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Abstract

technology, can accurately recover 3D image containing all the information of the object and provide the user a natural and

Holographic display technology, which is considered to be the most ideal three-dimensional (3D) display

real visual experience. Accurate acquisition of 3D real-scene data is important for realizing high-quality holographic 3D
display and application. This paper compares various methods of 3D scene data reconstruction, introduces the basic
principles of active, passive, and deep-learning-based reconstruction methods, analyzes the characteristics, advantages,
and disadvantages of various methods, summarizes the basic methods of 3D reconstruction based on deep learning, and
discusses the application prospect of combining them with holographic display technology. This article provides a reference
for the further research on holographic 3D displays.

Key words image processing; holographic display; three-dimensional reconstruction; deep learning

S5 D TR 408 52 4 AR A S MR B 0 S, T DL ME
PR AL 5 W iR 4 3R 45 BR) = ZE{%, RE s R B i Fi
SR —RER IR BRI 2 A B = R L

L5 5
KBS I o BB A5 L 0 Ty S — R

B, AR SR T AR A AR A B o OB S 8026
e 58 . 78 B T 1R 41 1 9 £ R Bk = R A B
(9 4k PR AR S A7 78 {5 S AN 08 R O 9 ke = 45 Bk
s ME LA TP B A R A A R . = R R ER
fiE 9 F P e A1 S A A AR R, DA A R S AIE JBAY
PLBE AR, Sk X = S M R R =4 R A
JEAGSEAR R A = Y BN HORE )TN T HE Ik
R BEST SIS

2 BN BORF T L, AT A 8en e X
10 % HLSE B U7 R YOG B AT B iR AE B R AR SR AT

RPN N S e BAR ) = 4 WoR R Z — o e YLk
HiT {5 JEL B0 00 2% SRR A 4 L PR 35 HL A T 3, RT
b i g SN R | B o Rog SN S Rl T S e i
BRI G T ik 35 gt s Yot i M=%
U B T R T T8 A SRR AR I SR i
R P AR A O 2 B s v 2 B R 2 B EE
TE AL F 3 5 A 0L 5 37 R U 4 0 R ) 4 D' B
S5ZE WM T WS REIAMB A e B’ 28
SRR EGE YRR e RK., —H
oK, = R MR TR B A B TR O TR B P A B A S

Wi BHEE. 2023-09-14; {EEHHE: 2023-10-16; RABHI: 2023-10-30; MEHABH: 2023-11-17

EE€WH: FEXEAKRPYEE(62065010)
BIS1E#E . jinbingui@163.com

1000007-1


https://dx.doi.org/10.3788/LOP232113
mailto:E-mail:jinbingui@163.com
mailto:E-mail:jinbingui@163.com

FEHE T R E RS B PR DL 3DS_MAX
S G BT AR AR B Y K AT, B o R R
J7 2CAF B = 4 A bR B HlE o R A R B > LSRG, H
it FH AR R R A2 AR Y = o A R T SRR 2 A K A I
6] FIORE 77 0 DRI, B9F 5% of DRkt ) = 4 {5 B R A ARk
X4 B Y s B mEAE L.

UL ARk = 4 A LAy R — S
F U A, % k) BRI & A AR
Xt R SRS S RS S AL, SR I & AE
58U EME 5 Bt 22 B8 3 B AR IR IR E R
B —RESXER, EMREEEXTRGNE
6N [A) AR EET AE ML i A5 1 RS 51 v ) DC
SO = AR AR S e R A SR E
MR P IR = g il 3= 2h =X i AR B v B A
FETH TE AL G0 B B U RIS R R
Xof S U A% BEORAR AT B T A H PR Y . AR SCE
BN = Y T Ty R AT B AR R A A R E TR
FEAHIS 30 XF T = 4 A %) R PR 2 ) ) 4% A
RUSEATIHE , BRI A 4 B = 4 % 458 9 38 T
L A7 P T
2 FohXEE

F2 2 2 = 4 e —Fh s B R E H AR
A & A 5 00 A AR R A S, DT B ) IR — 4
BN F AR o B B0 A U R T S5 R U 1 S
PR 85 8 e D s e 45 5, AR A 25 4l 3R [ 1)
{55 R R A 2 1w A TR AR B AT T 5 R AR
= YA 2, AT A AR AR

Faha =4 A R AR RO E T T
BFE (TOF ) 37 g5 M6k Kinect £ R4 . X F
WOGHRE L WO BE AU SPGB0 9 (R R w, FRI 2%

£ 61EFE 10 H/2024 5 5 A/ B S RBFEHE

FEWOR F W AE 5, AR 5 1205 R AR R 2 UM 5 A R S
5 ) 22 31 5 R S O R S AR 1R R B, AT
AT BRI B = e, B AR R T RS B B
B PG A

TOF 75 AR 4 & 51 25 09 2 R AT 43 A Jok o o8 o 3%
i SR AR im0 A 1 B ) O XA 43 oA B
ORI k. HOR N 1 TR . TOF k38
o 11 H B PR k3% 6 K b A5 5 AR AR R S 5 I
{55 MR 2615 5 BAnWIk I BE B . TOF ¥k
HE S sMEGCIE , W E T EA B T, RA e

PR AR R R LR B 2 R DRI T .
start [ [y,
[T =y
light emitter L] -'I_..

timer

finish

Cﬂm

light receiver

P AT ] i Jt 2 I
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Fig. 3 Reconstruction of Emir’s costume'”

. (a) Basic model;
(b) propagation model with a 70% reduction in the number of
triangles; (c) propagation model with a 85% reduction in

the number of triangles
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Fig. 4 Diagram of multi-view 3D reconstruction
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Fig. 5 Actual object reconstruction effect. (a) Main view of the object; (b) top view of the object
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. Overall
Method Accuracy  Completeness

Score
MVSNet"™ 0.396 0.527 0.462
R-MVSNet ™ 0.383 0.452 0.417
Point-MVSNet 0.342 0.411 0.376
CVP-MVSNet "™ 0.296 0. 406 0.351
CasMVSNet' ™" 0.325 0. 385 0. 355
UCSNet' ™ 0.338 0.349 0. 344
BP-MVSNet " 0.333 0.320 0.327
Fast-MVSNet ™ 0.336 0.403 0.370
PVSNet ™ 0.337 0.315 0.326
CER-MVS'™ 0.359 0.305 0.332
HighRes-MVSNet" ™ 0.354 0.393 0.373
EPP-MVSNet ™ 0.413 0.296 0. 355
AACVP-MVSNet' ™! 0.357 0.326 0.341
PatchmatchNet ™ 0.427 0.277 0.352
DRI-MVSNet™ 0.432 0.327 0.379
IterMVS'™ 0.373 0. 354 0.363
ASPPMVSNet™ 0.334 0. 360 0. 347
UniMVSNet™” 0.352 0.278 0.315
NP-CVP-MVSNet™! 0.356 0.275 0.315
ADIM-MVSNet* 0.344 0.298 0.321
MVSFormer * 0.327 0.251 0. 289
JDACS"™ 0.571 0.515 0.543
RC-MVSNet ™ 0.396 0.295 0.345
KD-MVS'™ 0.359 0.295 0.327
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