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Abstract: The inference of complete three-dimensional (3D) shape and semantic scene information from
partial observations is crucial for various applications, such as autonomous driving, robotic vision, and
metaverse ecosystem construction. Research on 3D completion has primarily focused on 3D-shape, 3D-

scene, and 3D-semantic scene completion. In this paper, we systematically summarize and analyze recent
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relevant studies concerning these 3D completion tasks. First, for 3D-shape completion, the research prog-
ress is reviewed from two aspects: traditional shape completion and deep learning-based shape completion.
Second, for 3D-scene completion, the research progress is reviewed from two aspects: the scene comple-
tion method based on model fitting and the scene completion method based on a generative approach. For
3D-semantic scene completion, the coupling characteristics between the two tasks of scene completion and
semantic segmentation are analyzed, and the research progress is reviewed from three aspects: the depth
map-based semantic scene completion method, the depth map-based semantic scene completion method
with color images, and the point cloud-based semantic scene completion method, according to the different

forms of input data. Finally, we analyze the current problems and future development trends of 3D comple-

tion tasks, aiming to provide a reference for related studies in this emerging field in 3D vision.

Key words: shape completion; scene completion; semantic scene completion; 3D vision
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Fig. 1 Research purpose oriented map
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Fig.2 Scene information observation perspective map
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JEE R T B A MLP JE IR b 42 51k R 3
ANEERVERE (B SRAEAEE LA R IR

(1) 5 T2 5 MLP 535 K 295 H] PointNet
B AR AIE 2 IR I i 3k A o R i ST 1Y) Ak B A A
S, 2 TR AR R A B LA G &R

(2) 877 Pk A1 T HOHL B4 1Y s = A2 R
PN g (NPOPIR NI = TRl s o N 5 @ I 4D
X S 25 (M) H FIN S R AT A O A o
3.2.2 AT ARG TR

& B 22 M 4% (Convolutional Neural Net-
work, CNN)"JE AR f 75 9 52 R R AT T B
KR, FAH G TAEW S & 1 058 & 4 AR =R
KFom 4R . MET AWML F B KE
ST TR R 1 K3k 07 2 ] s BE A 5
F CNN ZEATFEAE 42 ORI 2]

3D-EPN ™ fifi ] = 4 4 B2 20 nl 1Y 2 5 - it
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i 25 DO % 00000 358 4 A A ) 50 R R AR L (LR Bl o 43
PR ST A o B AR EON N, 45 B2 )l
Rl o TR PR o Xie S50 B HY 4% 5% 22 ) 2%
GRNet, 8 i3 #5 TC ¥ 14 2= 1 S F0 000 099 4% 1y o ] 3
7, SR JE A 3SDCNN A7 ¢ AiE 4 HRCFT o (8] £ 4
A2 W, B JE P AR R A% BT BRI R AL O SR R B
Koo Wb LB E T T 50 7 R R A (Cubic
Feature Sampling, CFA ) JZ >k $2& BUHI 4B 55 15 8 1
FRXFER . R T IEAAELT 24 8T
(DA R RS BRA T B 8GR E
5 (2) R E T ALE H TR B AR IR E e

Wang 55 "R I B TR R ) 2 RE S o b4
M4 VE-PCN. # T GRNet R H ¥ ik % S =
AR W A ORLRES 5 5, VE-PCN 3G 1 30 28 il %
(Edge Generator ) ¥ #b 4= X 42 ) w81 45 45 ¥4 5 B 7E
A FIE RS2 53 3 rh IF O B A 4 45 2R
o B R 1 LAY R 2 A A R A AR S G xT
I G RGBT LiudE ] 20 R4
] 5 1 4 B 45 MRAC-Net, SCH BT T — Fl
25y PEAR A ) 5k 4 R 4 1 4 (Anisotropic Con-
volutional Encoder, ACE) 42 B = 4 X % 1 7 &
FA JRy FRAE , DA 57 I 28 X i SO LA A5 B 1) 22
filRE 1o HLAb % W 28 B2 1 1 2 A 4 0 R 2
B 43 J2 it Hh AN [R) 43 38 00 SE B 25 0 o =, S
R/ =

RGBT BRI R AN 2Bk B R A
FERPERE E AN RAETEE AT R IR

(1) A7 43 3% 23 52 37 7 35 I, 30A 0 9 4%
FAKIH Ja BR T AH R I A9 43 B

(2)fff A4 2= 19 v (8] 3% 78 23 AN AT 3 0 1) -5 3
iy Zk
3.2.3 ATH® X

S AE R — B TE I B AR WL P A5 ) B A
Tk /LM CNN W H T A a2, An
RN EOE R AN SN e el 1 = e = N S s o
— PRI AT R B R AR 8 R R R TR
H B & M 4% (Graph Convolutional Network,
GCN) ™7 AR B T01 3 0] 1) 25 K 5 B . B B K
CNN(Dynamic Graph CNN, DGCNN) “"{ii Jf] —
B Al 4 09 1146 B (EdgeConv. ) £ 8 3 25 M 4l
IR AR IR % TAE R & T )5 283 T &
BB IE RS 4 Ao
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Litany % 4 3 F 7] A8 I8 1 T R 4b 42 07 vk
GCNet, HoAZ 0 238 i — A4 A7 B & AR 22 2 A
B 4 i %% (Variational Autoencoder, VAE) 32 >J
56 B LT IR I W A 25 (R 3ROR o AR L 0T
SE T TR AR 5 — A~ 2L 5] 19 2 25 T8 IR AH X Rz
AT BRI T S 2 S I R Y & M . Zhang
TR 3D H BRI I 45 PC-RGNNG At AT 7
A = A 2 Rl B = 4k B AR A AT 55, 1
TH T — A T n 2 R K4S (Attention
Based Multi-scale Graph Convolution, AMS-
GON) A5 e R 2 1% £ 22 18] F8 JLART O 2%, 14 95 X 17
FRAEM A2 38 o TE R = AR LB B, i ik iy 1 T
PF-Net (9 /8 # , & FH PPD A 1l £ Bir Bt (14 56 € 54
o, TE AN A S ARG DU K s R BRI R 4
Pan'™ 4 1 B AT B 45 B 100 2R IR 05 5 D A I 45
ECG. %M 4845 WA By B, 565 — B Be A i i
B4, AT AR AT A SRR AR 5 28 P B
K T 46 TR TR G Bt s R A% 1 2 U 30 2 R AIE
PIScBl )R d e M i di b o S 1 7E R AR £ B
SRR UART 4019, V25 0k — A0 4t i G ROV AE ST
J% (Edge-aware Feature Expansion, EFE) f& £t 3
Vi FORAE SRR . SEER A R R X T
B 285 2= B A O T RAT — i L

Shi 55 B — B L A K A1 ) A
] 5 A0 S R 5B M 2% GGD-Net, il
aob 1) A A8 O v AU B /s 3 0z 3 i B
AR Rk AR L 33X S HER LR A0 Ry AR AR Ok T A &
BL o #28 FFSCHR™ 3OS — ANl i i GON
G 3R R B AE TR R AL H =
A TAE, FEE N E SRR R R A
Cai %7 4 11 JC M B U5 & #b 42 7 18 LSLS-Net.,
AATTIN Ry A [m] S R B ) B 2R R o MR o
) T A S T G B, AR O SRR 5 A 0
TETE 25 (8] 1Y 5 — 4 05 EAT 48 0%, PH- 30 3 ik B 45 Xof
A 1 V5 A Gt B Ao B AN [ O Y L 3] 1 B ke
= il dy FEAAHE Z 4 EdgeConv 2, fif 14 4%
FE M Z)EMLP 4. 8%z et
B T 8B hr i A5 R B %007 BT 0 il A 2
TR ER FEAN A B SR 4 M R R R T

BE T BT A0 IR R 4 B 12 A I8 SRR AT 2 M
R RAFRYPERE AH AR TEE LU R R

(1) BT B AR A 4207 4k K 202 % Kl
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4B (K-nearest Neighbor, KNN ) 5. 1 % HUEE A~ 45 1)
n A B S AE B AR RS SRS R T IR U
PRAE SR A 2] 3K S0 i ROR o SR, 1 BRI 23 R
K HbL 5 e X 4 e . e Ak, KNN B VR X L =
1) %5 J3E 3 A AR BURR

(2) B T 1 0% 583 J2 AR X FE 2% B B] Y, 2 05
2 B R i HE S Y RIS T 22 i, N A T
FEH B & o PR R XS R = 1Y B 46 (Graph
Condensation )" AR I EHAFHE DT
3.2.4 ATAERME T

He BT BT M 2% (Generative Adversarial Net-
work, GAN)"“ G 7 ¥ R F T AH B e i) I 4%
HE 8 568 Jab A= R 75 R ) 0 A5 Y R AT e /N Ak R B
KA R 22 S AW 4 A B e AR e 1. M T
T By A BT A OB E 45 G GAN SR
56 BUB IR A 22 AT 55 o

Sarmad %574 HUKE H B 4 65 %% ( Autoencod-
er, AE) . GAN fl 5% 4k 2% > (Reinforcement
Learning, RL) M4 5 1) 5 = #h 2 4% RL-GAN-
Net, i af RLACHAL L GAN 19 % 75 28 2 A,
F A5 FH T YI Z5 fi B # X G AN B B 9 T 7E 4 R 4R
AE [ it RS R SE R M o R, Z B BO 2R AR
BT M E . BeAh T RL AR
il X DA B e A i R TR AR A . Wang 554
H I Al Ak #h 4 X 4% CRNet, 1 J7 2 5405 Hh kL 21
Y A BRI o FESS 1 B BEOR H PCN 9 R AIE 2
WOy 208 4 i 4 2 R URLRS S = L TR SR 2 B B
I G A 36 A Al Ak I 2% A B o BE R A
T HR T A B 2 0 L SO R T B )
#% (Patch Discriminator) 3k £ UF &5 /> X 38 # 2
SEHY o AR IZ T I A S B R e e R
SR B TE A 4 55 AL 10 5 B 1 (H [R] B AR T2
WA Z5 R B Z M. AN T M B %
Pk 5 F B WS = AN 51 5341

Hu %506 15 2 10 %0 4 ) 380U 16 o0 TR 3 D
AR 38 bR Rz DT G R A TE AR 8 A 2
B I AT B I i kb 4 (AR — 4R R
P TR &b 42 5 AN Sk S i i 2 A1) BT A LT 1Y
15 Bk B B — L kb 4 o ek, o TR
TR JE PRI #h 4 1Y) 38 L, SR R B L) 331 g % b 4>
25 SR B SE 5 o W TE e a5 SR AT EARCH BT . R
WM, 3% 07 15 e 2 560 A = A B3 W Bl i T g Y
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HREFEEENER . Xie F R H 5T KA
A B RIR T TE G 1 85 2 b 42 R 2% SpareNet, %
SV 3 ) R AE 4 I L = 28 R4 =4 D5 TH
AT TR o B X RRAE S G A3, 51 G B R
71 89 1 % B (Channel-attentive EdgeConv, CA-
EdgeConv) 5 Je ok 14 5 3 2= (19 Jay 8RR A £ B he
J1o BEXF R R AR A3l ek 2 2T B RRIEAE
XS (Style Code) K4t mifr & A= ligE Ty o T
— AR BB R, BN T AT X BT Y g ok 42
TR =P8 E 5 . %5 5 7E ShapeNet-part #il
KIT TIEUE S EXRI R

Ween S5V HE X ] 1 56 04 TC B S = A 4
™ 4% CycledCompletion, 5 3 A /) JC W& JE AR 4b
ST AN TR 2 A S B R
2 B 58 B R W T )RR OC B T2 B[R] s 2
JE T[] A0 ] B RN OC R . AR B R A
MR A RBERRMAR A . WEERR
FE X B ER — A58 38 05 = B FRAE [ 4, AR 4l X 4>
FEAE ) BRI A S S A5 . SR, L) A B
Do 2 5 L Bl AR, S NI R R AR T R R
PRIk o Zhang 554 H TC WEB B IR BT AR 42 1 45
Shapelnversion, B K ¥ GAN 1% it & (GAN In-
version) 5| A B = 4255 . JE L GAN
We s e KRB E R, SCH R I T k-
mask 1B 16 p& BOR A LR 58 B i s B AL S5 A
SN I BR B R  o FHT GAN $2 43t 19 S 55
iR, Shapelnversion 7£ 2 > 5 4l 4 [ # B B L =
M5 R LBl TR A I . AR,
J7 V5 5 BN B R A R AL R AR T G AE S
B o ™ By i& FH vk .

A B T A BN B B T AR Rb 4 B R AR AR OC
BimE LW RARY ,BEMARFEEUT
PR -

(1) BARA I T B I 2% GAN A= i 58 % o5
=W A TR TE =S Al R Bl 2R GAN 23 A X)
K5 o A, U2k GAN 77 235 B g A 34, A ot
FLN 2 i 72 780 o AN AR E Pk

(2)7E T B IR AR A 2 0y i, — S0 TR
B B AR A M B TN 2 AR R TR 3 25 KRR BRI AR
AR SEBRAE O 3 A o
3.2.5 & F Transformer # 7 %

T W 4F | Transformer ™' 76 H $X 18 5 AL #L i1
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AL B RN A FR AT S BUAS T B R,
THEFRF W TIZ O . SRR A Transformer £5 Y
F AL g i A AR RS A% I R RS A £ 2
% 3k 7 & 71 (Multi-head Self-attention, MSA ) #5
Yo FORT B oM 2 W %% (Feed-forward Network,
FEN) 21 B ; 1 fiff A 25 00 P9 B0 245 48 5 G ) e 2400
FE MSA BB FEN A B 2 8] A4l A T — 4
& X B 71 (Cross-attention, CA) i, Z i3
%, Zhao ZV R Y Point transformer fE 2R, 76 5
3 R RNE o EE 55 LR B TS i Y B S kK
o JLF R — B A, Guo ZF 4 T Point cloud
transformer B 4% , 7€ s = 43 28 1% ) o Ak 1F G
Mo EE S BRI R

Yu %" o Transformer W JH 2] 5 = 4h 4
FE55 B Point Tro % 5K KT 8o Rom - —
2 A AL E A B TC T AL, VT AL 4y
— Z ) AR, IR LT 1) Transformer 2
Td - figf A 4% A= Bk 2R 35 43 14 5 AR B (Point Proxy) o
e, T A R ARG A T S 24 AR Bl Al by
FE B 55 2 o RN, Transformer #5781 i — Wy
TR R WA N AF 5 . Zhang %
P B A 28401 Transformer () 5 2 #h 4 HE 42
SDTNet, 1% J7 1% 84 116 thHLE) 240 (9 28 iU o %
FERR T BB A5 2R 5 = Z TR B A G
AR W s = gl o s, b sl AT — R
Pk £ M B S LI (Selective Attention Mecha-
nism, SAM) , 7£ & 2 [ AKX Transformer id 12 & &
F14) ] EF 717 AN 52 ) R 4 D) 246 1 6

JUE 3 F Transformer A9 JE IR #h 4 J5 7 78 41
KB LRI ARG VLT R

(1) Transformer By — B 11 5 1 Fl N 77 &2 4%
JEE A Rl BIR ) T B Y AT P

(2) i F Transformer i 15 52 24 & S W&
T S g i R A 3k feft O DL A R
(83 RTRE VA

(3) Transformer X J& IR #b 42 1Y 14 5 75 2 00
Z (I SR s VR o B Al
3.2.6 Htiik

Pan 4541 A8 43 06 7 = A 22 M 2 VRC-
Net, ‘& 1 MR E LT W 26 1 OC 2 38 5 7 ) 4% 2%
BT A . FESE 1M B, 8 o 5 B AR 5| S 4h 4
T2 ) A R BE 58 3% 05 2, S 30 1R 2 IR Y
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k53 A BRE R S B sh o 7E565 2 B B, 38 i
PiR IV EA NG MERED=WIR 8- L P U RS
AR B ERF T A s A A i Re

Zhang A" LB S 0 B S S s kb &
W2 VIPCo A AT BUAT B9 550 LR B 20 11 =
VE Rt A 8 1 DA i A B T v 4 4 ik
KA RmEEERBERNLG S WA, R
51 A Bl 25 #% T #% (Dynamic Offset Predictor,
DOP) 1 2 43 %5 #H 7R % (Differential Refinement
Strategy , DRS) XJ Ik 57 &2 3 17 4E 45 4, % & o
it H AT B ORS 5, JF 72 T 42 Hh Y ShapeNet-
VIiPC 84l 5 b HUS T by ny 45

Park 557 & H 3 F 2% 2 19 T B OB AR #b
253 DeepSDF o %77 15 M H % 4L SDF /L i 1R
K —FE % B 0 = PR R R T8, AR A R 47 1

SRR 75 B0 D172 W K WA , 7 52
TEEAR £ 1 T 46 14 6 B
3.3 BHTSMG

S BT R RS = AR 207k O AR 48
2.7 3R 4 56 53 J7 b X HE 4 R 194
FAILE

(DA TR 19 AR AR A TAR
R RS A LA R ) 50 R R
A ) AR BRI . I IE T A R
VREHE S 2T R A ST R 4 4 B P 2

(2) 2 109 Bk A o P T M T AR
FLRE 06 ST U 91, AP B S - i
T O A5, 50 B AL 35 AR
S 05 T LI 0 40 AR, BORAZ AL B
HAF AE BRI U T 2 ][RR % 1 4 205 £

®2 ETREZFINZLEERIEETEFTEXLE

Tab.2 Comparison of the main methods of 3D shape completion based on deep learning

, . . . A z=m
3DJE AN 42 REMETT 5 i 3k Ko Jay B4 g e
PEN R AN TF R A, REAE 9 i - % 227020, 407 ShapeNet-Part(point
PR R T R cloud) \KITTI
TopNet™ FIARIIE A0 &5 HEAT 0 = A B A E B Rk 2 ShapeNet-Part %
S 1 T0 4% %5 1] (point cloud)
ppaege | IABOPERGE MG T, (B ShapeNet-Par .
g, iz iz A (point cloud)
LAKe-Net!™ S EAE XS R G B A A i R 3k U1 A A AT B 2 ol AR B2 ShapeNet-Part o
M,z iz ek (point cloud)
3D-EPN'™" G3HER AN PR AR OG IR R R IR B = 4 4L ShapeNet-Part %
i (mesh)
GRNet™ FIABRIE N R B RS, S AR BEA W ShapeNet-Part(point "
I biigy R EEPSIPRER cloud) \KITTI
VE.PCN™ I w0 2 85K 5 B A BB R AN 2243 3, 11 ShapeNet-Part(point "
x cloud) \KITTI
MRAC-Net™ I 1] 5 e A B 4 45 1) 1) 42 B4 Jmy RS AE L) T ShapeNet-Part "
fE R K (point cloud)
RSN FIA A A B AL 23 [ 8 2 B i = o T 78 23 (] % . .
GCNet . DFAUST .MHAD =
N Bz Iz At
oz SIAETER I 22 R UG B B B = A .
PC-RGNN —a KITTI s
TH s) . L o ShapeNet-Part
GGDNet FIAB G 2B A 5 2 b AT 55 e = 12 e i
(mesh) KITTI
LSLS-Net™ FIAA R R 5 = I 5 S G i i WA ML) Bk = 40 ShapeNet-Part(point =

T DS

loud) .KITTI
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Tab.2 Comparison of the main methods of 3D shape completion based on deep learning
P
3D B AR AN 4 M TT 1% i 3d B Jey BR A VAL K 46 i
ik
. I A AE .RL M GAN Z B B UM, #h 42 4 15 A ShapeNet-Part
RL-GAN-Net "™ . JE
2 (point cloud)
(78 T LI 20 Ak 5w A HH ) F 4R T R A ShapeNet-Part
CRNet ™ o . 2
BT, sk =iz A (point cloud)
He T WO Cveled, FUAXE G5 1 TE M B R #h 2550k, I ZRid ShapeNet-Part(point .
“ycled. S
’ FR S B At cloud) KITTI
. o ShapeNet-Part(point
L K GANGEBU S A SR A BN A
Shapelnve. N - cloud) .KITTI.Matter- &
IR, ke = 7 Atk
port3D
N 1A Transformer #4760 B # i , 1T 1 K & ShapeNet-Part
PointTr'* o . I
B bt (point cloud)
T Transformer . )
SDTNet™ SIAH 424075 Transformer, # 1% M F 404 ShapeNet-Part(point
Net™
SR, Bk = iz A cloud) KITTI
VRCNet™ FIAMEAS BRI OC R IG DR T 2%, 415 4= e ShapeNet-Part(point
>-Ne
JIRTE Bz iz Akt cloud) .KITTI.,ScanNet
R CIWN NN QLR EPSR il e e _
HoAl ViPC*™ o ShapeNet-ViPC ps
Ak
. G LA 5 B R R R R AR T IR R ShapeNet-Part
DeepSDF™ . . JA
FHE T BT 12 (mesh)
%3 Completion3DHFEE LB L FEHNEELER
Tab.3 Quantitative results of partial methods on the Completion3D dataset
ot REEE WL E KE BT AR D& RT WM THE
PCNM 2 9.79 22.70 12.43 25.41 22.72 20. 26 20. 27 11.73 18.16
TopNet*" b= 9.29 18.79 11.57 18. 44 14. 69 18.63 13.45 8.65 14.19
ECG™ & 4.99 15.09 8.95 12.86 10. 65 12.90 10.03 6.08 10. 19
MSN' JE 4.91 13.04 10. 87 10. 62 11.75 11.90 8.72 9.53 10. 17
GRNet'™ P 6.13 16.90 8.27 12.23 10. 22 14.93 10. 08 5.86 10. 57
CRNet™ I 3.38 13.17 8.31 10.62 10. 00 12.86 9.16 5.80 9.16
VRCNet™ = 3.94 10.93 6. 44 9.32 8.32 11.35 8.60 5.78 8.09
PointTr*" = 4.77 10.45 8.68 9.39 7.77 10. 83 7.91 7.19 8.37
SDTNet* ps 4.60 10.05 8.16 9.15 8.12 10. 65 7.64 7.66 8.25
Cycled. ™" 2 5.23  14.77 12,41  18.09  17.32  21.06  18.90  11.54  14.92
Shapelnve. = 5.65 16. 11 13.05 15.42 18.06 24.64 16. 27 10.13 14.91
LSLS-Net'™ = 3.90 13.50 8.70 13.90 15.80 14.80 17.10 10. 00 12.21

1 PR R AR MR A R CD X 10", 2. Completion3D %4 % J& T ShapeNet-part 1%
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K4 JR AR 4 T7 ik 45 2R X L

Fig.4 Comparison of the results of some shape completion methods

O BRI B 2 A T B . R, B
D JC X 4 0 M B TR IR b 22 05 0E AT 4R O Bk — 25 B
FERTT 1]

(3) BUA 5 15 ME LLHFE AR 40 715 2 47 4% 240 4h
G [AE AR AN T i IR A A A R A S S,
BV 4 A 0 A5 BE 7 SR S b VA A L B % N
mb . EREMEEREET MG S ER
RES AR o, B SRR R A B AR B R, M
Hb A B SR R R A AT 55 R

4 =g wite

g =B Rb 2T RELA KL T

VB ABG T 37 Serbh 4 i TAE SR 8D o — Iy T it
PRAE T A T IR AN 22, 550 b 2 B b 42 1 A
KX R 2 i 8™ o 55— Jr W AE T 5%
AT 55 A AN B R N R S A S RN A
3 AR B — o X R g B A i
PR

S G oAb e A DA B PR (H R R
Z AT BIBIE TS TAT MR 3 4 5 A 4 B ik P 47 1Y
RS, AU S G 2 Rl A L L TR
A B3 FRb A2 05 1 R T AR i B 5
Fh A gy gt R R R S TR . R
T, 7S SCORE X A 8 it A v B A AR Y 3k i A7

I 4RSS

Poisson reconstruction!'?  Voxlets*!) JENetB" Scan2CADP! O-CNNP3I CIRCLE®
(Kazhdan,2013)  (FirmanZ#,2016) (Dahnert%:,2019) (AvetisyanZ 2019) (WangZ£,2020) (ChenZ£,2022)
RAPter! SCNet®™ RANet™! SG-NN2 SPSGI”
(MonszpartZ,2015) (Dai%,2018) (AvetisyanZ,2019) (Dai%,2020) (Dai%,2021)

2013 2015 2016 2018 2019 2020 2021 2022

m— LT

e TR 257 10

el B D WV (ODARGA

K5 =4egstab a0k & D

Fig. 5
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Development history of 3D scene complementary methods
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4.1 ETHEEHYUESHNGRIEFTE

BEXS 3 5 i O XIS /NS, AT LA o S 14U
R T (X 2Rk AT b A AR
X5 ORGSR ARG 4 Ak 37 SRR L R d e
A . — AT A R R T S B B i T
AREHE FE PR — 41 CAD R K B A1 5 A58
PG 5 P B RAS R AT 57 B, LAk
PR R 22 1 7 3R W 6 s

K6 BALG 5
Fig. 6 Model fitting scenario

Avetisyan 5 H CAD X 55 /9 3 5 4b
40 Scan2CAD, H 56, % RGB-D #1475
B 3@ o Rl A (Volumetric Fusion) 77 2™ 4t
WA A5 B 3 KR, I8 Batty $2& {9 SDF -
Gen T HAIH CAD BB AT Sy . H
U, A BDCNN 24 ) I 5 X G A CAD BRI X 5
A NUE NG S o R I DO WA N2 I = =
T8 07 YRR 3 a2 oA 22 2 (Variational
Optimization Formulation, VOF) i 1k %t 5% # 2%
B B VEAE Scan2CAD & W TR T F
TRRAE B J7 3 A 3E T CNN ) J7 ¥ . Avetisyan
AL — b i ) s Y CAD 7RG 2R 6 5 Rk
RALNet, %8 k42 T AT fOBE =3 060 5 5w A
PR IUAR] S M SR s, I 38 1 4> 45 B M 4% (Fully Con-
volutional Network, FCN) — ¥ %} 55 7 5% = K
W FTA XS R AR KT, Dah-
nert 254 K A i A I 37 R Hh 42 O ik RTAR
JENet, #| 3 & 0 ¥ 75 % (Stacked Hourglass
Approach) 4T 47 5 vp 3 85 X RO 8 H 5L Ak
BRI CAD # AL i R R B =, DL o) — A e =
14 A S [T CAD BERLEG 2o 1 58 1 A 55 )
R FOKG B2 5 THD LG > I e Se i Y CAD R ALK R
P 12% . Zeng S5V H L T AU IR B 1 =
2 DT T 4 38 £F 3DMatch, 1% 53 7% 3 2 2% 2 Jm) 5
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23 () B 14 4 8 145 ok 7 Ry H = 4k K 1 Xz 56
Fo N T ARBONGREE 3R I T — R A AR
fiIE 24 2] J5 ¥ AE B 19 RGB-D 8 45 5 e 4R BUK
OO AR o S 4 R SR B IZR R A N AR
A Y R A LA DE E b R B R A, 38 AT Lz AL F
AN ) B AT 55 0 s o) RUEE

JAE I T RO 19 3 b 2 07 IR T
— 58 WY HERE IR X R TTE AR AR IR AT A B R
B, 2 A 4% W 4> 5T

(1) #6578 26 A5 7R AN RE A0 48 L 52 3 5 R Y
A X4

(2) 155 RUALL 5 5 15 %0 37 5% v 1 2 91 %) G kA
N (EDOR775 o RN i S I D o
51 1 58 D b T
4.2 ETERANBRINEHE

AT AF ST R EE 2 ) TR 4 RGB-D WLl
17 B v A 52 37 5 1 T vk 8 ORI IE Y
5t o e, T T4 5 B B PR 8 (Truncated
Signed Distance Function, TSDF )" fitj {4 2 4 %
2 i T B B b OB ORI S R IEE R,
K7 FR o

7 G5t i

Fig.7 Scene generation complementary

Dai % 4 H Al 0% 40 BT 2 LL 9] K/ ) 3 55
#h 4 W 2% SCNet., 1 %6, F RGB-D WLl i) Jay #F
Y 5 % FE 1L ok AR il 5 1 A2 B T SDF 4 4 1Y
Yy s 3R s ok, R 3DCNN #4735 5 A il #b
o FUORVR AN A ik AR TG PR oML B 20 00 SR M, 7E Kb
4 5T A R A BB BE 7 TR KR EE AR T, Fir
man S5 P — b g B Ak T 1Y) B o kb 4 B Tk
Voxlets, 55 #% 0 J2 it 1] 45 14 16 19 BE AL 2% Ak
(Structured Random Forest, SRF ) M J&y 355 W 1l )
R B e Al o o 8 SR IR o SR, 3 kb
4 Y R/ AL EE T T SR TR /N 1 3
Wang %577 $2 H 3 T N SR B 22 2% (Oc-
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Fig. 8 Comparison of the results of some scenario complementary methods
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Tab.4 Comparison of the main methods of 3D scene completion
3D X ; . X N EH
, R T5 14 i A B i 3k B Jey BR A GRS
A .
2 . X . Real-world
RAPter'*” Points FUAF-THES LI, 2 B, b 4 T AL/ S &
cans
B i e o .
o _ 1 AHE 0 0 047 R A RN 4 4 _
Poisson Points o Fandisk .Raptor /&
o £ IS
e FIA ST S X R A JEFR L AAAE H B ShapeNet  Scan-
Scan2CAD"* RGB-D—SDF . . =
SRy R, A BEATL I b 42 Net
. - FIA SR HN 9 [ iR BE XS 5% 8 ALE ShapeNet Scan-
BRI A RALNet™ RGB-D—>TSDF 2
TE H B ey BR A Net
. . SIAT I M2 AT 506 0y B2 2] 2= ShapeNet . Scan-
JENet™ RGB-D—Occ. Grid . ‘ =
A A (0], A7 TR R IR TR Net
” TEEE R E A £ 37 RN A2 SR 1T Xk A % ScanNet ,
SCNet™” RGB-D—TSDF M =
sz fe 2z SUNCG
. FIAGHALBEPLAR AR, 3 1 T 52 0 KN
Voxlets ™" Depth . NYUv2 . tabletop J&
S, A AT B Z R
i . R . o ShapeNet .,
O-CNN'™ Points UK 5] 5 B B BROZE 4 R, Bk =32 Al SUNCG 2
I E . . o
. A T SO BB 1 1 Wl b 4 7
SG-NN* RGB-D—TSDF . o Matterport3aD &
% A B R
e , [F] Hof b 4 37 S LT AN B 6 45 B 0 A W 7 ShapeNet . Mat-
SPSG RGB-D—TSDF o e Eh
L AN PR Z IR terport3D
. _ 31 SDF fif fih 7 A1 AT 3l o Bt A e, B =2
CIRCLE™ RGB-D—Points o . Matterport3D &
HAE R B
®5 SUNCCHEELMAAENEELER
Tab.5 Quantitative results of partial methods on the SUNCG dataset
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Fig.9 Development history of 3D semantic scene complementation methods
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Tab. 6 Comparison of the main methods of 3D semantic scene completion
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Tab.7 Quantitative results of partial methods on the NYUv2 dataset
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Fig. 12 Comparison of the results of some semantic scene completion methods
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