion light-field depth estimation from adaptive cost volume. Journal
of Image and Graphics, 22(12): 1709-1722 (8&f%, K&, Bk
i, SIBAR, m55. 2017, [ 38 ML BAS Gk BT 10 3 T A
g, PEERZEIEER, 22(12): 1709-1722) [ DOI: 10.
11834/jig. 170324 ]

Yu F and Koltun V. 2015. Multi-scale context aggregation by dilated
convolutions [ EB/OL ]. [2020-01-20 ]. https://arxiv. org/pdf/
1511.07122. pdf

Yu Z, Guo X Q, Lin H B, Lumsdaine A and Yu J Y. 2013. Line assis-
ted light field triangulation and stereo matching//Proceedings of
2013 IEEE International Conference on Computer Vision. Sydney:
IEEE: 2792-2799 [ DOI: 10.1109/ICCV.2013.347 ]

Zhang J, Wang M, Gao J, Wang Y, Zhang X D and Wu X D. 2015.
Saliency detection with a deeper investigation of light field//Pro-
ceedings of the 24th International Conference on Artificial Intelli-
gence. Aires; ACM. 22122218

Zhang J, Wang M, Lin L, Yang X, Gao J and Rui Y. 2017. Saliency
detection on light field; a multi-cue approach. ACM Transactions on
Multimedia Computing, ~Communications, and Applications,
13(3): #32 [ DOI. 10.1145/3107956 ]

Zhang S, Sheng H, Li C, Zhang ] and Xiong Z. 2016. Robust depth es-
timation for light field via spinning parallelogram operator. Computer

Vision and Image Understanding, 145 148-159 [ DOI. 10. 1016/].
cviu. 2015.12.007 ]

fEEE N

FA, 1993 44 T BT AR, T EES
J7 1 A RAUILSE JeEAR o
E-mail; wangcheng93@ mail. hfut. edu. cn

SRR AR, 2, BIBESE R, A 5ETr
A TS | [R5 AL 2 5 20 #  HLAS 2
=

E-mail ; zhangjun@ hfut. edu. cn

w85, R, EERETET 1 0 e R BAL R

E-mail ; gaojun@ hfut. edu. cn



	0
	小封面
	目录min

	20201214

