E-mail: jig@aircas.ac.cn EPEI%%H???E

Website: www.cjig.cn JOURNAL OF IMAGE AND GRAPHICS

Tel: 010-58887035 O EESRERFRRINTE

FEESHES :TP391.4;TP18  XHAARIREE: A XEHS: 1006-8961(2026)03-0657-29

5 AK:Yuan Z L, LiZ H, Chen K H, Mao T L, Jiang H and Wang Z Q. 2026. Multiview stereo 3D reconstruction research: a survey. Jour-
nal of Image and Graphics, 31(3):0657-0685 GEHille, 25725, WRRHE, B RER, Hik, TIEIL. 2026, ZHMALARILH =4t F @ ptorsiik.
4 IR 244R, 31(3):0657-0685)[ DOIL: 10. 11834/jig. 250348 ]

ZUAIIELE =4FEZRRER

T, FER BRI, B R, T

1. hEPBEBEHER AR, LA 100190; 2. P EBHEE Y, AL 100049

. 200 S EA R TR S B A Sk a2 — )2 N TR LIRS SRR IS A Sh s A
SCME A A FER s B AR AW 1 BRI R 2 D = Al b S LT 25 R 15 . SE R AR 5 1
TR BE A, AR ST M UG ASE 5 — LA B 5 4 Jm— SRS P2 BN A 2 AR — A s L ko A 4 4
I, SRIG B4R T 48 205 TR A ML RUASE R S5 B A S a0 R R A A3 P R R B o A A SO R T 2 0 A
zé&ﬁ@*ﬁﬁﬁﬂ@%&ﬁ%%ﬂﬁwﬁﬁ IS s Bl S A XA O Bk AT TR . Bm , A

NG T 2B KR O S5 i =4 S A 1 I A LB APk 32 1 T A SR AR 5T 0 & R T
a&&t_ﬁl ZAASTARICEL(MVS) s =T ; — A8 ; 25 51 5 (NeRF) ; = 4k =ik % (3DGS)

Multiview stereo 3D reconstruction research: a survey
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Abstract: Multiview stereo (MVS) 3D reconstruction aims to recover the three-dimensional geometric structure of a scene
from multiple two-dimensional images or videos, enabling precise modeling of objects and environments. This task is funda-
mental to applications such as virtual reality, autonomous driving, smart city construction, and cultural heritage preserva-
tion. Traditional MVS methods rely on geometric constraints such as homography mappings and epipolar geometry to align
multiview images and infer depth. However, these approaches are limited by their dependence on hand-crafted features
and struggle with low-texture regions or dynamic scenes. The advent of deep learning has driven significant advancements,
enabling end-to-end networks to automatically learn image-depth relationships and achieve higher accuracy and robustness.
Despite these breakthroughs, challenges such as computational efficiency, generalization to complex scenes, and real-time
performance remain unresolved. To systematically analyze the current state of MVS 3D reconstruction, this work catego-
rizes existing methods into image projection-driven and geometry reasoning-driven paradigms, further subdividing them on
the basis of local modeling and global modeling strategies. The paper also explores widely used datasets, evaluation met-
rics, and technical innovations within each category while identifying key challenges and proposing future research direc-
tions. First, this study investigates commonly used datasets and evaluation indicators in MVS 3D reconstruction. Datasets

serve as the foundation for training and benchmarking algorithms and can be classified into three categories : synthetic data-
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sets, real-scene datasets, and hybrid datasets. Synthetic datasets, such as DTU and Tanks and Temples, provide high-
resolution, precisely annotated data for algorithm training and validation. Real-scene datasets, including ETH3D and
LLFF, capture realistic environments with varying textures and lighting conditions, enabling evaluation under practical
constraints. Hybrid datasets, such as nerf-synthesis and Synthetic Soccer NeRF, combine synthetic and real-world ele-
ments to address domain adaptation challenges. Evaluation metrics are critical for quantifying algorithm performance and
are primarily divided into geometric accuracy metrics and rendering quality metrics. Geometric accuracy metrics, such as
chamfer distance (CD) and F-score, measure the spatial fidelity between reconstructed and ground-truth models, with
lower CD values and higher F-score values indicating better performance. Rendering quality metrics, including peak signal-
to-noise ratio (PSNR) , structural similarity index measure (SSIM) , and learned perceptual image patch similarity
(LPIPS) , are used to assess the visual consistency of synthesized views, with higher PSNR and SSIM scores and lower
LPIPS scores reflecting superior perceptual quality. These metrics collectively provide a comprehensive framework for
evaluating MVS methods across diverse scenarios. Second, the paper classifies MVS 3D reconstruction methods on the
basis of their technical frameworks and innovations. Methods can be broadly categorized into image projection-driven
approaches and geometry reasoning-driven approaches. Image projection-driven methods, such as MVSNet and its variants
(e. g., CasMVSNet, R-MVSNet), focus on explicit cost volume construction and global optimization to infer depth maps.
These methods leverage feature pyramids and attention mechanisms to enhance robustness in low-texture regions and com-
plex geometries. Geometry reasoning-driven methods, including NeRF, Plenoxels, and 3D Gaussian splatting, adopt
implicit or explicit representations to model scenes. NeRF and its derivatives (e. g. , mip-NeRF, Ref-NeRF) use neural
radiance fields to achieve photorealistic view synthesis, while 3DGS introduces Gaussian point clouds for efficient render-
ing and dynamic scene modeling. Within these categories, methods can further be divided into local modeling and global
modeling subcategories. Local modeling approaches, such as PatchMatch and Gipuma, emphasize pixel-level matching
and plane-induced homography, while global modeling techniques prioritize holistic scene consistency through volumetric
or hierarchical representations. Innovations in recent works include sparse-to-dense depth estimation, adaptive sampling
strategies, and hybrid architectures that combine explicit structures (e. g. , octrees) with implicit neural networks to bal-
ance efficiency and detail preservation. Third, the paper identifies unresolved challenges and outlines future research
directions. Data-related challenges include the difficulty of collecting high-quality multi-view datasets for dynamic scenes
and the need for scalable annotation tools to reduce human labor. From a methodological perspective, existing techniques
face limitations in computational efficiency (e. g. , cubic memory complexity in NeRF) and generalization to unseen envi-
ronments (e. g. , natural vegetation or translucent objects). Training paradigms also need to be improved ; supervised meth-
ods depend on expensive 3D annotations, while unsupervised and self-supervised approaches often sacrifice reconstruction
quality for reduced data dependency. To address these issues, future research should focus on the following: 1) lightweight
and real-time optimization, which involves developing hardware-aware architectures (e. g. , edge computing frameworks)
and dynamic resolution adjustment to reduce GPU memory consumption and inference latency; 2) dynamic scene model-
ing, integrating temporal consistency constraints and physics-based priors to handle motion, occlusions, and deformable
objects in real-world applications; 3) cross-modal fusion, leveraging multimodal inputs (e. g. , LiDAR, inertial sensors)
to enhance robustness in low-texture or adverse lighting conditions, and 4) semantic-aware reconstruction, incorporating
semantic segmentation and instance-level reasoning to enable editable 3D models for virtual production and interactive
design. The convergence of MVS with emerging technologies such as multimodal large models and metaverse platforms will
further expand its applications. For example, real-time 3D reconstruction in autonomous vehicles requires not only geomet-
ric precision but also semantic understanding for obstacle detection. Similarly, metaverse environments demand high-
fidelity, scalable reconstructions of large-scale urban scenes. To bridge the gap between academic advancements and
industrial deployment, future efforts must prioritize domain adaptation, computational efficiency, and cross-modal learn-
ing. By addressing these challenges, MVS 3D reconstruction will play a pivotal role in shaping next-generation immersive
technologies, robotics, and digital twins. Additionally, the integration of multitask learning and meta-learning could fur-
ther enhance model generalization by jointly optimizing geometric and semantic tasks. For instance, meta-learning frame-

works could adapt to novel object categories with minimal samples, while multitask architectures might simultaneously
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reconstruct geometry and infer surface properties (e. g. , material reflectance). Furthermore, the development of 3D foun-

dation models that are pretrained on vast heterogeneous datasets could unlock universal reconstruction capabilities across

diverse domains. Ethical considerations, such as privacy in public space reconstruction and bias in dataset curation, must

be addressed to ensure responsible deployment. Addressing these multidimensional challenges will enable MVS to evolve

from a research-oriented technique to an indispensable tool for real-world 3D perception.

Key words: multiview stereo (MVS) ; 3D reconstruction; 3D vision; neural radiance field (NeRF) ; 3D Gaussian splat-

ting (3DGS)
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g AR — A Ak . B
n=[1-252/1-5 .21 —Sz]T (13)

K, g, g WX TR (=1, 1) B350 70 A oh R, B3
WS =gt +q5 < 1o ZkEd kiS5 AR
B PR35 1) e 6 0] DL BR B B8] 0 A A A T )
IR 2

B ot JRy S PG 43 5% ik %) Q] A 4550 o 5 40
DX da, BUA ST 5 28 3 KB SR BT - 2 R
FHL 2 41 (%) 43 2 D L 7% T 1 A6 29 3 I Ak 28
T, UGl i A T AR TR AME IR AR i S . LA R
ARG T B BB, I ot HAE T Ry
TR S 1) b B A A S R R A
2. 1.1 BT Z R ITE

FHZI 4 5 038 1 22 RS 4 I A 1 A0 A AR
FEATE, B TR AR PR B 5 PR i kA UL T 4
TR . SR, 32 BT [ i W AS il o Fn LT {874k L 1%
JE7 B AE A B T FR SR B R DX I A7 AR R P AN
SERNAN BRI, ACMM (Xu #1 Tao, 2019) 32 H1
T A& N AL 7 % (adaptive checker board scheme ) ,
FEAR 43 3R G b A A B R R, P o 4 R
MAZ LI TH o HR . HARSAE TIHARCR R,
(LD [ D A 4] oy S BRI B 2 DX ) TR AN 3
2, ACMMP(Xu%,2023)7E ACMM(Xu #1Ta0,2019)
() BER L 51 A = AT T Ak SR W 38 2 3% 2 ] SRR
A0 % E X 3, i BRI A0 B B AR AL R . AR
17, T A B vl Rl B i Ak LT 40y, 5 52 43
SR E ARG . MG-MVS(Wang %5 ,2020) % 4 F
P IRA PRI GERFAE , 255 TUAT — B0k 29 AR AL T
FEATE . JRAERTE T 2 REEFHERLA RE T, (HXTEL
PR DX I R P E AT AN /2 . HPM-MVS(Ren

&5 2023) F]FH KD (K-dimensional tree ) 34 138 5 11 1k
AR 532 RS AT SRR AR R T T A
FLARFAAE T = A BRI 55, (LS T Ak 5 s X
A 1 DX 3 T 4 ) 3 o M 2%
2. 1.2 FETPmAibE A A Ik

ST Ak SR W8 2o 32 T AR R A T T X
s SRR e DX BT PTG ARL . 2%2E AOHF
T JL AR 29 50, {5 55 5 35 1o DX Sl o 0 A R 2%
PCF-MVS (Kuhn %%, 2019) 4& i1 P T2 5 0, 8
TG 2 (super pixel) 73 Az )P TN 3, A FHIR
JE— SRR Rl . HAZ ORI T45 6P L
(HEAE RSV & SUE RTINS IR R/ SUE ZNUN TS
SR LR . TAPA-MVS(Romanoni 1 Matteucei ,
2019) 1St JCECHE X d5 5| A SCBRE 0N TV RE , 38 ik
Je B8 - T A1 ARk /D DT LS S SR, S 1 SR s AR
824 il T 5 5 B 77 A JL A R 25 . TSAR-MVS
(Yuan 55 ,2024b) 25 & 52461 435 5 CBEAR AL, s
B X LA TR R A5 B T 1
A 1 5 1 (LA oo I o 3 5 SR %o s P
. CLD-MVS(Li %, 2020) 4% 5 45 B2 3R 30 (9 4
i, 38 2B B R W] SR AR R O A T T DX
JRUEHR T T VR TR R M, (HF- A B X R
R A X sl o7 A B o
2.1.3 TR TSI ik

T AR I S 208 5k 2 25 [ 5 KNV TR
FEJE R, 37 KA B LA X S B e IX B, %2807
P R DR AR TR RS M (A i R IR ) R R B 1 % ) 5%
(0], PHI-MVS(Sun%:,2021)5| A %3 & s 2514
AN T RGE il IR FE B £ TR S L AE
SRIMT, [ 52 £ B 040 T A8 JE 7T 8 7 B0 B 3 206 57
A API-MVS(Sun % ,2022) 5 T {E 54 5h &5
BANT RN e R B (s Bt Xk, LR AE T
D T R AE ELI (B T 550 0T W8 75 0%, 52 i) ]
PE . SD-MVS(Yuan %5, 2024a) F) FH 52 41 43 %1 £ B
JE i %, 38 2t T EKOF 5 1) BE B L AR TR TR
oo AT TSR SRR ) Bk Z Z R
B, BB 22 5 b T AR IS AR FaE . APD-MVS
(Wang 55,2023 )il i 43 A W] SEAR R AN T R 24
FANT A5 A R AT MR R R I R . HAZ L
BEAE TR et , (0 Z MR B i St i 42, 5
TR EE NG ) A5 TR VE L
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2. 1.4 FET R EUGESY I i/ NG Y PR T 55 80 IR DT C e T A R
F1AGE T 3KE T REIEHRBGY ik ik T2 MK 257 IR T LR 4 ETH3D 5

TR S HERRRIE . xR IE UG — B R Tanks and Temples 55 04 52 I 1 0 5 F1E P4 % L 45
AU IENAE A RSO GERY AR 22U 4% SR, ACMMP \MG-MVS Al HPM-MVS %5 /7 75 4E F -score
T R ERT THREATT R E Sivett. Z2RIE 886 LRI ACMM IS &3 i1k , 17 TAPA-MVS
LRGN il ot & IS MR R IR FE 38 5 CLD-MVS 3l d 51 A J= &5 JL A g A 0 8 15 B 0
GRS A A G A T IUE SR, i — T TR s X s AR E M. X
TR BERT PTG XSk AT e B S A4 G FH TSR SESCG 2 R UE T AN [A) 4 R B AR 1A A5, A fe ik
150 4 TSR @ AN T RN K& ki SRS s Z IR G G R .

*1 ETRHBNEGRREFESLE
Table 1 Summary of local based image projection methods
Ji k25 [Ragpisyi (U a5,

Z RS ST B TR, D TR BT ORI S KMURRE 52 J% SO ol 2 DX ) % JBE A 1 4
EE = 2 HER B YR ab P T ER

M T HEAG R A T T DX, ARSE RSP T LAy 24 o0 i A
SO R X IA] R T T A T U i

e o 0 285 A I R R/ IR TSR R T 58 B DR I R I, S5 A2 TR 7 5 v B o B R 0 % 4

Z RERLE 40

ST AL S Ak B Xl TR A P A DX 7 P 2

IR wumy ke VR BRILA
*2 ETRBHBEGESFEEEXTLL
Table 2 Quantitative comparison of local based image projection methods

Tk T2 Y6/ S P ERE X X L& SR 1% SEBEE R I%
ACMMP EZNE %S ETH3D/ Test F,-score 1 ACMM 80.78 85.89
HPM-MVS Z N PEMBIAN TNT: Inter/Advanced  F-score T ACMM 57.27/34.02 61.39/40.80
TAPA-MVS AR Ak ETH3D/ Test F-score T PCF-MVS 80.38 79.15
TSAR-MVS SEHALSEALREE  TNT: Inter/Advanced  Fy-score ] PCF-MVS 53.39/34.59 62.10/38.63
CLD-MVS PR b3 ETH3D/ Test F-score I PCF-MVS 80.38 82.31
PHI-MVS AT AT ETH3D/ Test F-score T APD-MVS 87.44 86.43
API-MVS AT ARIE ETH3D/ Test F-score T APD-MVS 87.44 81.99
SD-MVS T ARIE TNT: Inter/Advanced ~ F,-score T~ APD-MVS 63.64/39.91 63.31/40.18

T 1 IO B, | T FOR (BN

BEORE ETA T e 2RREEEINE 2.2 ETERNBEGKREAZ
A B AP AN T RS A e T Rk T RS &R EUGBRE Tr ik o Z2 A BT S AR B A U Y
B XA TR AN RS, X Tkl gk BT ), A R K4 AT 3l o0 D 3 S B -
Sz PR R TSSO KA VE BCRE T RS R IR TR ARy A 0 2 R e SR R 2 &
JUT 55 P S S G DL RC AR PEAT A et o AR TR BE %~ 1% o 2 s RS A 2%, A B S T il 45 o 22 i
WFFE AT E GG TE FUE R AN T AR s IR i 2t Qe S LR IR Ay BT Rl Ik O
AR E AL, RN R Z NE ARG S WaCURER VTR, 48 07 150 o b 2 5 0 A AR 35
Je RS RPN . BEAh A TR S R s ) — B AR, R P 2R I 2% B R SR K R
R RE PR G A DR AR TR I T i S HIERY S B s LA SR, SE BT DA PR A B T
KAET5 1] i R A R AR PR R . X SR AN R 1A
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(b) TterMVS-LS (¢) ACMMP
(Wang %, 2022)

(a) J5 &

(d) HPM-MVS

() APD-MVS (f) DVP-MVS
(Yuan %, 2025)

K2 T2 )m i IR EBGE Ik 2 P T
Fig. 2 Qualitative comparison of global based image projection methods ((a) original images; (b) IterMVS-LS(Wang et al. , 2022);
(¢) ACMMP; (d) HPM-MVS; (e) APD-MVS; (f) DVP-MVS(Yuan et al. , 2025))

G505 6T SCRARAE B A , B RSCA X A Tl A L B
Bl B A RO B AT S T R

BT 4 i BRI R Jr ik i SE R E TR
MVSNet, % J5 2 B8E T 20y 1 3 A J5UH R 45 #4 #E
RS K Z ST MVSNet 925K, MVSNet
SERANIE 3 PR AR AR T

DRI, 45 B {zi}i”zl,ma@mm
RS EUR R UGV E IR A . et I
TR 266 DA 22 i i A UG v B BBOK 7 AR R ik L,
JE SEAEA AL A EA T LR .

AR ARG L T A RN PR A
23 [A] I SRR TR R, TSR — 3tk
AN A R EE v REPE B . Ak UL, 4
— X EHMAMHILN S K, K, IS T, T (T =
[ R, ¢, |40 & TEG 0 B RS RS J 1 ) | BV Al S H 43045 2 0
JFEABISE d X6 Ry B4 B MRS B H (d), AR TR S N

SRR Z A AR C R BRI RE N
H(d)= KSRS(I - W)R?K;' (14)

K, n FRikL .

B A VR G T B AR IE R 5 2 %
FURBS I & 0F M (v} Rl it
FARIE T 2B . PN

szlvi (v.-v) (15)

MR IE NI . EEARHIE TS5 2 /Y J5tih
AR R TT R 52 3 W 3 e (5] Gn =l A 2 i s 4
WP | S, &P A o — P ab B SRATZ R
i 3D CNN (convolutional neural network ) #4714 {4
TENAE I B R 7 1) W FH softmax BB THE AR
IH—AEAFBIME R4, D) s 2 i TR B R AL 1 B AR B

4) R EHEWT . o 13RI R GO0 TR,
K H soft-argmin A , 3 1 55 8505 1 2Ok Bl 9 IR
JEME ., BARH

d=S d'xp(d) (16)
[ d 78 SCT 5] RAERBE BB G
p(d" )RR d' AU . il S B Al A vl fE
HH AR o B - 0 RSO B R IO IR B 3% 25 ~T I
2% IS FHEBAE 8 T R A B R LR



666

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 31,No. 3,Mar. 2026

gl -
B " ” 1 sevnm
|l -
| e
b Al

| Conv + BN + ReLU, Stride = 1 !
i mmms= Conv + BN + ReL U, Stride =2!
: = Cony, stride = 1 '

i

7@

s
i

i A
MR

MR

ke + ke
AR IR

K13 MVSNet 454 (Yao % ,2018)
Fig. 3 Structure of MVSNet(Yao et al. ,2018)

ARBEAR T4 SRy Y EHR 52 07 V6 i AR
JREE ARSI T 2R IE AL SRS AR o X 27 AR
PO T ) FNE AR 1, FEEAT 53 S B T S AR
ALK T VE FE T Rt f 7 ik B TEE
B A D7k T LT e 5 8 7 vk LA R 6 T T
B A B T
2.2.1 FETHF ALK ITE

BT 2 R EUREGE 0 — D B H AU R I
Mk, BERS AT 8k 4l & Z A R (G B B R IR B A
AVERRPE A — SO . SR, X — R FRIH AR KB AT
PR e Ak R 2 = AR, ELBEAE R o B i 1
I, WAE G SR BTG o X RN AR IR AR 1%
FINLY R 7 WY F 2 — .

H T DRk — TR R, B R L R 0 A D
LRI A3 T 2 XREZEMNIEM . CasMVSNet (Gu
4 ,2020) X — K Y 2 MR . WA 4 PR,
25 o GO = AN R 1, AR 4 - 5
S B 2 R RAE . FERT I B, SR FHACR R A5
SCHEROE ARG RAT AL AL A, DA 52 BLAL
TR AR PR . S IS IR BoR B — B B
TR0 R B2 TR R 19 3 7 8] R 8 32 AR B R ARV L
TG B B AR A, LU T S 40 04 3 SCRRALE
M A S R R SRAE FIRFAE 73 S B, 5 ik
7 5 2 BT TS )R GPU N AE T AE R RIS, 1]
EA U EUS N N =S R AN UM
JE BT R E T T R AR AT R FER
18], CVP-MVSNet( Yang 55 ,2020) Fil UCS-Net(Cheng
45 ,2020) AR TS RIR RS . A HL BB D

AT )12 I L A e B 5 e B A

T —E UL TS A A S R TG B il
G, KRN ) R-MVSNet(Yao %,2019)
SEP AT GRU TR B 7 1) IUFe M o — 4 ] ik
A7 E U Ak 388 g a2 [7] — Bk ] pAy Ak 342 1 24 32 ke e A1
P9 A7 14 #E . AA-RMVSNet (Wei 55 , 2021) W 5%
RNN-CNN (recurrent neural networks—convolutional
neural network ) 1& & 1 5 =, F| FH ConvL.STMCell
B, 3 i3 2D CNN 4 Encoder-Decoder 25 44 % 4 %5 7]
R SCFE BT IE N AL . I IR BEE 5 ) i Ak B
8 5 AN IFAT B9 RNN 45 F9 85 Fif— 1> ConvLSTM-
Cell B ] 4y 142 38 25—, AT SR UEFAR N
FEIHAE RN, #E— 2D R T AR

DRI AR R 8 SR A 5 AL 2 32 W 353 AR 1 O
P2 . GBiNet(Mi 5§, 2022) & AEARZ 0 L/ = K 2 i
it e/ MBBECR AR B . JRUIR I MVSNet B K —
T A R 7 ik il A7 7 2 A BT A R IR
FH L Z R, GBiNet  MVS [1] 8 % 34 2y — 3 A5 £ (7]
R PR RO L R 23 D WA DX ] i e g AT
Br—2F MR =S (8], S 1 HG SR A 1 B B I, GBi-
Net 7E TR G FE AMILFE T P> 1 22 25 2 DX [A] , DLy
DX I A1 PO 5% 5 2 3 R B B 5 R A 0 &
AT XAV AN (45 1R AR R AT AL 4G . BRI
Z A, GBiNet 15 & 18 2% [ BRIk B ) 45 254
wESR T LMEIT R I Z T B R AR o il ik SR
W% , GBiNet 7EAE B B 4 R BE e, T2 %
REEARS T VI R HE B P o ) NI AR . LB R R
B, CFPAE T FE DS BV 174 % Y
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K4 CasMVSNet Z544 (Gu 4,2020)
Fig. 4 Structure of CasMVSNet(Gu et al. ,2020)

2.2.2  FETUREEEWT S Tk

TR i W7 7 27 > A MV'S FP i Bl 00 Ay (9] ) g
Ay R IR, A X PR 2R T IR R LT A
A, (H A A7 7E B SR (0 JRy BR A o TR0 05 D 32k 3l 2o soft-
argmin [FIEPREE , #HIS [ AT SCAR R ARG B, 4R
AT TG BEAE AR N I WNEA G H o
P, IF B 25 BORSRIE R I T S e B
328 75 15 D)3 ok e A 3R e VR P AR 3, A 22
SRR AR SR AR HEAT 24 5, L B R0 R ) 7R
TRIE B HEWT . o v IR 26 0] 81, UniMVSNet (Peng
85,2022) BT T —FAIHT G — om0k
I TEAE R A EPATIR AT A R AR
FERR AL M 5 SR 2 A A% i bR 2, DA
A B A AR FOT IR . BLAh L5 MVS
BEHYTE 2385 SRR AR B (HAA — N IEREAR,
S REFEAR TGRS, Ry T X — A, UniM-
VSNet §"Ji& T £ i 25 e — B s i %, (A A Al
FE A% Ab P % 2R TR FEAR 2, I AE A AL i A8 rh i s xR
MEREA (8 DG , DI 8 35 2 1 A () - 1k

TR HE T A AR T o i TR B A . a7
AR EAT IR B B R AR IS, 4T3V FH R 4f MVSNet 1)
SRR, R 1 2 04 415 3 TR J3E 3 R AN 180 5 R TR JE X
[]30] 530 SR, 1A 3% T HA Sl e ax oy =X
AR T SO B S A AS 7840, DT 52 1 % A 3
MRS RE . P2 E IR T A SR R BCR A
WG, 541, PatchMatchNet (Wang %, 2021a) £ )
J& PatchMatch JEURE 5 | A FI 3 3 21 3t 1] 2 2 1) MVS

HEZR b ZER) IR B B , PatchMatchNet 4 71 15 A9 % &
T 532 224 X JA), O 2o B LR FE D B R R
A IR R BE AR ¥ . TEIS LR B, EAERT— 1B Bt
P 2R AL THE A oL /NS B N EA TR
2.2.3 FETHEIPGIMITE

H T S RAG GE A RN 25 0 25 7 A PR AR 5 )
f R BRAE , JCHOR AR 1 R BE B ARG R A2 /) b
TFEEITH AR, — LRI T HEE LS,
DLBE 5 S RULE A5 5 RRIE SR A AR B R 3
ABRRE S, 1N, TransMVSNet(Ding %, 2022a)
B T —ANFRRAEVE BC AR B, Kb 338 5 AR AiE 4 57 15 0
28 S HORHY PELGCR AR, R B D RS A
UINIE SENSEEARPINIUE S - o A G = SN (1] <238
FEAE VT L B2 B AN E 4 . MVSFormer (Cao 55,
2022 ) A FH I 25 AR 58 Transformer (ViT) B 58 T 45
fE4 2 I BE T, BB fS 8 i VIT $R AL R A e (5 B
22 ) AT AE YRR ROR o A& T0JE A9 MVSFormer
TEJZ AL B 3 S HLEI T, 72 FPN (feature pyramid
network ) (A SCEL T R R REARE T

MVSFormer++( Cao %% ,2024) fF MVSFormer [ 3
fift EHEAT T HE— PO A T AR T R AL
il A9 MVS 5 i R 2886, 5 78 78042 48 T 2 Ll A9
A 3, AT 20 B MVS Ho A4S SRR e i)
fit. 5 MVSFormer AN [ , MVSFormer++7E 2 4 J7 TH
PEAT RO 5 ) TE 2 P P45 R0 Ak SN ] 1
FIWLEN R F o B S, MVSFormer++3 35 K¢ 125 10
K15 B E A B 11 25 B9 DINOv2 (dual-stage implicit
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object-oriented network ) L 8 Hp | — 2D 58 T MVS
5 ) B RCR RN AER P o a3 ROy X AR AR A
U\ A FA A5 S, NI 4 S IR B Al T &
Bk, A, MVSFormer++% FH T AR 1 & 8L
il R L AL RRAE B A AR (R BLIE AL, 20 501 SR A5 F
FRIER A Rz (B R A, WL T TR 7R &2 437 5%
FRYPERE . (EA3E S, MVSFormer++i8 78 T
— S T X AR AR B AE MVS H P BESE
T ANIE—AL Y 3D 107 B i 38 R M R T 4L LA
J)ZIE—Ab B B 5 # T TR ) A BE
FIRRRE T
2.2.4 FETIUSER LG Tk

FEF LAAT SE 56 A 19 5 3k 38 2 78 40 R MVS
1155 TR 19— S8 J LA R K LA B MVS [ 4%
o, TR TH I PR . 38 5 | AL 293, REWS
AR AR T SR B TR DT IORS B, DU
JETEAL B AT Z% 1 A A8 Ak RS P 1) S, REAS G
P AL R i

e JUAR] 20 SRR AL G ST AR VE e AT 55 v i F T i Ak
VERC I8 R AU 2% . ET-MVSNet(Liu % ,2023) 3 F
W 2 TLAn] S 3L, B A J SRR AT 1 s A5 A PR i 2k
XF P, DI R0 T IS4 9 F 4 7 T D BORS .
7 3 A A I 1 R B R AR AR R TR
4% I G AR AR W B A 2R X 2 [ A T 3 5
AT B2 5 1 ARAE DCC B8R 5 v

FEAS A Bl P RN 25 SR 2 & T s B LT gh
F{5 5 . PFR-MVSNet(Zhao 25,2023 )i i2f Zh A 25 #4)
AL TRATZ I 2 A EUARAE b 1 LA (5 2, T e
Jr 8 DX 3 A g ST A () S5 A0 OG  , NITTRAL T A 2
SRR BEAR TR, o IZ AR SR H v ) 45 2R v
(R AT {5 L, B0 T O 28 XoF 4 23 J L AT 435 A0 1) JR 6 A
HAEE S, BE RS T EEKE . GeoMVSNet
(Zhang 25 , 2023b ) i £ W43 32 JUART il A5 W 25, 5 #L
s B S B B LA A S 50 200 o B3 P R T i B 25
A T TR AT LA RE T . i
BRI 3, 4% RE S B 1l Ab B 55 1) T LT 54, Jhe
Ho FLAT IR R LT

5375 1% W3 28 5 | A SRR AR B TUAR] 56 568 4l
By MVS R 1 an 1| 1 5 1 1) 5 H 1L R AR TS 3k
RS B 415 H . GoMVS(Wu %5 ,2024) % 1 JL
] — SRR, 38 1 R AL AT BALRR AT
TP B A i A, (25 4 T DC g A 3 o gt

SEREAME H IR A R . GAP-MVSNet (Chen
45,2025 ) REE LR BRI MVS 45> SC iR e | 5%
THT G5 HE B NRAAE 42 - B B 5 2 ] JLAnT 34 5 1 E D)
b, Bty > HAR LT 250, LUK T3 oA
S e o o P O
2.2.5 FTIWE/A BRIk

ARPERI TR A B e BUR T
A NBEEEI R o SR, 2200 A T B 08 4 i 42
A R, BB BRI R R Zn] L SRR ] TR
FESEPRI P Iz ALRE ST . L, — SIS IR R T
TCWE A A MBI MVS J5 ik

FEF 0 WB 9 MV'S Jr k3 it 20 1, 9 B
F2 B O B — B % . B 40, Unsup-MVSNet
(Khot 55 ,2019) $2 H 1755 — 4> i 21 345 JC W BF MVS HE
AR 3% 5 A T ) T LA DR A 1) RS A5
SN EMG I AT E E KRS S % B ROL
JE—BbE . AN O RR AT S5 R A PR
FIRBES- i, LAt — 4R TP RE

SR, G — SRRV 2 B PR ARE 1 IX Bk
WA, M3VSNet(Huang 25, 2021) 76 Mt 3L Al |- 5]
AT 2 ROZRRAE G, 38 5 I 25 79 VGG-16 X
AT 2 ROEFIE RIE DR ER IR &R
— kR AL JLT 29 5 . CL-MVSNet (Xiong 5% ,
2023) NI H T — BB R RUZ XS e 2 7 ik 45 B 15
QBN e 00T LUy SORSE SRR (1 TR SO A
FEANBE ST, DT B w2 7 K S EILRA 7 AH DGR3 X 3,
(R

FeFH MR MVS J7 238 5 T B3 i 1 g
Aub B U 0 VR B TR R A5 TT S A PR S, T B
JE SR By B MBSy o 3k T 38 T B 2 Y T
Ak B FD GO, PR A A T B 2 A B Bt AT I 2
KD-MVS(Ding 4§, 2022b) 7 iX — 2 7 ik b HA LR
Mo 05 Bl ad 51 AR ZEIBALE AL T B R
MVS Bl gt #2 . BAKIN &, 1558, ZOmB A 5L T
T HE —BOE AR AE — B T I 25, A2 i 26 1 £
PREE o BT, 200TASE R (14 S0 3 o AR R g A s % 31
SRR | DT T A vk O bR A A RN
VOB NN
2.2.6 FTLRRNEGIE ik N

BT 2SR EUG B ikl i g —
FIR A ] — B A, BB T HEE g 5eh
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PR A o 228 X 2% 1) AR Tk i 2 i 10 A, 1l R
JEE 1] e T T IOA ME RS E o RO L B A B A
1) 5 22 WL A A E 5 AL PR TE DU Ak, A5 200 e
AR S0 DI S 4 R 5 D' 8 P 25 A 8 5 9 M LA R %o
AR PR 5 2) i D T8 8 2 > A 2R S BB DA P 5 i A\ 3R
JEE AR ARHE B AR, R T R A T 5 3)
i 3 R B SRAE RN 2 ROBE R R, 7R PRI RS B2
RN DL AL TSR . SR, %28 D7 1 ATS T e =K
FOARMST: DI IIHAE 25LT5 K om0

37 S5 b PRI 5 2) TR B AR R AE SR R ) A3
FVAH T X A7 7RG FE BR 1 5 3) A SR 8 2 7
[Fi) 2 Ak [ R 24 7 vz AR RE T

RIME4RGIRR T 2R EURH R I ik ik
THEE S PEREXT L

T3 WoR TR AR A ik Can
CasMVSNet ., GBiNet) i 12 32 A0 15 Ak 55 s F i 2t 1k 152
¥ NAFTHFERRAR =A% 5 ) R 1 1/8~1/4 {H AT R
Y A S S A G B 5 R IR R A T o 1 O i (A

#3 EFLRNEGRYIERE
Table 3 Summary of global based image projection methods
i3l aggstic (N s
st A TR W BRI R it mommsetam
TR T ﬂzﬁ%[ﬁ{ﬁﬁ 2R 7 2, AR TR B E ARG R, SOt 00T DXk AN D] 4 VR M1 18 SRR A A 1 )
JERBERAE S o eI AR B i 4 2%
R HL ﬁiggfggw*ﬁéé%ﬁé%L?i ;ﬁﬁ%ﬁ%%? f14 2% TR0 5 R A
WL AU el OO e e
ST ST TR e iz e TR IR 7
*4 ETE2BMEGRYFEEEX I
Table 4 Quantitative comparison of global based image projection methods
Ik I EUEITES PR SRR XTEOTE XFHess EREEE S
R-MVSNet ST IR A DTU Overall | MVSNet 0.511 0.417
CasMVSNet T RA AL DTU Overall | MVSNet 0.511 0.355
CVP-MVSNet BT A A DTU Overall | MVSNet 0.511 0.351
PatchMatchNet TR B ke DTU Overall | CasMVSNet 0.355 0.352
AA-RMVSNet TR AR Intermediate F-score T CasMVSNet 56.42 61.51
TransMVSNet BETUER P DTU Overall | CasMVSNet 0.355 0.305
GBiNet HETHAMAMA  Intermediate/Advanced  F-score T CasMVSNet  56.42/31.12  61.42/37.32
UniMVSNet FETFHEHER M IE  Intermediate/Advanced  Fi-score T CasMVSNet  56.42/31.12  64.36/38.96
ET-MVSNet BT IS DTU Overall | GBiNet 0.298 0.291
ARAI-MVSNet BT HEHER L HE  Intermediate/Advanced  F,-score T GBiNet  61.42/37.32  65.89/41.52
GoMVS TSRS DTU Overall | GBiNet 0.298 0.287
MVSFormer++ ST RIS Intermediate/Advanced  F,-score T GBiNet  61.42/37.32  67.18/41.70
GAP-MVSNet HETIUMEKEIS  Intermediate/Advanced  F,-score 1 GBiNet 61.42/37.32  67.08/43.12
RRT-MVS FEF R SIS Intermediate/Advanced ~ F,-score T GBiNet 61.42/37.32  68.16/43.29
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Fig. 5 Structure of neural radiance fields(Mildenhall et al. ,2022)



$31% /5% 34] /2026 £ 3 A

RuUk, TER, HFRK, EXR, BE, TEE
SUAIFTRE=HEEHARLEIE

AL r (1) = 0 +
SR, Bl

¢ = [ 1@ o (W) - elr(0. ) (1)

td , HBe B0 C (r) AR R

t

TESE BRI 3k — B33 2o 43 2 R A SR B AL
AR, 5 D LR AR AR RATE P 7 B, Jo 5 B TR A
AR ARE 38 03 A TR R A, AR T i 4 B DI (i
KA ) o

NeRF (5 MLP 7323 i~ Bir Be - JLAT By Bedig A 3D
AR, A PR TR S o T 256 HEFRAE ] L f; SN BY
BORHRRAE ) 5 f S50 7 18] d DREEJS a1 B0 o
AN, Ry 7 HE SRR AN 9 AN 5T 1 A RE ), NeRF
SUAT A G i, K A AR AR ] B 559 3] 75 4 1
SRS, AR

y(v) = (sin(2°'nv),cos(2°1rv),---,
sin(ZL’]ﬂTz}),cos(Z""ﬂv)) (18)

AL L = 1006288 L = 400710 o

NeRF By Il 2k H b 2 i i e /MESG R L =

SIE(r) - Cr)[ AL MLP ZHC iR

15 AR UAHPLES 26 232 KA MLP BN 3 5 3, |
PRARE e AR AR R A, Tl S G R B 2 80
S NeRF Il 2ok S5 e B W A7 T FE K, H 1 I
ST AR i M 9 B SRR G, 1R R
A6 MU AR A
3,11 RaFomnTnk

4 )R R JUART 4R B 5 2 oy, B a3 T s dd i 4
2 2% H A > 3D R LA AN LS ., To s
2 3D 254 (AN RIS 5 ), R0 JE AR A 5D
B (3D L& + 2D P AR J7 [ ) WL Sy B0 €5 4 FR %%
JE o X —2RJ7 EETE NeRF B L1 b 4 32 30
A1 H5Z BRI AT AR , B ek W R
A Fn T BUC . Baseline NeRF (Mildenhall 45,
2022) 72 R AR 1Y T 1 2 AE , Hl o 2 )2 BOm L
(MLP) B4 5D bRELF (x, d) — (¢, o), 456 AT
ORI YA R RS T Ak b ) R
MAA . SR, Baseline NeRF F I 2 i 45012 H.
M DAAL BEBTEE 5 0] 8T, R I, mip-NeRF (Barron 4%,
2021) , 5] AHETE KA (cone sampling) F14E B A B S
fih (integrated positional encoding, IPE) , Y& 2k M A%

X, T () = exp( - jl U(r(u))du)%%%ﬂﬁ%ﬂ‘ﬁo

GERMERAFEY A HETE IXBURAE il ) 2708
oy A ARy, AR T TR BN Y R
o A, mip-NeRF iR 531 1 37 1) 1E Ak 5w LA Bl
I JUfRTEE PR RN S50 15t L A B 3R T 1 i 2
AR

R FRAFRLE LTS EBA R, A H
Xof B A 2 T Y Ak BRAE T3 AT BR o Ry it aX — [R) R
Ref-NeRF (Verbin %5, 2022) il i S 50k [ 3t 5 v 5
Jey i o) i Z B R O 2R L K AR AR R 00 18 S S
T 4R . BARTT T, Ref-NeRF 4 % & MLP 2
T 18] TG IR A 465, i 18 S S I | D S S
0, MRS B AR TR V2 1) b, e o S SRR A 7 Tl Ak
B IS AR o TR R B (AR B Jm)
5 S R A, W BT TR S DX TE g
K .

B R T 1 A A T O A2 2R M
PEHH S S TT S BRI 1 A ] o R, Bt
TR IE WA AT RO S E Aok . Bl
Gaussian splatting (Kerbl 55 ,2023) (1 , B 20K IR
TR U B SRR e 1) R AT 55 (ANl s
A AR AL o R I, B R R 5 AR/
FRASE S S5 R g o v e v T R AT A oA
SR CAn AR FRTE Y A5-5 10 B8 PR AR 2 o) 7 250 1 J
3.1.2 RAXFRIiE

B IR Tl A 3D i s A A
R R ABIRE BB ML, BERTT T
TE Qe RORFN LT AT 280 . 3X 805 v o ) S X 4
Y P A 10 3 A, [ I Bl ol 25 0 4% Ao B 4
A, AT A R B JLARTHESR 5 ), NeRF AF 5%
B FEGIT I Z— o SR, B R s i) R g2 BT
BRaS R Bt LU Je b (2 AL i)
HO B 22 8 i e IRy S5 R S IR AT 55 v

Plenoxels ( Fridovich-Keil 55 , 2022) J& 5 1] i 2
PR LR T AR HAZLO QD TE TR g SRR AL
(voxelization ) Jf- 4% & R 1 PR X (spherical harmonics,
SH) 46 B {415 B o Plenoxels il i3 Tl 2k (1Y) NeRF
RREAY B R 28 %% B2 BRI R A, T At i i 1R R
A%, TEHEFE Y BE , Plenoxels {75 2 1A 2 S8, hE
B T MLP 1Y = H 5T 5, {45 4 295K B L1 Baseline
NeRF HRERT . EAb, Plenoxels i1 H i W AR E 1L K
W (AN h A5 AR R 43 HE ) 1 — D I DA oK

671



672

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 31,No. 3,Mar. 2026

JR4E Plenoxels 7ER0% T AT g 35 9F J& | HHL [ 5 7y
PR AR A% BRI 1 4055 R ATRE T, e LAIE N
EIFN =it a

Plenoctree( Yu % ,2021) i —E A4k 7 i AR E
Foon, L STBRTE T 5L T\ SURE (Octree) 11
Wi AR Z 458 . Plenoctree 18 i BRI BREU R IS (4,
I GWE = IR R S5, BRI, Plenoc-
tree I\ SUR 5 4 2 25 4 B A R 3 e TE = 2%
JE XS OR FAS AIAZR T TE 25 W DA P G s
X BT B T A7 T 85 CRH L Plenoxels i/
27 80%) , [l PRAF T e AR G o dat o e Ah, Ple-
noctree 7| AR EE MGG MG il i 2 ROE (AR IL =5
Bt — B3 THRCE . SR, Plenoctree {575 1< Tl
Y5 NeRF SR AE W IR IR R S50, BRI T HAESh S
st R

PointNeRF (Xu %, 2022) ¥ i 20 5 2= 5 b 42
2REE I O R TR BE A T R 48 A2 i =, JF A
H PointNet (Qi %5, 2017 ) 1] 5 % B fn i {4, . H AR
7 » PointNeRF 1 S5 il AU A AE 0% B il =, FE38
it PointNet ¢ > 1 25 1Y JR) R 25 & AT (A R Ik . 31X —
Jr Bkt T %58 NeRF 1 MLP J& 4L i B2, il i i =
AN vE Y, 4B B L Baseline NeRF P 3% LA
o SR, PointNeRF 14 5 2 Az LR T P01 2k iR B2
AL, PR R A o h i LTS BESZBR . 1 Ah,
s B S A SR A e, BIR ) 1 AR R WA 37 5%
H YT R

1 S FRIR IR B O RAE T Hom R AU LA
A B R T2 R T B A it i,
Gaussian splatting i 17 1, 7 52 BH = 2 Vi Y , {ELXE A
T 231§ 5 Plenoctree i 1 /\ SUR LA A7 , {H [
FE ST PR RG] 1A R . N R IX SR, W5
BIRR T 2R ) LA HE B 775 T shA i xCEh 1 FiE
EPACTERS . B U0, Neuralangelo (Li 55, 2023) 45 &
BRSO AL AN 22 M 25 2T T JLA 98B BE /1 5 Plenox-
els T T BRI R BT 48 900, AR T AP ok R
B AR INETERCE FIUS RE IR, HAEsh 5
SRS Ze A MR T ) Jeg BRAEAT) 75 1 — 20 58
3.1.3 REFRINE

IR FmInikiad 44 WU a5 (IR =R |
A2 SR & M4 (A MLP) , BTE 8RS
REE o X7 il w3l o b A5 F TR A 3
17 B TRl 28 I 2% B B3 AACHE, DT ) 2 4

B, AR, o G A B EAE AR TR 5 R
T I A 28 P 28 AT o AR A2 201 A 55

SNeRG (Hedman 45,2021 ) J& H- R & £ R AL
FAMETAE, HAZ O AR NeRF B350 5 i i 4
= M *% (sparse voxel grid) dr, BAKNI S , SNeRG i
1 P25 ) NeRF A5 8§52 37 S5 0 18 S 55 23160, | %%
JEFNRRAE 0] 4, P4 HAF TR AR A% b o 7 ffE 2R
W Bt , MLP A5 T 5% 17 B 5 €5, I 38 4 alpha R
BAMRZAR R . X BRI T
SR Y B, [ A5 4 2 FE L Baseline NeRF R
3000 4% , [\ B O 47 1 o BT R VE G 8OR o SR
SNeRG H fi UM A7 At i SR H5 ven , FLXE LA Bz 50 285
Yty

Instant-NGP (Miiller 55 , 2022) i #%.0> 57 Bk 7E T
51 AL 43R 7 40 i (multi-resolution Hash encod-
ing) o Instant-NGP§f 37 5 A2 b W 21 0 A e v, i
1o Bl AT R A A I B AR, SE B R
AU ] o X — B AR B T MLP Y A
AERERE ), 0 RMR B T 1 I 2 R A 3 R (75
NeRF %4l dE b, I ZRm [a] IR 4 3 280000
Ak, Instant-NGP i i) 45 %4 25 # (exponential step-
ping) F1%5 8Bk i (empty space skipping) LA R AL
P, 20 TARBUE G 2RI IR G KR
S B AR, O S5 22 1B 203 R (4 Gaussian splat-
ting) A4 HH BEE 1 LAl

AR TTE B DAL AR T HOX A5 H
B2 B PR RIEAL . B0, PlenOctree 8 i3 BRI PR
BT 46 265 B, Instant-NGP 3 15 W5 7 i i 2 T+ 3%
M KiloNeRF (Reiser 55, 2021 ) 3 12 43 B 5 % A
TR IR . AR, X 86 75 AT T s 2 = 45+ 7 filh
TR R RGP AZBR APk AR . Bl Gaussian splatting
B R = RN B T IR B R oR Ik
49 10 FH 37 5% 38 A0 T 1) 4 A 55 (I R WA 37 5t 2
B o RN, IR G R8I A TE NeRF 4] & Jie
EE) TR RN RPER AL AR Cn gy 2 AL
Wy A Gt 8 ) AT % M T B S M
3.1.4 fFSFRRITE

5 AR 5 8 S BCA AT S CINAT 5 HE 5 R
B SN E L LA, JR4S G 2 M2 TS
Bl . X 2RI A DT T - LT LAY
AP, BRI e SR T B B) A5 H s 1 L B
W E R4 S B B (I SDFIERD) o #5513k



$31% /5% 34] /2026 £ 3 A

RuUk, TER, HFRK, EXR, BE, TEE
SUAIFTRE=HEEHARLEIE

7RI 5 R R Ry A8 X B AE B A5 3 SR
Py B AL, i R B LR A AR

NeuS(Wang 5%, 2021b) 24 5 b /s AL 1
TAE, A D BUB TR T 455 455 1 2 e & (SDF) 5
PRFRTE JAESR . NeuS 3 i Eikonal 29 5058 il SDF £
JERYERAL A BE , B R AR E SRR . BRTT
NeuS K SDF 7 SC Ay #ft 25 00 25 1) i 14, 38 2o ] A3l o3
TE YL Ik 5 oAk SDF FIABUR B o FETE G [ B, NeuS
FIH SDF & it R i #EAT ML | M HE A& SRR AR
gy, WEWD TR . AN, NeuS 5 ABUH 201
SR , 38 2 A R EEAG T TUATIEE L, X — T
VEAE R AR R AR TR (R R A
A RS T SDF Al , T3 S 2 B iy, HLxELA AR
S5

Occupancy Networks (Mescheder %% , 2019) i 13
i 137 (occupancy field) 1 25 0] SU0E 75 @ FYIR.
LT 0% 3D A bRk A BRI ZE R4 i il — > 2k
MERE (0 R ZEW, 1 3Rs i D TG 2 [ U
Ifil o Occupancy Networks [P 3 7E T H: {1 A1 R
TV, RE A RS ZAn TG (22 ALK ) . 4R 1T,
H7 37 Y B I BR A 7ORS A LA A0 4, HLUI 2
PR R S ] L, SRR AR . Tk
X — A, J5 S5 U Neural Implicit Surfaces (Yariv
A5,2021) 5 ABBEE R M il 1d SDF fp TR
T35 i 4, TR T LA JE A (9 65 4 . MVSNeRF
(Chen 55,202 1) $2 1) T — M4l 45 Z LRI 2 1A 54 22
FR 5 71 F AL NeRF B A HESE | REAS (LR 3 i
AT LT RIE S . MVSNeRF 5 A1
AN A LT R S S 4], i 3D CNN
55 MLP fiff-fith 45 L 5] 1] U9 44 3% 48 B8 5 5[] AH DG 1 33
0, DT 5 390 0 28 i 1) 40 BB — BB s o i 1%
WD T XE G S G, £ DTU  LLFF il
Synthetic 4R FRIL T RAFAZALEETT .

5 AR 7k BAZ O AR AE T HUAT o L)
BT, BEAS LR 3R AT B 0] s i U 1, T
55 W B AU 5[] A0 5 A6 5 1 BT 2 (simultaneous
localization and mapping, SLAM) T 45454 . 60,
NeuS 7£ SLAM Hit i SDF 7 L3RI, 2T+ 1 07 A
THAE M s NeRFReN (Guo %5, 2022 )il i 75 51k
BARARAC S 5%, i e T 45 58 NeRF 7252 e bF
B R AR o AR A S A RS T EE R BT A
A AT AL (W SDF | 5 113%) , AR e 56 iR,

B T B . AN A R AL T
SERFE S, SFEOT AR TR R .
3.1.5 T LSRR ULy /N

FE T4 SRy () JUART 4 By 33 1ok e — 1 A Tl AR R
o B pR B e 2 0 A MG ) ST 4 Jmy JL A R, 5K
BT B ) 4, A A AR T et R
B B E A NeRF B HAT A Jy i i s AR R e
P G A SE G, BRI T E A B LA ER S
Ao BRI, 3 287 AT A 1T 1 11 22k 2 12 0 S A7 7
FER A IR) R, BRI 1 A 3 B KRB e b iy
N BAR B AFNRA FR ik it A U T T
TE YROR AT AT 2 B3 0 IR AT A5 5 2R 1
2y, Ak ] IR AT AT R I i A L an
5L 1R S5 SRR 5 s R s DI Zad 72 IRl st fi e B
eSO AT A ) BR K

5 6 RGN EL T ORIR] LA Sy vk 7 ]
B SN RB0R T 1RSI . W
X LG AT L, NeRF Az H 20 iR (40 mip-NeRF | ref-
NeRF) 7 PSNR 1 SSIM _- & 3Lt # , 1B Il i} ] 3
A AT 2 h, S AATE AR, XE DA 2 SE oK s BT
401 Plenoxels Fl PlenOctree i 13 1 22 4k F1 \ XA 45
R AN &S IR L c WYt oM 7= e (£
X 52 F I I MR 5 TR B 5 5 (A Instant-NGP
Fil TensoRF (Chen 45,2022 ) )il i 2243 W 504 7 2
SR S A RN, FE R e Vi T A R R
SRt FE4E 2 Bh g, B R RS v A5 51k
75 B MVSNeRF B 2R YIS P (29 15 min) , A&
L WA, 5SS L HUTE 55 o 4 207 R AN
JE HCR5E Fs R R AR« B 4 st
SAYRARART] Gk 5 N F R TE e U S
N PE2E TR A T B R S5 B 5 A 5 A R s il
JUfaT i SRR A2 2% S 56
3.2 ETRIMILAEESE

bifi 2 . ARy Tk 1 e B SRR IR LA 4
L7 iL W2 80 0. Hob 3DGS 1 AR Rk
RS KR L RE T 3DGS AR K . HAk M,
3DGS i i 7F — 27 [B] b A — 2l ELAT 2 (B o LW
] RO R € 5 vk 1) i 07, B E s R R
TS5 o 1ZIT A PR 4 SR — U AR R WA Bk
3y, 2 FH AR v 0 a5 2 57 AR o DX 3 1Y)
JR R IUATT 545 BB LB ks e S = g
3DGS ZEF LNl 6 frw , HIEA AR AR

673



674

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS Vol. 31,No. 3,Mar. 2026

®5 BETMEEEGREEAERE

Table 5 Summary of geometric reasoning based image projection methods
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Table 6 Quantitative comparison of geometric reasoning based image projection methods
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Fig. 6 Structure of 3D Gaussian splatting
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Table 7 Summary of local based geometric reasoning methods
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