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A survey of image-based few-shot 3D reconstruction
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Abstract: Few-shot 3D reconstruction is considered one of the classic applications of the third generation of artificial in-
telligence. In the area of computer graphics and computer vision, few-shot 3D reconstruction has attracted the attention of
many researchers during the past several decades because of its wide application scenarios and high research value. The
area has grown significantly in recent years after the introduction of deep learning methods. The state-of-the-art methods
in image-based few-shot 3D reconstruction were reviewed comprehensively and the series of works of our research group
were introduced. The various 3D data types were introduced, and their applicability and general processing procedures in
3D reconstruction were discussed. Furthermore, the most widely used datasets were categorized. Finally, some represent-
ative experimental results of common 3D reconstructions were presented, and potential future research directions were
proposed.
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(earth mover distance) , Y&JBE/INERGT . RFFPSEHI T B
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Y1577 A SRR RIE AR T, (WA ATIE Y
(I ALER, AN —E Re AR BT I R XA AR

6 JEIN T HISCHE K M FEE T IELE ShapeNet
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=1 EELRER (FRkB P2M')
CD EMD
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3D-R2N2  PSG N3MR AtlasNet P2M 3D-R2N2  PSG N3MR AtlasNet P2M
T 0.895 0.430  0.450 0.468 0.477 0.606 0.396 7.498 0.659 0.579
K3 1.891 0.629 2268 0.703 0.624 1.136 1.113 11.766 1.204 0.965
A At 0.735 0.439  2.555 0.433 0.381 2.520 2.986 17.062 2.503 2.563
R4 0.845 0333 2298 0.340 0.268 1.670 1.747 11.641 1.407 1.297
7 1.432 0.645  2.084 0.724 0.610 1.466 1.946 11.809 1.534 1.399
ToRA 1.707 0722 3.111 0.848 0.755 1.667 1.891 14.097 1.641 1.536
a1 4.009 1193 3.013 1.575 1.295 1.424 1.222 14.741 1.350 1314
B 1.507 0.756  3.343 0.812 0.739 2.732 3.490 16.720 3.108 2.951
#3Z 0.993 0423  2.641 0.461 0.453 0.688 0.397 11.889 0.735 0.667
WK 1.135 0549 3512 0.621 0.490 2.114 2.207 14.876 1.910 1.642
LR 1.116 0517 2383 0.577 0.498 1.641 2.121 12.842 1.673 1.480
FHL 1.137 0.438  4.366 0.443 0.421 0.912 1.019 17.649 0.868 0.724
il 1.215 0.633  2.154 0.839 0.670 0.935 0.945 11.425 0.907 0.814
T 1.432 0.593  2.629 0.680 0.591 1.501 1.652 13.386 1.500 1.380
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OccupancyNet P2M

AtlasNet

Bl6 s tkseghad 5

K, EAREWKE HEZRMARRITZAR, R+ F1 R+
. AtlasNet ff ] 25 ~/NJt (patch) 12 500 4™ 55
BTG, BRI R T2 ATy, (B4
SRAL S R Z A UL » OccupancyNet Jg&3X /40
B mEN L — . TUEH,
OccupancyNet A DA77 A2 B AT i 2 11 4015 1) = 4
Wk, I 6 Hh R ZER AL, (BB /R 2 ZEEY)
P — e/ NS 23, AR R . P2M AR B 4328
A RETITEAR . B A T A SIS R,
H2Y H bR JUATARABEH 74 (genus) 24 0 BIMIFE R
NS, P2M B A TR A AT, RS T
N0, w6 F NS,

2 ETLENAN=Z%H#AFEE

RN = e ERAE 51— D EETRBUES, =
YN ERAEZMN AR, e el
REAIRBESE . (HIZAE 555 =4V S 2 1) 8 BRI ol
A NSO L AHE, 45 SR T 5
TE, SRR, R s 2 R IGER
PRIACIR o B2t o PR AT S R 55 =4k ) L fiy 23]
) RO AR E Y, I RTRZ DA
RSN RA B R NBUEA R, ANMEZ
B G2 X TR AR PR A5 B HEAT B4, R8N
RE AR . BRI PSRE N AT, &

2] 3N ANUEFERIEE o B NS B )5,
B TALRE L RS 1 S5 PR R A 4 L RUR I
M, R SRS TA T AR5 B . W] LUK
M NS BRI 2 5] =4 N AR BB R —
NLIHR AT T RMAA 1 7]
2.1 DEHAR=4AFEZARY M)

Bt BRI = A o A, At — 2D A 2
R JUANESE bR i) R RIS AR, 9 e =4 N
B MRS DL DU N R 1]
211 =ZfAKREHRE

HMRPILL#5K RGB EUEAHINEER, 1T 595

MPGAER, ERRRIA AR E R NRRTR S
LEZHL BR T UMER AR 40 iliEBE R, &
BN T =R E A B A I, BRI T HACR.

HMD 3 5 N MG b B 1 — 4 B A
B X HMR A A i NS 3EAT AL o
HHRAMFAAAEA I HMR, 3827 =4
15 82 R B B G5 R S L A5 1) i

CMR (convolutional mesh regression ) # ResNet
PER UG R SIS, RN T —ANET EE A
LML IR T4 . TAERFEL SMPL S 405
RARIRTIE NAR IR, Rt B RS 25 W RS AR T Y
2%, WA NAREROTARASTE , I R0 ) M 45
5 R R AR A H AR AR IR . AE SRR
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H, CMR 7 T E e B ) A A At 45 1 EE
KIFFATE . HIEFH NS 2 LR
SMPL HAI I RRCAS, i th B IS 8

PIFuPS R HE T2, I5AI A T B bR BRI ks
SRR B e E AT 55 . PIFu FIH 2 2 IE0HL
RIEHEGARFAE, ) FH Be ek 50 7 TS 72 3R 1T Y Ik
SEAN, BRI 53— AR R BE T s A, B RGB
Ho AN, ZBR TP Z W AEEE . N TIER
BARNOR, 1R Ra R RAT 3Ly s,
G RPN NN E 5 NN G PR S =l =2 v
KIMSFRAE S, BT DU 5 10 N R D # A2 s S0
1. fESEt, FETRRNITIES FRFL AR
LRI E 8, RN a0y, i PIFu 24K
GUER A 2] SR NN 47y .

HMVE 5335 F SMPL S5k, ML

MANEEG, I g =4 B EBE R, 8t
T E g S RO HETA . R B R T s A
A HoAh IR i paMUM A i A R AR = 4 N
R EEEY R
ARSI T 24 =4 AR E 3 7 7E 45
R, w7 Prs. AE 7 ATLVE R, 3T SMPL £
HALER ) HMR 1 HMV &R 2 A A A
FIEHRTEAR: Ti2E T =Z4ERIHE ) HMD Al CMR
DA TS BE TN T B 5 0L FE T BE 4 PIFu Al
RFER RIS, BB 2 N TIRZE (artifact) .
AR S, %07 MAKIRE IS 4R S0 5T
212 WEEEEHFA
BARITHITHNCEE LT ER sk, %
DI B EHFREERAENHT B b SRR E.
33T Ceural pose transfer, NPT) 75 2]

HMD PIFu

K7 A=Y R ERT R R
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HHZ AL RE T

141
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SRS BB SR EP I 9 Fos, T AR,
EFER G T — D HE SR 2 5 34 W %
MR-Net™, ‘&%t HAR AL A5 A5 kA
SR A 2 R IEAT AN, BG4 Bt R . itk
Gb, FEEESEH T —F# B 268 X 3K (region of
interest, RoD) AR KK MR-Net. 7EFMEFR

G MHEHEEE Penn Action F1 BBC-Pose PL & —Mpi&
ﬁﬁﬁ%Mﬂ@H%lLﬁﬁTﬁQm%% SEGL,
R, SRR R LA G S A IR n)
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RERTREXIAM=ZFHEBRE TS AH
FIRRN G R, AR EH2E S B ARG LT AR Y

EhERRE AT SETI29145F
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Y NP ) BOR A D
A NA) DL S ) ) 4

(1) BETHEE o 7 RN ITE

BT EOR AN 2 BN R G
RN . BARCESRH T2 Z4EoRik, (B
TRIR BN A =GRS IR — A AR 1)
L, TR H I 7 FE M DY 4 N AR AR R
10 o, AEEHRE 1 — i BE 2 SRR DU 4ERS
G (FE— IR ESE_EARTEH) = 4R RO #EATAL G
N X RIVAR VIIRL SIS E SR, B4
AR oy #R AL — AMIRLE R B ) BN A T /ST
BRI, AEENG T — ML 7 (neural
ordinary differential equation, neural ODE) P25 ¥
WIEIRAS, I LA B s shgmb g S aD as A1 FH TR
v Ll AR S P 245 25 s o o B G A TR 1Y) = 44
o geAh, MEEEIRE T — M B 58 Zr5eng, LA
SR AT Rt ) IER R TR 283545 B o AR
IO, 12 IEAE VYR = 7 AR T B e e it
HIEE TR 2 2B JT 8%, FHES M 5 DU4E 50 %K)
f£55 EAYIRRRTE

XD 4R =4k

\ /
@7 @
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TR g PRz s\

Bl 10 B i R DY 4 A R 7 0

(2) HF SRR T7 %

HAD /<& 0 11 B, TR T —A
WIIHER, @ 2R SMPL SHeiiid gz
BER AL, T DA Rt 27 10 shds NRtEAT B
WA EFR. FEIRINFRTTEAN HAD, i

SMPL HITARFIWIAG LSS, VAR i ia sl M B
BRI, £ MR LIRS =4EA
o AR SR T — AN A B 2 s iR, DA
SRS ) RTEARIESh T, SRS B
G iy PR A S S AN LT T BEAT B MRS o A7
AL, AEFHEIINTHRZET IR HIC (gated
recurrent units, GRU) PUIZEH, DU ST 3R
FORAE T AHOCRIR R, 2 EAMUERE BA U
RIS SRS 2R LIRS NAR D5 T B DR, T
HI& T %50 5 U4 NS IAE S5, Rz sl H g
Bi. BRI RIZ BT .
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220 REBEHFEL
E R BE 27 S R Lok, A B IEARAE I HAL

Wt € S e Rt Y [ SR ESPS
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Hrp s 7 BA AR IE A S . o i =4k
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S HSR NRREER (S, RS EALR
BNTARK (N o HEfsRAEHEEE % B4
AR AR AR CPSERI T I ZREE . BRuEsE . IR,
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SESE R R . SR RS 2
LR BRMITBE AT . MPT 2 1 5 - 35 B e 1F 72

(Max Planck institute) , IMAR &% 5 JE WE} 24P
AR (institute of mathematics of the Romanian
academy), Technion & VAta%13 T.2%Ft (Israel in-
stitute of technology), IRL.UPC-CSIC & Vi3 [E 5
W2 LA NS TIE B Fifr (the institut de
roboticai informatica industrial of the Spanish national
research council and the technical university of catalo-
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AERLE Tt NG CHE T RN HIEE
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LSP-extended AL 10K 10K 10K K2 K2 NTF
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HumanEva-11 B 2 460 2 2 MPI/Af B K VA
Human3.6M s 3.6M 11/3/4 15 IMAR i
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