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Single-view 3D object reconstruction based on deep learning: survey

Liu Cao', Cao Tingz*, Kang Wenxiong', Jiang Zhaohui®, Yang Chunhua®,
Gui Weihua®, Liang Xiaojun®
1. School of Fuiure Technology ,South China University of Technology , Guangzhou 510006, China;
2. Peng Cheng Laboratory, Shenzhen 518000, China; 3. School of Automation, Central South University , Changsha 410083, China

Abstract: Single-view 3D object reconstruction seeks to leverage the 2D structure of a single-view image to reconstruct the
3D shape of an object, facilitating subsequent tasks such as 3D object detection, 3D object recognition, and 3D semantic
segmentation. Single-view 3D object reconstruction has emerged as a pivotal topic in computer vision, with wide-ranging
applications in industrial production, medical diagnostics, virtual reality, and other fields. Traditional single-view 3D
object reconstruction methods rely on a combination of geometric templates and geometric assumptions to complete the 3D
reconstruction of specific scene objects. However, the traditional methods based on geometric templates are tailored to spe-
cific objects, limiting their generality and scalability. Meanwhile, the traditional methods based on geometric assumptions
require strong prior conditions for the object, which limits the reconstruction quality of different changing scenes. Current
single-view 3D object reconstruction methods based on deep learning have made significant progress in terms of the applica-
bility of reconstructed objects and the robustness of reconstructed models through data-driven approaches. To further under-

stand their current development, this work systematically analyzes and summarizes single-view 3D object reconstruction
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methods based on deep learning from following aspects: commonly used datasets and evaluation indicators, method classifi-
cation and improvement innovation, problem challenges, and development trends in single-view 3D object reconstruction.
First, this work focuses on the commonly used datasets and evaluation indicators in single-view 3D object reconstruction.
These datasets are the foundation of 3D reconstruction methods based on deep learning and can be divided into three catego-
ries: red-green-blue-depth (RGBD) datasets, which contain object depth information and are commonly used for algorithm
testing and evaluation; synthetic datasets, which contain large-scale rendering object images and 3D shape data and are
commonly used for algorithm training and evaluation; and real-scene datasets, which contain a limited number of real
object images and 3D shape and are commonly used for algorithm evaluation. Evaluation indicators, mainly including dis-
tance evaluation indicators and classification evaluation indicators, can quantitatively demonstrate algorithm performance.
Distance evaluation indicators are mainly used to evaluate the shape distance between the reconstructed 3D model and the
ground truth 3D model. The smaller the value, the closer the overall shape of the reconstructed 3D model is to the ground
truth 3D model. Classification evaluation indicators are mainly used to evaluate the accuracy of the 3D shape classification
of each point in the 3D space. The larger the value, the more accurate the reconstructed 3D model. Second, this work ana-
lyzes the field of single-view 3D object reconstruction based on deep learning and systematically summarizes the research
works related to supervised, unsupervised, and semi-supervised learning single-view 3D object reconstructions. Super-
vised learning single view 3D object reconstruction methods mainly focus on reconstruction resolution in the early stage.
With the improvement of 3D representations, especially the application of implicit 3D representation, the high-resolution
reconstruction of object details has become possible. Subsequent works have improved and innovated various aspects, such
as input image, encoding and decoding, prior knowledge, and general structure, to further solve reconstruction problems,
such as unknown perspectives, key details, and generalized shapes. Unsupervised learning single view 3D object recon-
struction methods mainly focus on improving the rendering process in the early stage, laying the foundation for unsuper-
vised learning. Subsequent works have improved and innovated from the perspectives of rendering image quantity, image
feature attributes, and additional prior knowledge to further solve various problems, such as lighting and background inter-
ference. Semi-supervised learning single view 3D object reconstruction methods are mainly divided into 2D and 3D labeled
data-based methods. The former proposes a small-sample data training paradigm and a general data training paradigm to
overcome challenges such as difficulty in 3D annotation, deviation, and inconsistency between annotation data and test
data. The latter enhances the robust generalization performance of reconstruction through semantic and perspective informa-
tion. The above three learning methods have their own advantages and disadvantages in terms of technical frameworks.
Supervised learning methods utilize 3D labeled data for learning and reconstruction, resulting in high reconstruction qual-
ity; however, they are limited by the high cost of data annotation. Unsupervised learning methods can directly use 2D
images to learn and reconstruct, effectively reducing training costs; however, the reconstruction quality is not stable
enough. Semi-supervised learning methods propose a paradigm for joint learning of labeled and unlabeled data to address
the problems of high data annotation cost and unstable reconstruction quality, combining the advantages of the two methods
mentioned above. These methods have been widely studied. This work summarizes the unresolved challenges from the per-
spectives of data, training paradigms, evaluation metrics, and reconstruction performance and proposes future develop-
ment trends and key technologies of single-view 3D object reconstruction methods based on deep learning. For the difficulty
in collecting data from wild objects, studies must focus on how to use internet object image data to build datasets and
develop efficient interactive annotation tools to reduce data collection costs and annotation costs. For the insufficient learn-
ing of local object structures, studies must focus on the training paradigm guided by prior knowledge of local object struc-
tures to enhance the accuracy and reliability of single-view 3D object reconstruction. For the limited reconstruction perfor-
mance of few-shot 3D annotated data, studies must design the optimal combination of different tasks and develop multitask
learning methods to obtain effective semantic information of objects and supplement effective object reconstruction supervi-
sion information. For the neglected local structure assessment of existing evaluation indicators, studies must design recon-
struction evaluation indicators that focus on the reconstruction results of local structures to further guide high-precision
reconstruction optimization. For the problems of long training optimization cycles and limited object categories faced by

existing methods, studies must focus on 3D foundation models that achieve universal category object shape reconstruction
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to promote the development and application of single-view 3D object reconstruction methods.

Key words: deep learning; 3D object reconstruction; single-view; supervised learning; unsupervised learning; semi-

supervised learning
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Fig. 1 The framework of the supervised learning single view 3D object reconstruction
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TR R o ISR FAR A\ SURE S5 R B = 4
RIFTRIE A T AT AR, 78 128 x 128 x
128 S5-I 73 B A48 = 4k i AL ABURAS 2 132 T (Victo-
ria % ,2023) . {HEEH B AV AT ZOREETE, JEF
7\ SRS 15 T e 2 A7 IR 8 AL ARG v 1) 0 3 Y
PRI

2) 50 2 MR AL T R U3 i = 4Ep R i iy
o Mescheder % A (2019) & Hi — i3 T3 2 = 2
75 (] 3 2 2 2] 1 B X = 4R 1 A I 4% OceNet
(occupancy networks ) , X = 4 23 [a] v (1R Bl AL R A 15
HEAT 2 [R] 5 A RS TN 25, DA 345 25 8] A 2
IIHERACER P IAE S . HARFE\ SUR S5 R SR
RITHERLE , OceNet J8 i 14 22 = 4E 45 (8] & A7 bR £
A7 ek 17 HEE BRI, [Rl i BAT S
FEAEDE S 5 22 TR A S5 IR 120 5 T 250 A BR
(75 L L, OceNet 5% JH — Fift 2270 3 30 S48 (L 1T 412
A7 1%, O e B 3 A 2 R S B = R R R
T, S B SRS 20 AL A0 2 TR AR 1A

Br 7 AR T AT S IR Y R R )
Tk R RER )2 P 23 T Bl ) = 4 AU v
A, Park % A (2019) 48 ) 1 —FliELL 775
5 PR 7R J7 75 DeepSDF (deep learning continu-
ous signed distance functions for shape representa-
tion ) , FJ LXK S 8 ol AT W P 1) = Ay A K8l b
SR B IR S R E AN A AT SRR R
BRI 75 1 m] LT 3 (] A o B PR SR A
SRS [ I R S B A5 T LA T 12 5 AL B AL
THARA N ERIL 2 IR

55 AR 2 T = e as (AT o5 A 426
FAALL, 7455 B 18 37 o B8 >0 7 125 B — TR R 19 DL 2
HZEILAR NS 53 2510 2% 2] o 5140 Chen 1 Zhang
(2019) 2 i T — Ff e X 25 8] fif 4 &% IM-NET
(implicit fields learning network ) , fij A = 4 23 [A] 5 AR
P X IO A R 20 B i BBCR) R ) 2% A
BRXE I 8 RSB SRS R0 T A A0 DX el ) 0 5 2
TI LS L ) = YRR R

BT R R R iy = R R v e
TR = 242 (1] r Y 12 25 pR ROR A U B R =
ALY, BB T S B oG E PR P = A IR T Y
BOR# S EIRIm ke BRIk ] S i MR R
AT AP (BB ERR 2 g R B A, ok
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B IR AR R R R A R
IS DX 3l TR B AN YA 17 [ L, T &1 4 s o Rt
Ty AR S AL T R SRR I A L A R
W5 I 1] . B 40 Koneputugodage 55 A (2023 ) K¢
iy N SUR S5 5 B SRR a5 AR S, — J7 il
B SRR gt ) m W =4k, o —Jr i fl
FHAEF-7 /\ SUB &5 Ry~ > ERA ) R TS G

P O -1 ISP

Chen#l1Zhang(2019)

////

. P :"ﬂ? [~ o

LAY
K4 T RFoR I kA R OR )
(Chen A1l Zhang,201 9)
Fig. 4 Example of reconstruction results of implicit 3D

representation (Chen and Zhang,2019)

3.2 ETEGHECEEEENRUE=Z%ME
BE

3D-R2N2(Choy 45,2016 ) 45 5L 1] S [ = 2 4y
R EE 5 VA T A RE DT T 5 2 B 5 i AR
FRA R T BT RSB B R i 7
VA A EHR A B A B T A R
SRR DI 27 21K 4 1) = 4E T IR AR 28RN 3 kG 20
JUATERTY o i T GRS 5 2 i A 7 vk DA
ANPGRS BATBR e 55 R R A, R
IO ) PG Ak P AR L4 T B0 P — Ay 1A T A
R o

NG I e AR = AL (1) A o2 X R itk A 7
B 73-2E , SR I A e S 38 % 107 Y 2 I ) = 4R 0B
o P, S AR YN RGP R, AR Y
KA A TN R X B AL AR 9 Jy B ) T,
Zhang 55 A (2018) £ Hi 1 —Fh B P = 4E ) 14 o 1t
77 GenRe (generalizable single-image 3d reconstruc-
tion) o 18 AN 0] DL 1R E P b A I 2R A5 T SR A
SERAL AR IR FE AR S IR 5 A 58 LA O TR AR
B 2] ZHER A eSS . 5 R TSR I AT — 4k
TEAR WS 27 2 19 5 A 1L, GenRe ffi I 1 TE 42 1 1Y)
7R 5 =40 RIS C & 3T T R A

U S BrYAG g Eisi

GenRe J5 IE 34N 1 5 4= 11 AR MR S, L 1H
LA TR & A7 Sl ) 7 U2 1 IS B A L&
18 DA SRR, X e A R R A —
ARSI o BRI BY SAALA PR B AR 52
A0 A PR A5 R B A BIR ) ) AL, T 4F45 A (2020)
B T o i 28] i ) O VT R = ) R A R %
EEE R R RN NEIE A i NS i g T e S0
LAE RSN EUSN VSR S RE ZUIESE S €T RPN ER IV § <
TR SR R T ORI A A 1E R
FAEEIF, fo e A A i A TR = 4B R

i A PR 04 73 9 R TR A 2 52 ) T S RN 2 )
FEPNER . d TR R EGAAE 0 Rl i 1 (5 8
B, FE I Gl B R A 5 S| AR EVE , S S 19 X
SR AR AN . B AR B 3 A  JR)
AR H 2 T Y (R TR SEAE N (202D $2H T —
Tof Rl 5 B A8 AR AN T A S 0 2% S AR TR Y B
M =Y Tk . S 0 FE R g A
PG T 419 15 B 5, (R i AR I 20K 48
THEERIX TR A UGS B v £5 B SR ARSI R
TSN, 5 Wu % A (2018)# H 1) ShapeHD
(shape high quality with fine details) 77 3 A Eb , 1% 07
VRS T AR A AR h L R A AR 4
20 DI F

BT RGBS B R 1) 7 i 42 T 1 A
FAE BAT R 0 B AR A5 AR B B IR R
REERERES R ERGRREZREGFAAR
B F U E (Zhang %5 ,2024) o {HJE:, 105 2L ok
REZ) 32 7 WA I ik | TR B8 PRI 000 b 4 ) 285 SR AR 22 50
Wi o PRI, ARy i T 2R RO AE 28 5 IR 7 51 5 v Y
w2 T, SR (AT B — A WS Bt A T 1] . {54
Zhang %5 A (2023) #£ 1 T —F £ M Go-slam (global
optimization for simultaneous localization and map-
ping) AUHESE , 3t 3 (0 A o e A 55 AL A THE 55 /Y
ZOR—EUER R RE SR A,
3.3 ETEEANFMNAAE=4YEER

B PRP IS0 T3 i A4k 1 b A A P38
T ARFALE “ ) PR 2 3 ey ARyt ) B AR 2 oy
i I RALRE N R E R M EAERE. mT
= YRS R R A TR DX R AN [R] A2 2R 4R X
SRR AT B DX IR AR AR B I, SR e 2 Y
= AU ARBOR R R PR, R T R P
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XE, HE, RXE, BPE, BEE, D4, RRE
REZITEHEAE = HHEEEMRLERIE

(R 7 X i A PRG54 430 DB X Bt A TR ik
A aE kT AL 5 2T |5 R0 28O0 A M B B
AR 52 25 DX = 4RI, DA T 0 — 2 $i e e 2 BRLAL ]
SHEYAE ARG . YRR TR AL O 3
BB TS 2 BT BRI S5 AL B 25
ST 18

2L T G A B A Y AL I = e R )y
VA TH] (1) B 5237 57 R AR B I, D 5 X G 45 4
MEAEAE 2332 B A8 S X BT, B0 A% I 2Rt
FEATRE o BFXS L2495 SRR IE TN ZRROCR 1Y 1)
i, Li Al Kuang (2021) 48 i T — %l 4 24 3D-VRVT
(3D voxel reconstruction from a single image with
vision Transformer) (1) AL I8 = AEY) (AR AL 4% . &
Fe i A R 3 H L8 20 OIS 1 Jey R X 38K 9K 0
AFET HUEZ I HLHI Y Transformer Ji it a5 P27 1 4
Y A0 G Jay 78 X ) R, 490 ) 5 DX R AR 2
> s b A N = YRR SRR, S AR 2 LS
PG s o o A 8 E B R =4I AR

TELBRE ST AL B, i ARG H E
o (8 G B X SRR i 27 >, SR AR T PR 18] = 4R 1
ARG SRS . REIEFEA (2021424 T —Fl
B e WALy i [k NS/ N g E Ly R T
it 2% $2 B9 45 2 47 1E f5 A 2] CBAM (convolutional
block attention module) (Woo 25,2018 ) {3 & J1 & FHAH
Borpr, Ho iR 2R L 3 1 A PRIR 2 B A 4y L
PRAE B, il CBAM AT L4 TH R AE S B G 40 77 1Y)
RE T, TR 2 RRAE AL AL AL 55 F X R i B AR S5 F 15
Bo a5 a8 5| SRR SR R4 AL DX I i
AN, NI T 8l = AR B i O AR T T
I DI A R E R IR RE ), AENS S X el itk — 20 52
A3 [A) G R AT AR S — Rk . BT X B 2 SR
PR W2 B A5 s () 25 A AN SE BB O, R AN
(2022) ) T — Pl T A5 KA F AR = 4ER) I
VR o RlE TE R AL AL EE 2 AL SRR 2 A 4
IR o) VR 5 1o 47 R A A R 1 0 5 4 A
Bo BRE I AR OB AL AT A, 345 Bk
A3 R PR AN T A A Ry 0 L S R AR A AT, AT
PETEXF A0 DX M RE

2T AL P = 4R A 5 R AE AR A
WL T PR BT = A s R il A
20 BRIMERTL Jin 55 A (2022) 42 4} T — Rl IMC-NET
(implicit field with corner attention network) J7 %

IMC-NET 5| A—Nh M 3, A 3D i/ 6
SRR AE T MBI ok B 5k = dE IR
FIBGNRE ). R IR B R A TRl G £ 0
(TN 45 3R, T i — 25 4 T 2 ARG

IR T R 0 A A B R A B RRIE X
AT E AL, SR T T 2 2 45 F A AR [X e
AR — RBRAR . B XA 24544 XU IR AR
SR TUIN B3 5 0 M A, 2T AN (2022) $E T —
Tl 75 U B i A 2 ) SR A A ARE 25 O 00 18 5, 114 B
Sk 271N N C oy b = B AT E 2 A L g 8290 )
in A ERIEAT S f i, Horp — A0 S8R AR SRR 1 93
DM A , 55 — 43 3 i A B 4Bk % i AL 2R &
ORI HE S50 o5 X 38k M5 B 5 i 45 A TR B o b o o) vk
PEA TS A R % | $ TR 0 & 2 D A5 e
HEEEEES.

IMC-NET %5 3% 71 72 J1 L A4 0 181 = 4 ik
FEE D, SIABINE RS L AR T R
RGN T R 2% 1 2800 flis B, Fe s T
RO HER R TR R AR A E Bk, B
N7 FH 3 s A AR X A 1k 1) 2 i s B BT R A
Bt LA L B = 4E IR ik ks E S e
AR AT ETE 7 1 . B, 52 M
PRAEAE (2023) £ 1 — iz f Ak = 4EY) IR 8 T vk
BV e, o UG 2 (5 B4 BUAS R AL R
TR SRR AE B N A E i f) =4 &
AR . T IR N (2024) B S H bR B SR
J5i A Transformer X H A X I8k 2 BUH AR 40 T Jar i
fiE o IZ AT B AR X, AL T k2
s,

3.4 ETRIBTERUNBANBE=4YEER

BT R AE AL B vk B R s AR £ T
ND B 2 R L i B T 1 i 4 R B 1
Al LR AL G 2 SR R R 5 R A R
JEAR A AR SR AR AE 43 B S R R A5 =K

& JRRHE S JR SRR Al Pk 52 R 2R = 4
X AT AR o A 2 A R AN I A ) 4 B
P = 4 gk Bl Oy O D P 4 SR R AR A I = 4k T
Mo 4R B EAAE TR 2 BRI RAG B R
LS FRIE (S BRREARRIFE A . AR DI TE 2
[i] [ 2 i = JE A8 40T R AF BE T (9 A T, Hsu 28 A
(2020) #H T —Fh ALK =4k vk, 7ER
15 G B 4R BCRFAIE B BE R 258 T 45 B, LA 394 58 ) 38 4
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TRFAERAE RE 1 5 75V 7 25 18] [] H A K 52 = 4B 0E
AR Bk ] 22 )2 9% A PG5 T8 A 23 0] ) 2 e
G AT FORAE, LIBG 5i PR JZ A b 2 S5 R R R AR BE
3, DT e 45 R 2019 S R

R (Hsu 55, 2020) 1958 T 40755 RAERE ],
ERHIES = HEZ5H N5 Z A = B4~ o Tl
B = e IR g )y 6 HA B IR = 425 1]
P BT BRI A UG ERE A R, Atk — 2 e )
PRANT ZA SR AL T RTREME . BEX SR FRRAE AR O 1k
=Y SRy RS R MERT, Zhao 25 N (2021) $2 ) T —Fi 93
M TEAF-5 28 37 A B PR o A e = AR A Yy
oo TEPEHUR A BIMGRHIE YL AL L, R JC A5 1R
S W BE T 1) AT 19 B T 1), DT Rl 45 X
L 11 Je F8 PR AR E R = 4 Jmy R 45 R RRAIE L TE A By
BORA AR M T 518

ARy RHIE S JR BRI 23 B K S A AR I 31 52
IO AN R A E D A TR
fiE F2 2 TR R AR A T ) B AR ] T 4 )
AR, P RS U SR R TP AT —E R R
Wang ¢ A (2020)$2 H T —Fh 3 FA M S HE M
PR R = kW) 1 T 7 % DISN (deep implicit sur-
face network ) . DISN J7 {2 & By A [R5 1) 42 Jmy R A1k
RAEAMTEAR , BEIBOR I 25 (8] 57 B 14 Joy P i A7 2
FLAIR S5 JR PR AN T, SR 4 T 5 il ) AR 52 e 25 14
ARLE =GP AR . TR PHAE A (2023) $H T — Bl
T AR AE O Y PR ] = A R . %O
VR P 4 SRy R O RO AT A5 B 8 R ) s A 22
FORE AR EAATEAR o TR B R T S50 A
5 I B eR A AR 43, 3R ) A 1% 3 T 4
o KRS R INAS B e 2 0 BE B eRA iR
3 L e <90 Vi1 VA - E 229 0

5 AR A R R IE AR R Rl 0 A 7 XA
Fo, BRIPEE R T AR AR R R AR AR AE A F AR
SYEE TS R B0 2 SR M AT R 5 Ak, —
FERREE E AN A Ry R E AR TR E R A B AR
117, DISN %5 7 ¥EAE I Zhadd R LAR 5 5 0 B2 (A IR 45
KN TF RGN PR AR AN R T B
AR E— LAk . BEXT AT G oK R 20 SRy
PR AR A AL B A1, Li A1 Zhang(2021) 32 Hy—Ff
PR = 4k ) AR T ) 4% D2IM-Net (detail disen-
tangled implicit fields learning network) . D2IM-Net
W SRy R A Ry FRARRALE 43 1) A A A IOREL AR 1) R AT

DRI AT B2 11%) Jeg 8 3 T 400 17 25 440 , SR i i ) KL RS 5%
PRI ARAG I 2 1T A1 9 5 2K T A5 T AR 48 4 i 2
Bk, T ORIE R 40 55 RRAE 1) FRAE P RE , SE A
AT o RO S P F E L Y L
FET R AT R Al A LA O s R B T A
JE = AE Y AR ) ORI T o BN T
HEAT R A G A A T, LLRAS BHER R e 5
SAETAR B XTI OC R, S B 4 SR A T 4 A
otk TES Y R A = 2Rk LR LA (S
SN R, anfef v iR A Ak 1T R i il 2,
FEARTFEE T R A T R AE Bl e AL 1 D 5 52 BRIV
PERERE ZAR ST 7 1) o Bl 5 IR E AT Al
T @G — 0% = 4R 7 A HE , Wimbauer 25
N (2023) & H — B S0l A% A A7 15 1 1A 288 1Y)
D5 % AR M BT 5 1] 58 B LA 2854 %) F0
3.5 ETARMIRRANENE=4YEERE
IR R ERAAE A AL 4 i I G R R A0
T B E AR (F A A RE R A FRAE B .
M T B MR RS 1 77 1k 2 N X R ARG 1Y
ek & BlA AR = 4e R F0R SR 4
Tl A1 22 46 (015 8, DSBS B 2 1k PR I = 29
R, FETERAREA Y E RS AT
ARIUAAT e 56 Rl & 24T 55 — B e 36 %5 =X
flG IR e I MR A I vk i R 2 R
A AR TR BB IR, 5 BR B I 2R 5 s Y
RAG BAHRE , ATl 1 = 4 IR FE 7z 1k
PERE. 1410 Pinheiro 6 A (2019) $& 1 T —Fp 3L F
A€ OE TR [N R TS I 27/ N R e Ly R e = |
Je il RS BUEHE B 1 — 4T IR , DI 2w B 25
E*55ffihds D* , LR Z A0 = 4Bk Se 5
W SR TE SR = 4k R E I 2R o B, 8 B A
YRR AE g A 2 i 5 2% D* P UEAT =4I RIK & .
FRAC SRR 5 IR AR S 3 MR A Rl A {400
#ir D, SR IE R IR SRR R 3208 T = 4R AR FRAE
A3 BEAN, S R S RGO A RS i 22 55
i), 4 F 55 — A5 28 D, AT E IR
iR T7 E: (Pinheiro 25,2019 ) ¥4 RMZ 4R AE 5 F I
GRS R AR BT RS B2 B AR 2 5B IR
SEI A = LM ) B T S R A R
(it — 2B 4T . B X R IR IR S 50 00 A R0
X} MERS, Michalkiewicz 25 A (2020) 42 T 3 Fh oy
s AR LA /IR A T T G 5 2 21 2%
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A RIEAR . X 3 RO R RO AR N R — A R
A R = 4Bk 2 REMF R IR 2008
ARSCIFRRIEZH A5, HT LA S e = 4E I IR 1 45 7 72
oo TEE B, EUR YRR SRR eI 45 4
i A B At g , DA T 58 OB 0 5 9 6 B8 12 AL AL
Bl AT S5 o Yang 5 A (2021b) $2H T —Fh 44
Mem3D (single-view 3D object reconstruction from
shape priors in memory ) FY 5L 1L &) = 4 4 1K & 4 Ty
%, EG g ts 2% e M 4% LSTM (long short-term
memory ) JE R Gt i 25 FIE R A i 8 5530 o0 2R . &
B i P B A e P LS 3 R R 5 3555 18
HEICIZ P A ALY Se 36 3D AR, A TR i
AR PRI BT R A 9 R AE ; S5 Bl A S LS Y
S EMBARIE S S B AR AN R Rl il R A
(CE AN R 27/ 2N

SeRIE IR G RSB = 4P R S A KR B
FLEBLT R H A R ARIE S 5 e Bk
AT BEAFAE RIS, % B AR AR I 4015 R S AFAE— €
FRISENR o X RIEI AP H AR RARE N 7]
B, Nie % N (2023a) 2 H T —Fh L0 B = 4E P IR T
# J7 ¥: CPG3D (cross-modal priors guided 3D object
reconstruction) o 5% I I UG A6 R I IR AT (L = 4
BAL SR 5 S U A R AU AR S 50 A AR, I id i
P RS T AR It — P Rl 5 e R T R 58 OB
WRFHE, IE R AT R A T AL BE AL, DA
THER SRR AN H AR AR 25 5 3 ) T4

R TAERE R R G 07 AR T T AR =
YWy R A A2 ALVERE L (5 TG U A AR 1 A
DUBE 76 L5237 5 5 A TR R84k 72 Al B 3
FAAE—E RIBR M o BT S B AR A ] PR i )
L, Zhou 55 N\ (2020b) $22 H 1 — 5L T S 6 %) B 4
JUfa] S R ) SR ] = e iR E vk o Tk
N AR 85 A s A 0 PR LR G R kL B G
A PG ARG 0 %o R X G 1 — R B AR T T, 9K i ik
THRRHRT T X R T A5 28 GO0 10 28 AR 2 TR
K, 31 58 1 BRI = e AR DT T T AR L

JUfr S REAR S T IR e g B B )z 0 H
0 ] (HA ] H AR AR IE U Je 56 8 RAFEA
), PRI, S R AR i 3 0 RS ) 24 3 1k BE 1Y
HE AR, Al BT RS 2 T A AR e
W, RACK I EENIFE T 0] a0 R B RS
WA THEE — R E BT 55 1 B0 25 5K 0T A 2

WAL A, BA B AR 55 10— B R AR . Zamir 55 A
(2020) 2 i T —FhFE T #5AT 55 — Bk~ 1 LA
AT AT 55— BRI 2 L s AN TR
155 2 6] 5 45 78 i A4 B 45 2R
3.6 ETERA=H#EMFINBNE=449E
q#

— Bl A = 4R A A T i T A2 R
A A S I I AR A AT, ATl ] TR 2
SIE AL S5 AL T ] 4RSS A A > Tk R AR
] GBI R = RS R R, S E A

Zhou 7 A (2021) $2 Hh —F Budla 7 T 40, kW]
PN 2 o A e T i dle o R
S VG AR T R E A T2 2] 5 ) i e =
AEZEA TR . EEAE AR IR A BR A, 2 —
A AR R TR 3 BB BT 5 5 0 8 SR AR T
Ao TE H =245 R~ > 7 s mT LA R 23 TR
P 4 E Y b RE . 1 W Wang il Fang (2020)
P T —FhE ] = 4ELh b o o) ME @ 9 77 7% GSIR
(generalizable 3D shape interpretation and reconstruc-
tion) o fE =2 AT 55 AU SEAL -, GSIR Irik 5l A
= eSS MR ST 55, AL T =Bk 454
A B TT IO 7 10 FIR/NAE . IR T 0
B = AESS K O I A2 5 B — HERE TR 3ot 1 B A
1 e 50 HH = RS IR R 5 AT AR

BRI TR RS 5 BB A 7 4R T T
PR = iy K i 0 AP RE L (H I 2 Uy 108 o DA T
XA o RIYIZR B A [0 A ) B P
i R A R X R A [T T T 3k A R A £ U
2SI T P S 2 10 Kuo 55 A (2022) 2 Hi
Tl DU S s A T LA SR T Y R
=R T IOTE R N 3 Bk AT
“YEF ) R 1 B BT R A T 55 o AR
5 24 HOL A ) =SSR A5 55 28 2 B Bl TR BE 4]
A Ry AE TSI LAY BE 7T A4 L, JR) AR AR T JLArp
FEIUHIEAR S A 50 3 [ BEA & T A4 TR BE 1 A
JUTEETE, LA RS AT PAT A A — SR = AR Y

F T30 = AR5 5 ) 197 ik N AL =4k
A A A ) g R A AR D) H e e Al AR
PN = HES R 2 M £ B 2~ 25 05 3, ik — 2P 4
(SRR RN E It 27/ LN § ey RrN bRt 2= A (R
B R 2 > T i A TG VA o AU R AT S A Y Pk
fi% o 4 Interpretation (Wang il Fang, 2020) . GenRe
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(Zhang %5 , 2018) 1 GSIR ( generalizable 3D shape
interpretation and reconstruction) (Wang Fl Fang,
2020) 5577 2% BRI 1 i A RS B REARTEAR , (H 5
SR BT 7t R I g i R e
5 7 o DRI oy 396 5i A P14 1) Jo 8 240 1 45

LYNEES

Interpretation

GenRe GSIR

FE R AR A ) 50 e 5¢ 2%, 2t — 20 4 v e
LER S IR R E DT 18] o BN Gan 55 N (2023) 2
HH ol 38 N RS I 46 SOM, % 3 #5642 1) S 56 1
PPRAREATIAL , RLARAT g A P BT AR A (BMEL, 77
il A PG ARREE — 20 TE A A B — 4254

5 T8 =R 2 o] i A A R L

Fig. 5 Reconstruction results comparison of universal 3D structure learning methods

3.7 AEEBFRIBANEZEYEERTENE
HIHME T R e AL = Y R
HEIT LA LG A7 W o ) SR = ) T R Uy ik
AT = A2 PR R B T 2, ot A i
FFAIE 27 S AR RO AL S48 A 201, HAT S PR RE AR

Beo R2EE T LA B ) L = 4E Y iR R
AT R BT R AL R AT o AR TV T THT
I PR e, 3R AR 0 2 A R 9 1R
THLAE IR AR SR AW I, A B — P58 8 A
o7 > B IA] = e A ORI B R T

R2 AEEFIBRNBE-S#NEERAELSSE

Table 2 Summary of supervised learning single view 3D object reconstruction methods
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 J7 ¥ A O U5 5 5 3D-R2N2 (Choy 4§, 2016) |
Pixel2Mesh (Wang %5 , 2018a) | AtlasNet ( Groueix 5% ,
2018) 1 IMNET (learning implicit fields for generative
shape modeling) (Chen F1 Zhang, 2019) 55 J5 7 B9 % 1
XF RS . T A R ) B R i
7 W A LA G 45 A B g D 90 25 R SRR SR
FIZE ey T AN 2 B 52 3 BRI AN T DL DR 4 PR 2R
T — T 1 g A A R A B SARIE AN AR
HHTALAA T AT DL DAY SR R A R A UL 5 53— 7 T A
T 48 340 JEUAS R L DX I8 1 7 A 90 2 TR, e 281l

S REAEAE G ] T3 I AR AT AR T 2% 17 Jm R 4t
Fii o P, AN AT L IS4 A P02 i A A W 2
~J B PE] = iy 1A B Dy v T i Y ) R AR, PR A
& R R 1 — 2R T

24 [ 3D-R2N2 (Choy %% , 2016) . Pix2Vox
(Pixel2Voxel) (Xie 4 , 2019) F1 Umiformer (Unified
Transformer) (Zhu 5 , 2023 ) %5 J7 i @l & S [R1 9L A 1)
B PR o 5 AT LA TR A A AT L DX A
RE , {H &R 53 R DX R4S RT3 9K T MBS & o 1T Wang
S5 N (2024) 42t — Fh B AL I = 4 W) 1R B A 7
Slice3D, M % AR P F5000 AN [8] 7 fw) 9 4 14 170 1 [
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Table 3 Quantitative comparison results of single view 3D reconstruction methods with supervised learning

ik e/ S P ERRE O XFPHOTEE XFEesh S LR

Tatar‘(’gg’m%}\ ShapeNet-all IoU 1 3D-R2N2 0.560 0.596
Sun % A (2018b) 4 categories <Car’s("}l:aa;:1\ﬁ’le and guitar) of ToU 1 3D-R2N2 0.235 0.298
FAEAF A (2020) ShapeNet Core ToU 1 Pixel2Mesh 0.473 0.594

ChenE A(2019) > categories (Pl:;:pi;re?}éf;mﬂe Table) of LFD | AtlasNet 3804 3 541.4

FAESE A (2020) ShapeNet Core ToU T 3D-R2N2 0.597 6 0.668 9
Hsu % A (2020) ShapeNet ToU 1 3D-R2N2 0.560 0.677
AR S A (2021) ShapeNet ToU 1 3D-R2N2 0.560 0.618

Zhao % \.(2021) Deep Fashion3D CD | /P2S|  Pixel2Mesh  4.266/533  0.621/0.839

k54 A (2021) ShapeNet CD | AtlasNet 0.134 0.107
Yang 55 A (2021b) ShapeNet IoU 1 3D-R2N2 0.560 0.729
KHIEHA(2021) ShapeNet loU 1 3D-R2N2 0.493 0.593
Li Fl Kuang(2021) ShapeNet IoU 1 3D-R2N2 0.560 0.654
HaE A (2022) ShapeNet Core ToU 1 3D-R2N2 0.560 0.687
Jin 5 A (2022) Shape-CornerNet ToU 1 IMNET 0.527 0.541
PRI A (2023) 4 "ateg"riess(hljzzgiaéiiair Sofa) of cp | 3D-R2N2 0.484 0.462
J BB (2023) ShapeNet ToU 1 3D-R2N2 0.560 0.664

T TR MR | 73R (EB N .

& Slice3D FE T 4 Hif #4527 > Wy M e 4
DB AR R R B FEIR T e R ] =
AN T UL DX SR AE B MEBE , A i DR AN AT L DX G A
AR L T RTRERY RIS DT 1]

4 THREFIENE=4£UIEFER

4.1 ETERXTENHENBAE=HMEERE

B O e Gt 0 ) i AR AN AT 5 18] B, Loper 55 A
(2014) 1T T — Bl 3 LU 9 AT 87 4 75 ¥ OpenDR
(open differentiable renderer) , {# F &5 41 (& 09 6
AT AU DR A5 2R B R AR R A B, AR A 52 B
A TYERBR IR = 4EAR . BRAR ALY AT R
ey S T AL A = Y R i A, {E A TR e
[ i RE A (] i RS — MR . PR, Lin 55 A
(2019) BB 20 1F ] i G A Y S 18] =
Y )R )7 7 SoftRas (soft rasterizer) . % 4t 6 Yt

IR 1R FR BB O AR A AL B
JE o 1M SoftRas 77 ¥ 1 i #5870 A1 A5 HL I 5 5 R AL
B R R T =40 IR0 B AL B R
LR, DT S5 R B~ 34 940 W) s Qe OR35S 1)
R = eI R PERE

I3 OpenDR | SoftRas &5 A {73 1 G4 1Y 75 ¥ 1
W =4EI IR F T A WAE KRR = AR
HAL AR FER R 8 . Niemeyer 25 A (2020) 42 H
T =M RATERMBR R A uE k. 5 F
WIT AT EWIIR R = RS FRs 9T AR L 1% 07
2 BN [R5 2 ) R R R AN TR SR s
TR R AR R A u BB =42 6], IR U AR
HILJEL 303X — B SR 2 b DA S 204 F500 o 4R
R IRJE N A S SR IR A B A B S
o0 245 75 3] — Ak v g 5 Al P i e R A R 1) A%
AT B — A ES W = HE AR R U AL SE T
5 B T A S Y AR
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TR RS R A I R AT DR = R S A
B P I — > EEZOERNIPE A . Zubic Al Liv(2021)
Sl T — R T =4k S R R LA B B A = HE)
WHE AT ek A SR R, B w046 Y — 4k
RaMUmEE R RS BRiE Yl AR %07k
i FH 35 T A2 56T W 4% (generative adversarial net-
work , GAN) P SUH LS ARAR 5 B KIS B, oA T
8 R AR A A A B rh G s X = R 45K 1927 > %07
VEAE R0 0 B LA R I BR A b BT A R A PR R
DA P50 Y = 4 i = 29 2] &, AT 328 iy B 1Y
PERE.

BTy Yo A el A4 5 1% 2 T R Y I B R
= Ay i i gt 75 5, B8 T TR A R R
2 =YK LAl . SoftRas J7 VA 7E B AT R
WAS 17 54 W 2 ) U7 EE Pixel2Mesh A YRR
117 FLRE SR B2 52 B A5 Ry R 2y 548 o F Y iy ik
A R B R R R, TS BR NH  S AEAE W
i 25 75 s TR Bk SO, PR, 8 F A B A 4
o TR AT R SR, R ik — 2P $R T o
U ANZACRE I B TS5 10 HAT—LERF5E T
fE (Wang 45,2023 ; Liu 55, 2024) 5] A £ i Bt #H #K
W&, B 5 A F SAM (segment anything model ) T i)l 2k
A (Kirillov 2 , 2023 ) 45 5 AT 56 4R 2 2 4t A 20
Oy R D E A HARXT R =GR 54
4.2 ETZHMEEBREINAQE=4ENEER

TEHETVE Qe BECE BT VR, = YR 4l 1 We B
FRMEUR TR S BEE R AR WA, METZ
PR3 58 27 ) B 7 vk LI 2R 7 v A T T — X 42
AR AN [ A A7 a0 27 > = TR, W] DAAE — i AR B |
Y A D T AR R . Tulsiani 55
A (2022) 5IAAS R IR A9 AT RO 2 —ZerE , AT 2
o AR S MR P AR E M . SR TTZ T R AE
o At g A AN T A SR A H A R 1 22 i 1]
B IEARE N TR R g 55

Ho 55 A\ (2021) #2 1 — 7 Z2 4L 18] 27 >J 1 ik
Ti o AENGRB B, ] — X 5 22 40 P BBl 4 2
> B i A R T W B e A A T R Y B
e BRI SR R L 30 R T N S B %
DR oK A [R50 i PGk I 2k B 1] = ZE )
PR A 2%, 70 ] o vE G HE SR T A R R AR
FE A b, — 7 TR 2o 155 AR A )RR Y
BRZE 5 IS G i ] = 4 A N o — T

T 51 A B2 BRGS0 5 T i B A
ikt

1EZ LA ) Bl |, Yao 55 A (2020) 48 1
T —Fp AT A5 WAL I S ) SRR P — 2 Ak
L5, A A T I B O A PR i S PR
DATS0E I 1Y =BT, 10— 20 AR 1 I 2R 1
BRI R S T A GO TR Ik
T P R S T 5 9K X % T AR [ i ] A 7 0
PRAETIN L)L 6 Y /A 1) = 4R S5 15 B R I
AR I AL P AT LA R B AR 10 4 R oy = i %
P45 8, 38 2o PR P R 0 8 5 s — B8, Tt et
IO P9 J A P O 5 O 15 i 0 A A = AR

R Uy i i TR — W A B AN T N 2 i
Duggal Fll Pathak (2022) M\ [7] — 2 G| %t G AN [R] 4L £ A2
& —HER A Bk, 3R T — R T R MR AR
I, B 4IRS 4R R 1 % R )
IR o 7 BT LSTM 119 F] il e
P4 MR AZ T 190 25 VR T IR AL ol i R B 58 2
X T A PRG0N B P e P # DERS T [ 2%
2] TR AR I8 SR = 2 A bR R
e, SRIE AT AT R Gl AT AR A AR5 He 33
WX 7 ) 7 G 15 5 L F SDF (signed distance func-
tion) Y BRI = AETAR KR o d5cJ (R 17 1407 4 1]
& RGB 5 2 A =4 AR (1 56 B 40 2R LAk , AARAS [+]
— AN R S R Az A i AR RE

R TR S ) — WA S A A TR A PR S
Y5, 2 ) SN XS R Z A S5 RE ), iE— 204
SR JC IR = AERR A S B . (HAESC PR T
s, R AR 6] — W RS ) KA 2200 f R A A
FEAERR o PRI, B3 o I [) — % G B A i 14) 22
PLEE B IG5 7 1, e ik — 20 40 R ik T 22 A I g
52 D5 B G i ZEWESE 5 17 o Chen 55 A
(2024 ) $i 1 — b 5T 25 o 12 1040 1) A i ) P
Wk = 4 T )7 % Recon3D. 55 FHIE e A1 I 24
% (Yao %5 ,2020) Rl , Recon3D AN % 1F 1 5 1
TET 08 T % 45080 1 2 R FH Zero 1-to-3 (Liu %, 2023b)
A U R 58 R ) E R AT AL IR A2 IRUBE /T . Recon3D
{ifi JH] Zero 1-to-3 T 5 1F [ 40 146 J58 — S0 75 1T 40
P, i/ 22 A0 AR B0 A S 5 SR fet P L T L &1 5 7
W% 3 17 AL &1 78 S NeRF (neural radiance fields for
view synthesis ) {5 4%, 351 A i 2 T8 LA pl s AR E AR
Pl — i J U 454 5 401 808
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4.3 ETFREMEMHINGHRNE=4YEEE

BT 2RISR 2 1 )5 A B s
THT 1 2240 5 A PR P A A X 0 4%
R N AR [ 2 2] A T A 25 A 1 SR T T A7 07
% . Kato fll Harada(2019) $& H T —Fh 3T HAL & xF
Uil Zr i gy vk, N Sk s AR A5 AN [R) 0 A 1 — 4
TR, SR J5 (i FH A SR8 SR A T e 2 500 25, i e
PRAIE B S AL I B A R A SRtk b i — 25 3R T4
TR IR A X I8, = A4 by B 0 S B

3Ry g TN 2 20K BRI 2 R
SRS E BRI ARG BB ROk, i i —
A i TS A W 2% X B ) T A AR . T Zhou S A
(2020a) $ H —F A FH BRI UG 2 > AR TR0 A 45
ARG = A 75 IR E R — X R 20
FIBE BRI . B e 25— Pa LA B AR
2 ) = Y RORE S AR AN 2B, -4 L % 2 BEHLAT £
Ph s SR J5 K Ph AL 119 — 24 X % T R RN 2B JE 2% 1] 49
AL Pa, TE e SR P B0 43 O OURSR IX 3Ry 3 2
PR B ERE L 5 I T A A S5 F S0 5 B
T S A T 4 AR AR N T I £ GAN KR T e [ %
U MRS WESHE WG EPOE N il || EZ/ BT E L TN
BRUG I = HETEAR . 205 A T B X B sl AT A
FARVAIARAS , S 1 A feft FH SRR iz A B AT 58 it
NI = 4 AT 55

5 BEAL A A AS TR A1 2 21 T AR, Br v A0
25 ) TR 2 2 AL XTI 2507 20, TR RE 2
A A FH B PR 2 ) A A AR s BT AT %
Rebain 8 A (2022)#2& H T —FpSL T hp 4@ 31 7 19 4
J X = HEAR R ) 22 > J5 15 LOLNeRF (learn from one
look) o 3T 58 51 S Y = 4 T 1 7 vk 5 0 HER
fifekl , HAESCAFEAE Y 2 A L. Nerfies (Park
4 ,2021) TR AR I kTR R 2 M AT
T, 1M LOLNeRF J7 7430 1 45 A A B0 T I 26 14 7
i/ NS o = O SR R A N N b et LT
AR B AR T SRS B R R RIS A, LA
X B IR 7Y, 76 37 00 L R R BB Ak 155 7 T
15 RAFRCR

FE T B BTN R %) 7 vk A A BR G S ai
e D B X — LIRS DX I ) A
SRR T IC W B A P = 2 R R A A AT IR T
P T RIS . A VA R A BUEME AR
PR S 0 4 7 2K, el T ] — e A [ A

FRAAS , (E A0 65 (41 RE SZ I 2R Bidie i) Z2 A 1 BRI
Bl & AR E R X SRR, T AR A2 A
) 2L PN 5 i) 5 AT 42 T A= it AR AN [
WL 5 B 5 T L5237 SR AR RO X R EA IR,
PR 1 S50 88 AN ZRRCR , S BOR R IR 1y 27 2] 2k
JRBCR T R

PRI , VI 2R B8 22 VAN T2 2 24 A N 0 1Y)
257512 T M P S ORI R A DR A T BT 3] 4 Kiim
I Chun (2023 ) #2 t —Ff i 2 27 ~] H #7535 DATID-
3D (diversity-preserved domain adaptation using text-
to-image diffusion for 3d generative model) , i i SCAS
15 = AL T AR E 3 0 7 = AN A
RUS R DL S 0 e #E Tt o
4.4 ETEGBUIBBFINREAEZ4ME
HE

YRR B SCHOE B AE AU A R
G T =i Em A e R R . K, A
T B AR R AE RS 2= 2 0 Jr 2, 9 40 DIB-R
(interpolation—based differentiable renderer) (Chen %,
2020b) A L 1T R 28 A5 B 73531 2 AT AR DG BRI
PRAEAE R, DAHEBR T 00 v BV R

DIB-R J5 AR AL A 15 B, i 52 37 5 B 1
TEBA WAMARE X BRI T DIB-R B HVEF . Mon-
nier 45 N (2022) $ i 1 —Ffi 3 T /] — 2 51 A8 [7] 52
J 46 R B SR = e R d vk o 7E R mT i
IIEGRESR T kAR (B A AR L 2D
AR B ASAN SFAAY  Hrh o) 15 SRR AL X
SAECTRTE R . 27 > WL A 225 TR = ZETE IR
5 Y HTL A R G o AL . Hu 558N (2021)
P T 9 M AR R R TR AR A T
2] A B YE G A R AL B R TR S BBORT TS
e RG24 Jm M LA 27 > Ja A 4 i) — 2ok, ik —
PET A B B e 4R REe ). ANET
IR AR A A 2 el D7 1], Dundar 55 A (2023)
&t — b B BOE AR SO 7 > 0 SR R =229
AT S 1 BOEATIE R T 5 2 B Btk AT
grie ) 1 A fe ORUE T IR 5 S — EorE
o

5 RPN TR] , Sl 45 E T SR 5T X
Al #%3), Aygiin Fll Mac Aodha(2024) # ) — i i 2 )
R B P R = 4 T 5 1 SAOR . 07 V6 1 S Tl
NPy (A LRI AR L 985 445 L0 50 RO [] P 2 R A
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XA LR PEEAT 2 A 2 S AUAL , FE LAl L
— ) GO S ERS . AP TR SRR 2 X ek
HAETERE, FIA T B I B9 5T X HUE A — Bk
Wk o

SIBUROPIZ /NN B I E LR R (T i e N ESE
IR AR 7 > 7 14 i 1 3 T R eRE SR 5 v
ARSI . (H LR T IR IR B R 2 7 5 R
Rk ) Wl PR A0 & 6 Bz, Bl I b A 5%

YGRS IR R, RS IR E T IR
PP EIEAR (Wu 85 ,2023a) o B, e i 314 3L
U AR AT 1, R — R T R AR Y
YT . 40 Huang %6 A (2023) $2 4 T —Fp e il
] = 4 Wy (R 175 1 ShapeClipper , 7590 42854k
(LA L, I 2 G A L AT 24 SR AR X6 1o, 1R £
DI = eI AR 5, B w5 o7 ) 4 Ry JE R 454
Ja i JLART 405 1 g T o

K6 FAIMORE](WuE,2023a; Aygiin Fl Mac Aodha,2024)
Fig. 6 Examples of failed reconstruction result(Wu et al. ,2023a; Aygiin and Mac Aodha,2024)

4.5 EFEBMIARUNENE=Z4YEERE
ik

SYEIRAR S B0 R RE S AR L T 2 G IR (S
B, DL R R R AT X 2 A PR . 640 Mei
SN (2022) $2 H T —Fh L TR Y Ay Tk A
W AR T T e ERAT: 5 A B8 I AT 5 B B VI 45 L 7
o E AR AE DR RS RE . (RO AT
B ) GRS RY B0 T B AR T A, HL
X T4 R0 AR AR G2 1) F A A R A

Yao %5 AN (202148 H T —Fp 3T =R 3ot
W B 2 3T i SR P = e R vk . el
FHMBRAR AT (A R O A4 55 LRl R AR B0l 25, LA
AR ARILTCRFAE (924 > 5 68 11 s SR E I 2 —
A B R EE A I 4%, B U A BRI AL B R R
I, A PRI G5 AR F A5 25K 52 L0 % 07 = 2 TR IR
TG 5 B J 2 50 B T R Y G B 6 1 R, T A
A TE g i AR R B L RO . 1
R T EIN S R RR A S AR AT LA
WA B85 (E S iE— 2P 5 mEIR Ry . il
W 58 N (2023b) £ T — B TN I AR X R
JE IS HIR Y PR B = A R T . AR
B B e Sk & G BRSEAETE BEALI AR KT R, B
B2 2E I RIXT BRI PRI . IR R A e
X IO AR UR B I ST SRR B A R 2 S T M R

AR TR AR A B D A B A SER AT,
HE— AR T T =R F#T RE ). (R S ET ik
T 2 SE 30 AR S L AR R 22 THRMERT . BRI IR I
JCECARAE T =4I IR , (H A X7 55 T A 2544 , 51l
B EBRFIALI IR R, it s IR PS5 0
IR 2 W) SR, S i — 2 AR T i 7 A PR R Y B
B . 10 Nie 55 A (2023b) $ H—Fhai =) =4
TR SE56 43 A AR 04 7 v , 3l ek o0 290 — 4k B b
o 0 AR T AR B A 2 SN R O =X, G2 A
1552 2 W 75 L) S E A et A T o X I 25 A
(2024) 48—ty TR B W 1 o 20 6 550 7 K DL
][] A B ¥ o %07 I 7E RGB MR W B iy 2 I
I 22 G VR (B W B AT RS AR T e e R 1Y
TR BORHERG 52
4.6 TUEBZIBAYE=ZHMEERTENG

T4 DG T PRI R S A = 4 R
AU BT B AL BT . 4R T Y
T DA S 0 (R T W B 2 ) O vk T AT Y Skt ) 4
JUZET5 16 e W L5 8 B | RHRRRAIE 27 2 DB AR
WE AL AT T . A 2807k I
IRAR A, X S T 2 W0 000 IR o] 45 ] R
SR AMEFE , BLAT HE— 20 50 36 0 Wi B 2 ) BRI —
YL e € SIS N DA
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Table 4 Summary of unsupervised learning single view 3D reconstruction methods
sl Pagpisyi s R
: A 450 % T 58 T e e 9 4 1 L B ) S :
sy TR RBURRRIE T R R R ) ST
FEZR SR
S ] A 3T 45 ot 4 By ok ok N
Tz RSB RE  or s T AR SR R

e RN EIDOE |

BT BRI A~ )

tfie s

BRI X I 25 T 5 A [ B A
TE R T

% 51 53 BV AR ARERAT AR AR
45

i FH L] 2 50 25 S5 56 R FEAT AR

TR IR I

/0 ] — X G2 A [ 9 A I R K v DN 2 A 2 R R
st IR ]

fe RIR S SO e ) AR TERE FEARFFHAE AL AL 1] 2
TE 2 B 2 o Ll oAb R = 4R S5

B

SER IR T I A TR 22

F 5 R TR OB o o ALK e R
H A % 5 ShapeNet 3D (Tulsiani 45 ,2022) |
NMR (Kato %5 , 2018) ., SoftRas (Liu %% , 2019) . DVR
(differentiable volumetric rendering) (Niemeyer 55 ,
2020) 3D Supervised (Hu % ,2021 ) il Cat3D ( category-
guided 3D) (Huang 55 , 2022b ) 45 J7 15 19 % 12 X HL 45
o SA MBS ALK = R E TR L,
IR T e A S L IR = e R By R R
Y S MBI 2, DRk o A e 1Y ] ek R
P AL o AE 25 T s 2 o] LI = e IR
oAy vk AR T O A AE LR . T A RR
B rad R v, iy A BUSARE B2 Bt 501 £ DX B

() R AT AR 1 W BT L 3 B 1 B B AR TR AR
) W S5F 2 o T i A PR KRN PR , — R b BRI T
HAVERE R — PRI, MR E A iU R Zero 1-
to-3 (Liu % , 2023b) . One-2-3-45 (Liu %5, 2024) fl
One-2-3-45++(Liu %, 2023a) % A& s R K J8 , 3
T AL B AT DA FRAE A A 2] A Jl U AT SO — B
Wik Z M MmEER . K, 5T 2000 EHR A il )
A = 24 o S i e B T RS A R ) R ) i 4t it
T Al RERIAESE 5 9] o Szymanowicz 55 A (2024 ) $2
— Fofr AL ] = 4 Wy R T 7 5 7 Splatter Image , 3 33
vy 30 0 S X S AN [ 400 AR T o A A = 4
BARF A

x5 ZUEBZIBRNBE=#MEERAEEENE
Table 5 Quantitative comparison results of single view 3D reconstruction methods with unsupervised learning
i Bl te W TRIR XL XT b4k S ZE IR
Tulsiani % A (2022) PASCAL VOC IoU 1 ShapeNet 3D (5 ¥ 8) 0.510 0.540
Chen % A (2020b) ShapeNet IoU 1 NMR(TC#EH) 0.570 0.612
Niemeyer %5 A (2020) ShapeNet CD | Pixel2Mesh (47 i) 0.210 0.239
Yao %5 A (2020) ShapeNet Core CcDh | Pixel2Mesh (7 578 ) 0.022 1 0.020 6
Hu % A (2021) ShapeNet IoU 1 3D Supervised (A W) 0.472 0.465
Yao % A (2021) ShapeNet ToU 1 SoftRas (JCYEE) 0.469 0.529
Monnier % A (2022) ShapeNet IoU 1 DVR(EME) 0.166 0.201
Duggal fil Pathak (2022 ) ShapeNet EMD | SoftRas (TG M4 ) 0.776 0.598
Huang %5 A (2023) Pix3D CcDh | Cat3D (W) 0.679 0.618

T T FOR MR, | 7 FOR BN I TR SRR B AT B LA 2R
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5 FREFIRNBE=ZHMIEEE

51 ETHMO=ZHRRRAUBRE=4HE
B

“ YR RE SR BERT iR =S R 5 R
(ERCHE b AR B B B A T TR )
AR ARMEAL I T5 15 | ] = 4RI AR 1 Kl AR
PR 4 RSB I 5 I 2, 384 5 — AT IR0
RSN ZAGRE T o 9140 Piao 5 A (2019) 2
kI A% R NES K YN AR e RPN X N W
O (8 = 4B AR i B I S i 2ty L, ECSEN
ik G ORI 8= YN 2 N R DN 1 EUNPS
2RI . TE40% LAT 19 =48 IR bR T K 4
MRS OCT 207 S8 T AR D7 i LR PERE , 3%
W /IVEEAS =SSR 2 PR 5 I R A 5

e g O AT LY SO R B0 B A P
D[] PAY L B 45 AT 3% 24 4 N I o A P E
I, Gao 25 N (2020) $i 5 — il 2h g A 24 s 0 G
HETTE o R KA AN () s 8 A A TR T A 1
19 — 4k AR , LA LR oy = 4T IRAR i 2 AT
AU G, Al AR I 2 ) DX A TR B By (5
(OB RIS NNTTE S SN R R I DN
i Hh R RE

RTT AT = AR R 4R R BRI S

i, T SE B W 2 ) o TS fdE F T o = 4RI AR
B WO 2, T8 B0 2R A 3 R A T A ]
Y i oy Hh— PP BRI E o ) D73 AN, Xing
AEN(2022) 2 Tl B HE AL ) AL ] = ZE )
A& B 5 3 SSP3D (semi-supervised single-view 3D
reconstruction via prototype shape priors) . 1 5¢, fdi
= A AAARE RGN G — DM 4 . SRS AE AR AR
VERCHE U 2 B B, £ FH 2800 0 26 A i Pl = 4EHE KA
VERGE o O AR T A ) = EIRR H —A J
RUTE R AT AR SE I i & o e, X AR 1 5L
i A2 LA = SR BEAT X BT I 25, LORIE AR A
SHEIAR G B

BETHR o> = HEIARAC A 1) B 1] = 2 ) 1 o
T3, —J5 W e o424 A = eI R B /Y B 15
B 5 — D ARG 7 2] e R OCHERE , B
AR S E . B B 4K
PGB AT IC M 2 > DT IR AR L, 2T Ok E
RE SO T —ERR TR . 72 = ZEbR 1 40 R vl
A, EEPERE T REITR Ik 6 s . I, it
INEEAR =R RN ZR AL T5 58, 2 i r kit — 2
FETHERERIIEAEDT ST 1) . HT AT = 4R A i
TAE(Roessle % ,2022 ; Chung %, 2024 ) , 7E/NMEA KL
e A Soh 5 ABREE BT 55 LIRS 4 S Y L
&5 k5 B, R EAT =4 ARANR B — Bt >
AL AR

Fz6 AREILLGI=4HRELIE IoU 3T bk (Xing %,2022)
Table 6 IoU comparison with different scales 3D annotated data (Xing et al. , 2022)

1%

PR LAl 1% B i e 5% PR LA 10% B LA 20%
Tk PRTE(3014) FRiE (1 5274%) FriE (3 0604+) bR (6 1254%)
PE14.(30 596 1) P14 (30 596 1) P14 (30 596 1) 1% (30 596 1)
Supervised (ICCV 19) 41.13 50.32 53.99 58.06
mean-Teacher (NeurIPS’ 17) 43.36( 1223 51.92( 1 1.60 55.93(11.94 58.88(10.82

mixMatch (NeurIPS’ 19)
FixMatch (NeurIPS’20)
SSP3D (Xing%F,2022)

( )
41.77 (1 0.64)
42.44(11.31)

)

46.99 (1 5.86

)
51.23(10.91)
51.89 (1 1.57)
55.23 (1 4.91)

)
52.62 (] 1.37)
55.79 (1 1.80)

)

58.98 (1 4.99

)
5743 (] 0.63)
59.63 (1 1.57)
61.64 (1 3.58)

R TR TR B IR g .« T A | A i Z R AN Supervised 77k 19 ToU 2 THFIIEAIG

52 ETEXSEEKAMUNBENE=Z4%ME

B2

D = AR 22 AR LA TR > 4B AR

AT R B ERE . T T 18 SO EUE S HR A
PR W AL IR = e IR E Al O ik, nl Ao T

HEZRZE &

S HIVE 552 T Y a5 A SCAF B o
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X g A JEB R = 4E TR 1 S8R B A MERE o Kohli 55
N (2020)#EH T —Fh ZHES R Y R LM 4 . oG
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Fig. 7 Examples of domain bias data( Yang et al. , 2021a)

((a) render objects; (b) real objects)
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Fig. 8 Smooth local shape and lack of detail challenge

5.4.2  IRyz Ak R IR = A R
Wz Ak v T P Sk B AR ) 5 e bR 2

PRI AN TR 9 37 5%, R TG RO 46 19 = 4E IR
IR, v 0 R VB 20 iz AR RE . il



$30%5 /FE 45 /2025 £4 B

1ot
I
a

, BRI, BEE, REE, £I%, RR
REZITEHEAE = HHEEEMRLERIE

M=,

Elich 4 A (2022) #2 T —F1 2T Deep SDF Bl 2k
R AT B ] o T AR AR T ik o T IE AR 1 B
{ ] = HE T AR K 52 I 2k Deep SDF F45 . 26 2 Bir
B s A @ 55 HAB B A ] il o0 GeAE e, fdi
FHTR B P 2 — e R AT B 20 Horp, B3I 2%
i 6% @ T AR I 5 W R I8 ol i S 1 — 4 25 ]
AR TR B A B, 52 B AT o T g o A Al vk Ak
etk

Alwala % A (2022) 2 T —Fl T A PR &
BRI & FNTCHR 26 B FL 52 PR A 5 B i 2 B B
WG . BT 1 BB, (T i 4R T
Az B ) — S0 1) 224 R P DL RORS B AR LS 2, BB
PLPTE G5 A 55 AT N SR ieAs — e st e S . R
JRTES 2 B B, R BLS PR B i A B I Rt
DUKLRE A 31490 A 45 E2E AT O I v e, fo P T 4 o e
9 XoF N A R FEAT IR0 , 5 > 18 FH 2850 Y = 4k
FEARIET IR o 5, B T A 28501 B8 TN A 2 i
WS — A8 — B B AR, S B 2l i) = A A
T LA A G 150 A 2K B = e (12
BT RN =4 A AR A TEA L L TR 2y
IR E ) = 4 A B

BEF = AR W 27 > W LADRAIE = 2 J 1Y) o
BV B o Ve ll[EZrE PR /L SIZ2 INLIE S SSIEAT
AR . XS IGIRLET, Lai 55 A (2024) $2 1 85
M HR % M 2% CCKTN (cross-category knowledge
transferring network ) , 75 IR 3| 5 25 Wl S 2% > 3 72
H, SIASEE IR A TG a5 5 = HELS R R,
MG A= A s gt AR FIZEAIEAR . Yang
SN (2023 )41 Hh —Ffrializ £ e B AL P = 2 A o
J7 ¥ GenMesh (generalization mesh) , 4 — 4 [&] 1% 2]
A AR W i R i AR R B =4S Y
WS, DL = 4 5 = B RS SR g e . b i =
IR YD1 pU R e i R DI (. I ¥ ci2 7
PRSI AR , DT S 1 X oA 288 5310 4 4 ) o s
Jro WA AERBBT R = BB, 5 IR R R A
SR A A ZRAN [R] 2531y A 1] 72 4 R LA P
DU SRS AT AL s 76 5 2 WS A B B, BT A 240
P A G 48 2 Ok M R T A i L ik 4R T AR A M Y
IENAL, P 2 T i U A TRl

BT BN AR AL A G2 A 75 s i W2k
ol B PR = 2 R R A R el ) O =X R T T
HER I = HES R A PERE , 52 BLIRMR W 1A B AR

JeAREE  (HT X A A LT 2548 iy 1A, Sz 1k Oy
AR HRE BURLRS IR, JorE i #2240, Wil 9
JiR o PRI, XA AR AT AR 5 A0 A At i e, I
TETE B AR RAESE I 10 o 51 41 Nam 55 A (2023 ) $2 i3
— =Y N 7 CycleAdapt, %57 B AME
2 X 4% HMRNet (human mesh reconstruction net-
work ) FITAAKIE AR 2= 1 ) 2% MDNet (human motion
denoising network ) 2l il . 5 [ iR I EIG 2] = 4E T2 AR
{14 3 ) iy — 4k B AR O g A NRTEAR
ZME R 2% MDNet, iy A T A 7R 75 19 AT AR R
O VKL KW AARTEAR i o = 4 3] = 28 1) Z2 )|
Grop IR AR ARZ A

¥
=

CTINESIES

CCKTN
E9 Iz R MRl (Lai 55 ,2024)

Fig. 9 Examples of failed domain generalization result
(Lai et al. , 2024)
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Table 7 Summary of semi-supervised learning single view 3D reconstruction methods
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Table 8 Reconstruction results of semi-supervised methods
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Xing 5% A (2022) 5% 0.5523 Pix2Vox(Xie%%,2019) 0.503 2
Yang % A (2023) 50% 0.8150 OccNet(Mescheder % ,2019) 0.653 1
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